
FLEXMETER 646568 D6.4 Report on evaluation against defined 

metrics and scaling issues 

 H2020-LCE-2014 

 
Public 

  

H2020-LCE-2014-3 
FLEXMETER 

Flexible smart metering for multiple energy vectors with 

active prosumers 
 

Project Duration 2015-01-01 – 2017-12-31 Type CP 

 

 

WP no. Deliverable no. Lead participant 

WP6 D6.4 RWTH 

Report on evaluation against defined metrics and 

scaling issues 

Prepared by Marco Pau 

Issued by FLEXMETER Project Office 

Document Number/Rev. FLEXMETER/D6.2/V1.0 

Classification Public 

Submission Date 2017-xx-xx 

Due Date 2017-12-31 

This project has received funding from the European Union’s Horizon 2020 research and innovation 

programme under grant agreement no. 646568 

 

©Copyright 2015 POLITECNICO DI TORINO, IREN ENERGIA SPA, 

STMICROELECTRONICS SRL, TELECOM ITALIA, RHEINISCH-WESTFAELISCHE 

TECHNISCHE HOCHSCHULE AACHEN, INSTITUT POLYTECHNIQUE DE 

GRENOBLE, UNIVERSITATEA POLITEHNICA DIN BUCURESTI, SIVECO ROMANIA 

SA, ALMA MATER STUDIORUM – UNIVERSITA’ DI BOLOGNA, E-ON SVERIGE AB. 



FLEXMETER 646568 D6.4 Report on evaluation against defined 

metrics and scaling issues 

 H2020-LCE-2014 

 

This document and the information contained herein may not be copied, used or disclosed in 

whole or in part outside of the consortium except with prior written permission of the partners 

listed above. 

 

Document 

Title Press Release 

Type Deliverable 

Ref D6.4 

Target version V1.0 

Current issue V1.0 

Status ToC 

File D6.4_flexmeter_v1.0.doc 

Author(s) Marco Pau (RWTH), Edoardo Patti (Polito), Luca Barbierato (Polito), 

Million Mengistu (Polito), Enrico Pons (Polito), Abouzar Estebsari 

(Polito), Edoardo Fadda (Polito), Davide Brunelli (UNIBO), Federico Boni 

Castagnetti (Iren), Ennio Grasso (TIM), Ana-Maria Dumitrescu (UPB) 

Reviewer(s) All 

Approver(s) Andrea Acquaviva 

Approval date 2017-12-xx 

Release date 2017-xx-xx 

 

Distribution of the release 

Dissemination level PU 

Distribution list  All Consortium 

 

  



FLEXMETER 646568 D6.4 Report on evaluation against defined 

metrics and scaling issues 

 H2020-LCE-2014 

 

Contents 

Document ................................................................................................................................................ 2 

Distribution of the release ........................................................................................................................ 2 

Contents .................................................................................................................................................. 3 

 Executive Summary ..................................................................................................................... 5 

 Introduction .................................................................................................................................. 6 

 User awareness ........................................................................................................................... 8 

 Non-Intrusive Appliance Load Monitoring ................................................................................... 9 

 Scenario Description for On-line NIALM ................................................................................. 9 

 Accuracy metrics used to evaluate On-line NIALM ................................................................. 9 

 Evaluation of On-line-NIALM performance ............................................................................ 10 

 Results of On-line NIALM in Turin pilot site ........................................................................... 13 

 Evaluation of On-board NIALM performance ........................................................................ 18 

 Scalability analysis ................................................................................................................ 20 

4.6.1 On-line NIALM (Smart Meters Type A): ................................................................................ 21 

4.6.2 On-board NIALM (Smart Meters Type B): ............................................................................. 23 

 State Estimation and Network Topology Reconfiguration ......................................................... 27 

 Analysis of smart meter based SE performance ................................................................... 29 

5.1.1 Voltage profile accuracy ........................................................................................................ 30 

5.1.2 Power flow accuracy .............................................................................................................. 33 

 Description of the testing scenario ........................................................................................ 35 

 Evaluation of SE performance ............................................................................................... 39 

 Evaluation of the Network Topology Reconfiguration service ............................................... 42 

 Evaluation of communication performance ........................................................................... 45 

 Fault location ............................................................................................................................. 47 

 Scenario description .............................................................................................................. 47 

 Benefits analysis of smart meter based fault detection and location .................................... 47 

 Storage integration and management ....................................................................................... 51 

 Scenario description .............................................................................................................. 51 

 Evaluation of technical and economical results ..................................................................... 51 

 Evaluation of real-time storage management strategy .......................................................... 55 

 Load balancing and demand response ..................................................................................... 59 

 Description of Demand Response testing scenario .............................................................. 59 

 Evaluation of Demand Response results .............................................................................. 61 

 Description of Demand Side Management testing scenario ................................................. 63 



FLEXMETER 646568 D6.4 Report on evaluation against defined 

metrics and scaling issues 

 H2020-LCE-2014 

 
 Evaluation of Demand Side Management benefits ............................................................... 66 

 Scalability and computational performance analysis ............................................................ 72 

 Heat pumps management ......................................................................................................... 74 

 Integration of HP management service into FLEXMETER platform ..................................... 74 

 Description of the scenarios for the simulations .................................................................... 76 

 Evaluation of the technical benefits for the HP management service ................................... 79 

 Conclusions ............................................................................................................................... 84 

References ............................................................................................................................................ 86 



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 5 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

 Executive Summary  

The smart metring software architecture developed along the FLEXMETER project allows the integration of 

many services addressed to both customers and Distribution System Operators. All these services are enabled 

by the collection, through the FLEXMETER cloud-based infrastructure, of measurements or other data coming 

from the smart meters or from possible smart appliances available at the customers’ premises. This Deliverable 

provides an overview of the results obtained for the different services developed and tested during the project. 

For each of the use cases analyzed in the Deliverable, a description of the reference scenarios used for the 

assessment is provided and the evaluation of the actual or potential benefits provided by the considered 

service is discussed. The evaluation is made by referring to specific metrics that allow highlighting the added 

value brought by the implementation of the service in a current or future scenario. Since scalability and (near) 

real-time data communication are among the main characteristics of the designed software infrastructure, 

scalability and communication performance have been also tested for the most demanding services. These 

results are thus included together with the more strictly technical evaluation of the service, in order to prove 

how the designed FLEXMETER infrastructure allows the effective integration of the developed services and 

to underline the requirements needed for the long-term running of specific services in the platform. 
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 Introduction  

To enable the real transition towards the so-called smart grids, one of the key requirements is the availability 

of a suitable measurement infrastructure that allows gathering the measurement information available from 

the field while giving, at the same time, an easy access to those data to foster the development of innovative 

services based on the use of the measurement information. The focus of the FLEXMETER project has been 

on the development of a cloud-based infrastructure that allows the above-mentioned actions, namely the 

collection of data from heterogeneous devices deployed on the field and the development of micro-services 

that can easily access the needed information using standard interfaces. Relying on this platform, a number 

of applications can be developed aimed at providing a service to the final customers, directly to Distribution 

System Operators (DSOs), or to other interested third parties/stakeholders (e.g., retailers, energy aggregators, 

energy service companies, etc.).  

During the project, several use cases that can be built on top of the designed measurement infrastructure have 

been developed and tested. Table 1, reported at the end of this Section, gives the list of use cases that is 

presented in this Deliverable. The type of use cases taken into account covers a wide range, going from 

applications that could be immediately deployed and provided (e.g., user awareness, distribution system 

monitoring), moving to services for which the business case is currently under investigation (e.g. Non-Intrusive 

Appliance Load Monitoring - NIALM), and arriving to more futuristic services which, while technically 

implementable, cannot be still applied on the field (at least in a short-term time horizon) due to regulatory 

barriers, lack of the needed hardware components, or other possible limitations (e.g., storage management, 

demand response, heat pumps management).  

In this Deliverable, an overview of the results achieved through the testing of the different use cases is 

provided. The aim of this Deliverable is twofold. From one side, the technical evaluation of the developed 

services against defined metrics allows highlighting the current or potential value of the service for the recipient 

(in most of the cases, the DSO). This allows highlighting the improvements achievable from a technical 

perspective when having a proper infrastructure to retrieve the measurement data from the field. On the second 

hand, some of the use cases have particular requirements, like the need of fast bi-directional communication, 

availability of large data storage capabilities, etc. In these cases, specific tests have been performed to 

evaluate the capability of the designed software infrastructure in fulfilling those requirements. Related results 

serve thus both as a confirmation of the capability for the FLEXMETER infrastructure to accommodate those 

specific services, and as a general analysis to underline the particular requirements to be considered for the 

design of the overall infrastructure.  

In the following, obtained results are presented for each use case under test. For the use cases that have not 

been deployed on the pilots, tests are performed in a real-time simulation environment, using the simulation 

platform described in the Deliverable D6.1. For each use case, the particular scenario considered for the 

service evaluation is first described, also to give the picture of the particular conditions, or the specific 

situations, where the use of the considered service can be important. The Sections from 3 to 9 are dedicated 

to the different use cases, while Section 10 summarizes the overall considerations that can be drawn from the 

performed tests and analysis and gives the final comments on the lesson learnt during the deployment, 

development and testing activities made over the project. 
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Table 1 - Final list of the evaluated use cases 

Item FLEXMETER Use Case Owner Service to Validation on 

1 User Awareness IREN Final customer Data from the pilot 

2 NIALM IREN / UNIBO Final customer Public benchmark + pilot 

3 State Estimation RWTH DSO Real-time simulation 

4 
Network Topology 

Reconfiguration 

POLITO / 

RWTH 
DSO Real-time simulation 

5 Fault Location POLITO DSO Real-time simulation 

6 Storage Integration UPB DSO Simulation 

7 
Dynamic Storage 

Management 

POLITO / 

RWTH 
DSO Real-time simulation 

8 
Load Balancing & Demand 

Response  

TI / POLITO / 

RWTH 
DSO Real-time simulation 

9 Heat Pumps Management RWTH DSO Real-time simulation 
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 User awareness 

User awareness is one of the main services offered by the FLEXMETER cloud platform developed during the 

project. In fact, measurement data are collected and stored into the FLEXMETER cloud databases and they 

can be retrieved at any time by authorized users using the open APIs available to access the platform. 

FLEXMETER also developed the Graphical User Interfaces that customers can use to check their electricity 

data. FLEXMETER user awareness tools aim at providing to the final customers a clear understanding of the 

trend of their energy consumption. This is deemed of paramount importance to trigger a more careful and 

responsible use of energy by the end-users, finally leading to the reduction of energy waste and to the 

improvement of energy efficiency. The FLEXMETER platform not only provides these functionalities, but also 

allows the generation of more detailed information about the energy behaviour of customers, thanks to the use 

of additional micro-services integrated into the platform. An example in this direction is given by the NIALM 

algorithms (discussed in the next Chapter), which allow having the disaggregation of the overall energy 

consumption into the consumption of the main appliances present at home. This permits monitoring the 

distribution of the energy usage among the most energy-hungry devices, possibly detecting inefficient 

appliances or identifying potential actions to save energy. Moreover, the availability into the same platform of 

the data processed by different micro-services also allows crossing data to generate statistics, to determine 

the average behaviour of specific classes of customers, and so on. This information can be exploited, for 

example, to indicate to the customer if he/she is more energy efficient than the other customers belonging to 

the same category, or to compare energy consumption data of specific appliances to the corresponding data 

of similar customers (or a representative benchmark). 

Among the tools developed during the project to give user awareness, it is worth reminding the following ones:  

 Android app: it allows consulting the consumption data related to different utilities via smartphone; it 

also integrates the disaggregated information provided by the NIALM algorithm (see Deliverable D2.3 

for more details). A video presentation of the functionalities provided by this app is also available at 

the following link: https://www.youtube.com/watch?v=WfE2WPdDA7I 

 Web portal: it allows visualizing the data on the web and provides features for checking the energy 

consumption at different aggregation levels (see Deliverable D2.1 for more details). 

 

  

https://www.youtube.com/watch?v=WfE2WPdDA7I
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 Non-Intrusive Appliance Load Monitoring 

As documented in D4.2, the FLEXMETER project developed two types of Non-Intrusive Appliance Load 

Monitoring (NIALM):  

 On-line NIALM: this is the solution adopted in the Midori project [1]. The main advantage of this solution 

is the availability of the raw data also for off-line processing. This permits to execute post-analysis or 

to change dynamically the algorithm with an updated version or a customised version. The main 

drawback of such a solution is the huge deluge of data that has to be transferred to the database using 

the available communication infrastructure. This scaling factor, including the cost of a dedicated 

computation for each customer on the cloud, will be the major threat to address. 

 On-board NIALM: this is the algorithm used by UNIBO smart meters. The main advantage of this 

solution is the capability to process the huge amount of information directly on board, such that the 

communication overhead is reduced to few and essential information. The evolution of high-processing 

embedded CPU are fast pacing towards ultra-low cost platforms, and all the proposed NIALM 

algorithms can be easily implemented on-board, with the best trade-off in terms of energy spent for 

computation (measured GFLOPs per watt). The main drawback of such a solution is that raw data are 

not logged permanently, but are overwritten periodically with new raw data to analyse. 

 Scenario Description for On-line NIALM 

Several experiments were conducted to characterize the proposed On-line-NIALM algorithm in view of its 

implementation on real scenarios. Three different public datasets were used to assess the accuracy 

estimations for load classification and energy consumption of the service: the Reference Energy 

Disaggregation Dataset (REDD) [2], the UK Domestic Appliance-Level Electricity (UK-DALE) [3] and the REFIT 

Electrical Load Measurements dataset [4]. The REDD dataset contains low-frequency power data for 6 houses 

in US and includes the main and the individual labelled circuits in the houses. In particular, plug-level monitors 

have been used to take appliance measurements at a frequency of 1/3 Hz (see [5] for more details). To match 

these readings with the measurements at the main circuit, which is sampled at 1 Hz, 4 seconds interval have 

been used on both the mains and the plug levels for on-line disaggregation. This dataset is one of the most 

widely used by NIALM researchers to evaluate different possible approaches. The UK-DALE dataset has 

instead power demand records from 5 houses in UK where in each house the mains are sampled at 1 Hz and 

the appliances data samples are taken every 6 seconds (see also [6]). To merge the data of the mains with 

the available samples of the appliances, the real power measurements of the mains have been down-sampled. 

Finally, the REFIT dataset provides data with 8 seconds time resolution coming from 20 houses in UK.  

 Accuracy metrics used to evaluate On-line NIALM 

The evaluation of the accuracy for the On-line NIALM is performed according to the classification metrics 

shown in the following equations (1)-(4), which are based on True Positive (TP), True Negative (TN), False 

Positive (FP) and False Negative (FN) indexes. Such indexes analyse how well the algorithm can identify 

appliances switching ON or OFF. TP refers to the number of times a device is correctly identified as ON, while 

TN is the number of correctly captured OFF events. On the contrary, FP stands for the case where an ON 
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state is reported while the appliance is actually not consuming power, while FN gives the number of incorrectly 

assigned OFF events.  

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

 𝐹1 = 2 ∙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

The Accuracy metric in (1) gives the idea of how many events are correct among the whole list of detected 

events. The Precision in (2) denotes the ratio of TP in the universe of all the examples assigned as positive, 

while the Recall in (3) is the ratio of TP in the universe of all positive examples in the dataset. The F1-score 

given by eq. (4) is instead a measure of the tests accuracy and is obtained by calculating the weighted average 

of the precision and recall metrics. It calculates the percentage of energy correctly assigned to each appliance 

in the dataset. A higher F1-score value thus indicates a better identification of the appliances. In addition to 

these metrics, the Mean Absolute Error (MAE) and Fraction of Energy Correctly Assigned (FECA), defined by 

equations (5) and (6), have been also adopted for the evaluation. These parameters are non-event based 

metrics indicative of how well a load-disaggregation system is able to compute and assign the energy 

consumption. 

 𝑀𝐴𝐸 =
1

𝑙𝑒𝑛(𝑇)
∙ ∑ |�̂�𝑡

(𝑖)
− 𝑦𝑡

(𝑖)
|

𝑇

𝑡=1

 (5) 

 𝐹𝐸𝐶𝐴 = 1 −
∑ ∑ |�̂�𝑡

(𝑖)
− 𝑦𝑡

(𝑖)
|𝑛

𝑖=1
𝑇
𝑡=1

2 ∑ �̅�𝑡
𝑇
𝑡=1

 (6) 

where �̂�𝑡
(𝑖)

 and 𝑦𝑡
(𝑖)

 are the estimated and ground-truth power for the i-th device at time step t, respectively, 

and �̅�𝑡 is the aggregated power at time t. The Mean Absolute Error is calculated by taking the absolute 

difference between the totally predicted energy and the ground-truth one. The Fraction of Energy Correctly 

Assigned is instead used to evaluate the accuracy performance.  

 Evaluation of On-line-NIALM performance  

This section presents the disaggregation results obtained for the On-line NIALM exploiting the REDD, UK-

DALE and REFIT datasets. Table 2 details the performance indicators achieved by running the tests on these 

datasets. As shown in Table 2, across the three datasets, the F1-score gives the best results for refrigerators, 

air-conditioner, freezer, TV and washing machine with values higher than 0.70. On the other hand, toaster and 
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electronic devices have a lower F1-score, around 0.25, due to misclassification that occurred because of non-

uniform pattern of these devices.  

Table 2 - On-line NIALM disaggregation performance 

 

Table 3 shows the estimated and true (or real) energy consumed for the three datasets averaged over the 

houses and over the evaluation duration. Such “aggregated” charts have significant value above all in view of 

the commercialization of the service, for providing this type of feedback to the end-users. As shown in Table 

3, nine types of appliances are identified in the REDD dataset. On-line NIALM correctly estimates 79% of the 

total energy compared with the ground-truth contribution for all the devices, except for the oven. The energy 

consumption estimation of the oven is overestimated of about 11% in House-1 due to high amount of false 

positives at 4000 watts as given by the designed method. On-line NIALM estimates the energy contributions 

of refrigerator and microwave with a difference of around 5%. Whilst, the lowest percentage estimation is given 

by stove, dishwasher and bath at about 1%. Regarding the five houses in UK-DALE, the highest energy 

demands mostly come from the refrigerator and dishwasher, which is around 38% and 30%, respectively. The 

On-line NIALM is able to infer the energy consumption of these devices at 32% and 22% respectively. As 

shown in the Table 3, seven appliances were identified in House-8 for the REFIT database. The energy 

contribution of washing machine and freezer to the overall consumption is 42% and 17%, respectively. On-line 

NIALM underestimates the disaggregation of the washing machine of about 7% due to the false positive of the 

heat cycles. Whilst, it overestimates the disaggregation of the freezer of about 7%. Looking at the overall 

performances for all the seven appliances, the On-line NIALM is able to estimate energy consumed by these 

appliances with an accuracy of 78%.  
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Table 3 - True and estimated energy contribution for single appliances 

 

Finally, Table 4 reports the performance of the On-line NIALM solution when applied to the UK-DALE dataset 

of House-1 for the four seasons in 2013. All the six metrics highlight that the disaggregation performance of 

the On-line NIALM is consistent across the seasons. Indeed, F1-score ranges: i) between 0.70 and 0.81 for 

the kettle, ii) between 0.18 and 0.46 for the lighting; iii) between 0.71 and 0.81 for the refrigerator and iv) 

between 0.83 and 0.91 for the washing machine. Whilst, microwave and dishwasher performance are almost 

constant across the seasons and F1-score is about 0.34 and 0.50, respectively. Table 5 shows the estimated 

and the consumed true energy averaged over each season in House-1. The energy estimation among the 

seasons for the kettle, microwave and washing machine and dishwasher is almost constant and the error 

ranges between 0% and 3%. Whilst, the energy estimation error for the refrigerator ranges between 7% in 

springer and 13% in winter. The estimation of the light gives the largest consumption difference, up to 16% in 

winter.  
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Table 4 - Seasonal Disaggregation for UK-DALE’s House-1 

 

Table 5 - Seasonal energy contributions for UK-DALE’s House-1 

 

 Results of On-line NIALM in Turin pilot site 

To test the On-line NIALM in the Turin pilot, the architectural infrastructure depicted in Figure 1 of 

Midori/Ennova IoT solutions has been used. The Midori meter is a device for the transmission of active and 

reactive power in single-phase scenarios over Wi-Fi connection. A current transformer and a power supply 

plug are connected to a central box to acquire, respectively, current and voltage at 1Hz sampling frequency. 

A computational custom board inside transforms those samples in active and reactive power. Data are then 

sent to the FLEXMETER cloud infrastructure for feeding the On-line NIALM algorithm.  
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Figure 1: Integration of On-line NIALM with the FLEXMETER cloud infrastructure. 

Midori meter transmits data over Wi-Fi network generated by the Ennova Hub that, finally, mirrors them to the 

FLEXMETER cloud, using mobile protocol connection. The FLEXMETER cloud stores all the received data. 

Then, the following set of procedures are done on the Midori server side: 

 a process is scheduled every day, aimed to import from FLEXMETER (via API calls) and locally save 

burst of 24 hours data for every house under test; 

 a process runs the NIALM disaggregation algorithm on the imported data, returning and locally saving 

the output results (e.g. time of starting on and off, energy consumption, load category breakdown, 

etc.); 

 the results are finally sent back to the FLEXMETER cloud by means of API calls and stored there, 

making them ready to be used by third-party applications. 

The results of the On-line NIALM algorithm stored in the FLEXMETER infrastructure are also made available 

for being displayed on web tools (i.e. WebApp, Mobile APP) in order to generate an end-user service with the 

goal of increasing user awareness on energy usage at home. Every day, the user is able to discover how much 

energy the analyzed appliances have consumed and this is a fundamental step for activating energy efficiency 

programs. 

The tests on the pilot site in Turin have been made by monitoring 5 houses for different time periods. The 

following table provides the list of houses with the details on the performed monitoring. 
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Table 6 – List of houses under test in Turin pilot 

House ID 
Number of days under 

testing 

Number of days w/ 

valid measures 

Number of analyzed 

days 

21 117 114 98 

41 78 38 38 

44 62 33 33 

46 69 66 65 

56 26 20 19 

Besides the House IDs, the second column indicates the length of the test period, while the third column gives 

the number of days with correct data received from the metering system installed and the last one the number 

of days correctly analyzed by the On-line NIALM algorithm. The difference between the first two values 

indicates the goodness of the measuring system and the relative capacity to correctly measure and transmit 

data, while the difference between the last two reveals issues in the analysis performed by the NIALM 

algorithm, due to troubles on server side. The current version of NIALM algorithm is highly sensitive to the lack 

of measured data received from the houses. This is because it works analyzing long time windows (up to 24 

hours) in order to find the complete operations made by appliances. This means that, if 30-minutes data are 

missing during a 2-hours washing cycle, the NILM algorithm loses the strong time correlation of consecutive 

events present during the operations. This is also valid for other complex devices, like dishwasher for example. 

For this reason, a crucial requirement for having a reliable analysis is to get at least 84.000 samples per day, 

without data gaps longer than a few minutes, measured by the installed metering system. For a better 

explanation of this problem, it is possible to refer to the following Figure 2, which shows a 50 minutes missing 

data during a washing machine operation. It is evident how the gap introduces a problem in detecting the 

washing machine presence. 

 

Figure 2: Example of data collection with missing data during a washing machine event. 
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In the following, the main results achieved through the On-line NIALM disaggregation algorithm, for each one 

of the houses under test, are presented. Table 7 gives the overview of the identified cycles for the considered 

appliances in each house. 

Table 7 – Identification of appliance cycles in the houses under test 

House ID WM cycles 
Daily 

fridges 
DW cycles 

MW 

cycles 

Aggregated 

energy 

[kWh] 

Estimated 

energy 

[kWh] 

Standby 

energy 

[kWh] 

Detected 

energy 

[%] 

21 34 97 28 70 266.65 113.34 42.68 59 

41 3 38 8 31 136.75 44.17 12.83 42 

44 29 32 8 10 193.16 35.66 21.12 30 

46 2 65 0 38 333.44 47.15 67.64 35 

56 9 19 0 16 164.22 22.06 31.85 33 

 

For each house ID, Table 7 shows: 

 WM cycles: number of detected washing machine cycles; 

 Daily fridges: number of days where the fridge operation is detected; 

 DW cycles: number of detected dishwasher cycles; 

 MW cycles: number of detected microwave oven cycles; 

 Aggregated energy: total energy consumed in the house as detected by the installed metering system; 

 Estimated energy: energy detected from the On-line NIALM algorithm associated to the previously 

mentioned appliances (washing machine, fridge, dishwasher, microwave oven). 

 Standby energy: is the background energy consumed in the house due to the minimum constant power 

level absorbed in the apartment (like standby led, Wi-Fi router, etc.). Fridge consumption is excluded 

by the standby evaluation; 

 Detected energy: percentage of energy detected by the On-line NIALM algorithm with reference to the 
aggregated energy consumption of the house. 

It is important to notice that the goal of the pilot was the detection of the four main devices listed before (fridge, 

washing machine, dishwashers and microwave) added to the background energy of the apartment, i.e. the 

standby energy. The previous table shows that the On-line NIALM algorithm was able to extract from 30% up 

to 59% of the aggregated energy consumption just including those appliances. This percentage will grow up 

when including all the other medium-high power devices typically available in an apartment (i.e. electrical oven, 

air conditioner, water heater) that were not included in the current tests. To do this, a specific user-oriented 

service should be designed in order to involve people in the labelling and device-recognition process. The 

main strategies that could be conceived are:  

 a supervised system permitting people to activate and de-activate the appliances according to a 

specific pattern, in order to get the device-specific electrical fingerprint; 

 a semi-supervised system based on questions sent to users on a mobile APP asking them to label the 

“unknown” appliances found by the NIALM algorithm. 
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Recently a second version of the On-line NIALM algorithm has been released including this second approach 

to involve the customers in the first stage of appliance recognition. This has been possible thanks to the 

important experience developed in the FLEXMETER project. 

In the following table, an example of daily load recognition automatically made by the On-line NIALM algorithm 

is shown. The load profile refers to house 41. 

Table 8 – Example of daily load recognition 

 Energy [Wh] Starting time Ending time 
Peak power 

[W] 

Standby energy 456 - - - 

WM 581 10:42 12:01 2114 

DW 1079 20:20 21:56 2026 

Fridge 595 00:00 23:59 75 

MW 61 10:10 10:13 1330 

Total energy 

detected 
2772   

 

Aggregated 

energy 
3667   

 

Other energy 

not detected 
895   

 

 

As it is possible to see, the NIALM detection is able to extract multiple information about device usage and 

consumption, as well as time period of activation, absorbed power and consumed energy; these are 

fundamental data for enabling energy management systems or user profiling processes. 

The use of the Turin pilot has been very important for improving the NIALM algorithm and detecting bugs. In 

the following we present a list of main issues that have been solved (or with fixing in good progress) during the 

FLEXMETER project through the feedback given by involved customers: 

 Edge detection issue: the current version of NIALM algorithm analyzes 24 hours data from 00:00 to 

23:59. If a device operation is made at around midnight it’s divided in two parts (one in the day before 

and the other in the day after). This issue is being solved by extending the analyzing time window to 

more than 24 hours (e.g. 28 hours), including a portion of the following day. 

 Fridge Energy underestimation: in some conditions of strong overlapping, it happens that some fridge 

cycles are not detected. This causes an underestimation of fridge energy consumption. This is being 

solved by increasing the accuracy of the Fridge detector, recovering missing cycles during strong 

overlapping time periods. 

 Missing Dishwashers: due to wrong parameter settings, dishwashers were not detected well in some 

apartments during the first months of pilot experiment. This issue has been solved changing some 

time constraints set at the beginning. 
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 Firmware bugs: there was a bug in the first firmware release of metering systems installed, causing 

periodical reboots with frequent Wi-Fi unpairing. With the second released version, this problem has 

been mitigated forcing a quick reboot of just an internal process in case of malfunctioning scenarios. 

In this way, the Wi-Fi connection is able to remain up. 

 General improvements: as long as the experiments were ongoing, the general performances of the 

NIALM algorithm have constantly been updated in terms of event detection and energy estimation, as 

well as fixing blocking and minor bugs. 

During the project, two main features have been introduced by Midori for being included in the mobile APP 

developed by Ennova. They are internally called Phase1 and Phase2. In the following they are described. 

Phase 1: this feature introduces a preliminary energy check-up that allows users to quickly see an estimation 

of average yearly consumption of the main appliances at home, after filling a simple and quick survey about 

the following: I) types of appliances at home and their main characteristics (e.g. age of the appliances, 

capacity); II) typical behaviour of people in using the appliances (e.g. average number of washing cycles per 

week); III) the characteristics of the house (e.g. size, location); IV) information about people living there (e.g. 

number of people); V) data on yearly energy consumption of the houses in test, provided by AEM DSO. Midori 

has been developing an energy model describing the yearly energy consumptions of the main appliances. This 

allows people finding the efficiency level of their house and discover the more relevant actions to do for 

reducing energy waste. The final goal of this Phase 1 is providing tailored advice on how to reduce energy, 

finding the appliances models with highest efficiency for replacing the less efficient ones. The results of Midori 

analysis are displayed in the mobile APP developed by Ennova. 

Phase 2: this is an extension of Phase 1, which enables people to get every month an updated estimation of 

energy usage at the appliances level. To do this we have applied the same model used in Phase 1 and updated 

some information every month for giving people more granular results in time. The information needed for 

Phase 2 (in addition to what described in Phase 1) is the following: I) monthly aggregated energy consumption 

for each house in test provided by AEM DSO; II) monthly updated information on appliances usage behaviour. 

The final goal of Phase 2 is to update every month the estimation on appliances energy usage, stimulating in 

people an increased awareness on how they use them. The survey filling process is very short, because 

designed as a quick update of information provided in Phase 1. Every month we also provide to the APP the 

variation in energy usage compared to the previous month and to other users belonging to the same cluster. 

Clustering the users allows to compare similar houses in terms of monthly consumption (for “similar” here we 

intend similar houses (e.g. size, location) with similar people inside (e.g. number of people) and similar 

appliances (e.g. those having an air conditioning system cannot be compared with houses without it)). 

 Evaluation of On-board NIALM performance 

Working with embedded solutions always poses some limitations and challenges due to both space restriction 

and low processing power. To this end, the NIALM script descripted in D4.2, originally developed with 

MATLAB, has been optimized and ported in a C version for the SoC of the meter designed in the project. The 

set of used features has been reduced to meet the memory constraints of the embedded system. During run 

time, only 150 kB of RAM are available to the user, as part of the RAM is reserved for the underlying operating 

system. The main challenge was to fully exploit the serial flash, and dynamically load data only when needed. 



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 19 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

The node is also configured to connect to the Wi-Fi network only when it needs to stream the acquired data to 

decrease the RAM impact of the network subroutine.  

During the implementation of the algorithm (from Matlab script on the SoC with a C version), we reduced the 

number of features used to identify an appliance; then we have encompassed the optimization of the moving 

average function, used also for calculating some features such as the rise and settling time of an event, and 

also the implementation of the Power Spectral Density function for extracting potential cyclical behaviour from 

the aggregated current consumption. 

The list of the features elaborated by the smart meter and used during the NIALM real-time elaboration are:  

 Transient state consumption [VA], average consumption in transient state of an appliance when it   

switches ON.   

 Steady state consumption [VA], average consumption in steady state of an appliance.  

 Peak consumption value [VA], the maximum consumption value of an appliance.  

 Minimum consumption value [VA], the minimum consumption value of an appliance.  

 Settling time, expressed as number of samples, the time required to reach and stay within a range of 

about 5% of the average power in steady state.  

 Rise time, expressed as number of samples, the time required to rise from 10% to 90% of its steady 

state value.   

 Periodicity, if an appliance exhibits a cyclical behaviour, like, for example, the spinning motor inside a 

washing machine, this feature states the frequency of the cycle.    

 Minimum ON time, the minimum number of samples that an appliance stays in ON state.    

 Maximum ON time, the maximum number of samples that an appliance stays in ON state. 

The database of features for the whole set of appliances, once loaded on the memory accounts for less than 

1KB. With these improvements, about 150 kB of free RAM and more than 3MB in serial flash are available on 

the meter for running the features extraction algorithm followed by the load identification (NIALM). The 

development of the proposed smart meter was driven by the idea to provide a cost-effective solution that could 

be attractive in the consumer marker, which could also be easy to install and maintain.  

We evaluated the load identification performance by installing the smart meter inside real houses. The smart 

meter was connected on the main electrical panel of each residential unit, monitoring the global current 

consumption. During this period, we recorded, among others, events associated to 6 different appliances; 

Coffee Machine, Electric Heater, Fridge, Hair Dryer, Microwave Oven and Washing Machine.  

Table 9 shows testing results using the proposed smart meter. True detected ratio expresses the number of 

times the algorithm has correctly detected an appliance. This ratio is calculated by comparing the number of 

real appliances state changes, manually extracted from the aggregated consumption, and the number of 

appliances state changes provided by the load identification algorithm. False detection ratio expresses the 

number of times the algorithm has associated a known appliance (i.e. that is in our database) to a wrong one. 

False Positive and False Negative express, respectively, the number of times the algorithm has detected that 

an appliance has switched ON after the right moment and the number of times that the algorithm has detected 

that an appliance has switched OFF before the right moment. 
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Table 9 – Load Identification Performance of the On-board NIALM meter 

Appliance True detected False Detected False Positive False Negative 

Coffee Machine 97,71% 1,17% 2,34% 3,51% 

Electric Heater 100% 0% 8,33% 8,33% 

Fridge 92,73% 0,71% 23,75% 4,04% 

Hair Dryer 83,33% 26,67% 26,67% 0% 

Microwave 79,27% 0% 3,08% 1,54% 

Washing Machine 100% 8,33% 0% 75,00% 

Total 92,17% 6,15% 10,69% 15,40% 

 
 

As can be noted from Table 9, the average correct detection ratio is over 90%, which is in line with more 

complex and off-line load identification algorithms. However performance in detecting when the Washing 

Machine switches OFF needs to be improved.  

Figure 3 shows an example of the type of graph that can be acquired and processed, with the information 

provided by the On-board NIALM meter. In the figure, a portion of aggregated power trace is presented along 

with the detected events and associated appliances state change.  

 

Figure 3: Example of appliances recognized by real-time load monitoring meter (On-board Meter). 

 Scalability analysis 

In this section, we present an analysis about the smart meter traffic that needs to be handled when a specific 

algorithm, namely the NIALM algorithm, is applied to a large number of smart meters. This algorithm allows 

making conclusions with respect to the electrical appliances that are used each time moment at a house. The 

analysis of the data for specifying the used electrical devices can be done at a central point (cloud – On-line 

NIALM) or by the smart meter itself (On-board NIALM). For the latter occasion, updates are sent by the smart 

meter to the cloud with respect to the changes in the appliances status of the house. The whole procedure of 

data collection, processing and analysis is done by the FLEXMETER platform.  
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In this section we analyse the traffic sent by both types of smart meters (implementing the On-line or the On-

board NIALM service, respectively), in an attempt to identify the amount of data needed to be handled at the 

control centre. 

4.6.1 On-line NIALM (Smart Meters Type A):  

Smart Meters Type A are the ones that send all the data to the cloud to be processed with the On-line NIALM. 

In order to identify the signature of each electrical device, real-time data is required. Since this procedure is 

done at the cloud, the smart meters need to send real-time data. As a worst case scenario we assume that 

each message will have the size of 20 bytes and that such packets are needed to be transmitted every second. 

So, the resulting traffic rate for one smart meter will be maximum 20 bytes/sec. This data can be stored and 

used for deriving conclusions regarding the consumption profile of the consumers.  

As a first step, we simulate the traffic that arrives at the cloud in one hour and in one day (24 h) from one smart 

meter. Figure 4 shows this case. We take into account that the size of the message can vary from 4 to 20 

bytes and such messages arrive at a rate of x bytes/sec, where xϵ[4, 20]. We consider a step of 2 bytes for 

the simulation.  

Further on, we show the traffic that arrives to the cloud if a large number of smart meters employ the NIALM 

algorithm, i.e. 200000, 500000, 1∙106 smart meters, as illustrated in Figure 5. Again the traffic is considered to 

arrive at the rate of x bytes/ sec, where xϵ[4, 20] with a step of 2 bytes for the simulation.  

 

Figure 4: Traffic arriving from one Type A smart meter to the cloud in one hour and in one day (24 h). 
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Figure 5: Traffic arriving from a large number of Type A smart meters to the cloud in one hour and in one day.  

As it can be observed from Figure 4, the traffic that arrives at the control centre from one smart meter in an 

hour can vary from 115.2 kB to 576 kB for a message size of 4 bytes or 20 bytes respectively. Equivalently, in 

one day, the traffic that will need to be handled at the control centre from one smart meter can reach up to 

13.824 MB for a maximum message size of 20 bytes, whereas for a message of 4 bytes the traffic to arrive is 

at the range of 2.76 MB.  

As anticipated, the aforementioned numbers are much bigger when a large number of smart meters use this 

technology. It is noteworthy that for 106 smart meters, the traffic arriving at the control centre in an hour can 

reach up to 576 TB for a message size of 20 bytes/sec, whereas it can be as high as 13824 TB in one day.  

For reasons of completeness, we also study the case where the same conclusions can be derived at the 

control centre with a different frequency and size of the transmitted messages. This can be realized if a delay 

can be acceptable with respect to the message arrival. Reducing the frequency of the messages would result 

in bigger messages for transmission, provided that the amount of information is kept at the same levels. 

However, merging the information to bigger data packets, also leads to reducing the overhead introduced by 

the system, if a bigger number of smaller data packets are to be transmitted.  

Therefore, we examined the case where the messages arriving at the control centre are at a rate of x bytes/min, 

where x ϵ [100, 1000], with a step of 100 for the simulation. Figure 6 shows the traffic arriving in one day at the 

control centre under these conditions.  

As it can be observed from Figure 6, the data traffic that needs to be processed at the control centre can reach 

up to 11520 TB when the messages are sent at a rate of 1000 bytes/min and for a number of 106 smart meters 

utilizing the algorithm. Equivalently, the traffic for messages sent at a rate of 100 bytes/min is 1152 TB, as 

expected.   
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Figure 6: Traffic arriving at the control centre when the messages are sent with a lower frequency and at a 
bigger packet size.  

4.6.2 On-board NIALM (Smart Meters Type B):  

Smart Meters Type B are the ones that perform the procedure of data analysis about the status of electrical 

devices themselves (On-board NIALM Meters), so they only need to send information to the cloud if this status 

is altered (devices have been switched on or off). We assume that at the worst case scenario these messages 

will be sent every minute. It should be noted at this point that this worst case scenario corresponds to the case 

where the apartment is occupied by its inhabitants and they are actively involved in the utilization of the 

electrical devices. However, when the house is empty or during the night, the status of the electrical devices 

does not alter with the same frequency, meaning that the messages needed to be communicated to the control 

centre can be transmitted with a much lower frequency. In our analysis, it is considered as the worst case 

scenario that each apartment is occupied by a number of people always during the day (16 hours), who are 

actively involved in the status alteration of the electrical devices (messages are transmitted every minute), 

whereas such messages are transmitted once per hour during the night. This leads to a total of 60*16 + 8 = 

968 messages transmitted during 24 h.    

Further on, some information is needed at the control centre in order to derive conclusions about the 

consumption profile of the consumers. It is supposed that as a worst case scenario these messages are sent 

with a frequency of one minute. We take into account that the aforementioned messages can vary from 4 bytes 

to 20 bytes. So, in total we have two kind of messages arriving at the control centre: 

 The messages referring to the alteration of the status of the electrical devices, which are transmitted 

at the rate of x1 bytes/min for 16h and x1 bytes/h for 8 h during an entire day, where x1 ϵ[4, 20], with a 

step of 2 bytes.  

 The messages serving for deducting the consumption profile, which are transmitted at the rate of x2 

bytes/min for 24h, where x2 ϵ[4, 20], with a step of 2 bytes.  

So, in total, it results that the data rate to be transmitted can vary from 8 to 40 bytes/min.  
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Firstly we show in Figure 7a the traffic that arrives at the control centre in one peak hour, meaning that the 

messages referring to the alteration of the status of the electrical devices are sent each minute. Figure 7b 

shows the traffic arriving at the control centre in one day (24 h) from one smart meter. Further on, we show 

the traffic that would arrive if there were a large number of smart meters employing this algorithm, i.e. 200000, 

500000, 1∙106 smart meters (Figure 8), as explained also for the Type A smart meters.  

 
 

Figure 7: Traffic arriving from one Type B smart meter to the cloud in one peak hour and in one day (24 h).  

 
Figure 8: Traffic arriving from a large number of Type B smart meters to the cloud in one hour and in one day (24 

h).  

From Figure 7 and Figure 8, we can conclude that for Smart Meters Type B, the traffic that needs to be 

managed in an hour at the control centre from one smart meter varies from 3.84 to 19.2 kB, whereas the 

equivalent traffic for one day is 76.8 kB for a message size of 8 bytes and 384 kB for a message size of 40 

bytes. These numbers increase dramatically, when a large number of smart meters use this technology, as it 



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 25 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

is expected. For instance, with 106 smart meters, traffic of 384 TB needs to be handled at the control centre 

within the duration of a day if the message size is 40 bytes. On the other hand, for a message size of 8 bytes, 

the equivalent traffic arriving in a day is 76.8 TB. As it can be concluded the traffic that arrives to the control 

centre is a function of the number of smart meters that use this technology and the message size that is sent 

each time. Another parameter that plays an important role is the frequency with which the messages are sent.  

Likewise the case of the Type A smart meters, we also examine here the fact that a delay can be acceptable 

at the control centre, meaning that the system can afford to have messages transmitted with a lower frequency 

and at a bigger packet size. In this way it is avoided that a bigger number of smaller messages is transmitted, 

thus reducing the overhead introduced in total by the system.  

For this scope, we further distinguish two cases:  

 The frequency of the messages referring to the alteration of the status of the electrical devices remains 

the same as the one defined before, meaning that we have: x1 bytes/min for 16h and x1 bytes/h for 8 

h during an entire day, where x1 ϵ[4, 22], with a step of 2 bytes. The messages serving for deducting 

the consumption profile are transmitted at a different frequency and a different packet size. We take 

into account: x2 bytes/h for 24h, where x2 ϵ [100, 1000], with a step of 100 bytes. The traffic arriving at 

the control centre in one day is shown in Figure 9.  

 Both types of messages are transmitted with a lower frequency and at a bigger packet size. More 

analytically, we consider for the messages with respect to the alteration of the status of the electrical 

devices: x1 bytes/h for 16 h, where x1 ϵ [100, 1000], with a step of 100 bytes and x1' bytes/h for 8h, 

where x1' ϵ [4, 22], with a step of 2 bytes and for the messages used for the deduction of the 

consumption profiles: x2 bytes / h for 24h, where x2 ϵ [100, 1000], with a step of 100 bytes.  

Figure 10 shows the traffic arriving at the receiver in one day according to this scenario.  

 

Figure 9: Traffic arriving in one day at the control centre when the messages serving for deducing the 
consumption profile are transmitted at a lower frequency and with bigger data packets.  
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Figure 10: Traffic arriving in one day at the control centre when both types of messages are transmitted at a 
lower frequency and bigger data packets.  

As it can be observed from the graphs, the traffic that needs to be dealt with at the control centre if larger 

packet sizes are transmitted with a lower frequency can reach up to 362.368 TB for a number of 106 smart 

meters employing this technology, when the parameters of scenario (a) are used. The equivalent value for the 

largest packet size is as high as 321.408 TB within a day if the parameters of scenario (b) are used.  

General Remarks: 

In reality, the values referring to the frequency with which the messages are transmitted and the packet size 

of the transmitted messages can differ a lot more depending on the time of the day and the usage of the 

electrical devices by consumers, resulting in random values.  

Although these great variations are not taken into account for our simulations, valuable conclusions can be 

derived for the traffic that needs to be handled at the control centre if it is assumed that the worst case scenario 

conditions are realised. This should give an idea of the storing devices and the processors that will be required 

to deal with all the traffic, for instance for processing correctly and storing all the information.  

 

 

 
 
 
  



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 27 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

 State Estimation and Network Topology Reconfiguration 

The monitoring of the distribution grid is one of the most important services that can be enabled by a full 

deployment of smart meters providing real-time data to the central system. The monitoring of the Low Voltage 

(LV) and Medium Voltage (MV) grids is not only important to give situational awareness about the operating 

conditions of the system, but it is also essential to enable possible other management and control services 

based on the knowledge of the real-time operating conditions of the network. During the FLEXMETER project, 

a multi-level State Estimation (SE) algorithm has been designed that allows monitoring both LV and MV grids 

by using the measurements collected from the smart meters at the final customers’ premises. The SE 

architecture is divided in three hierarchical levels that, starting from the lowest level of the architecture, include: 

i) concentrator level estimator; ii) LV grid level estimator; III) Medium Voltage level estimator. Figure 11 shows 

a schematic view of the SE architecture and of the area of operation for the different estimation levels. More 

details on the SE service and on the Weighted Least Squares (WLS) approach used to design the SE 

algorithms can be found in Deliverable D4.6. 

 

Figure 11: Multi-level SE architecture; a) partition of the distribution grid; b) hierarchical coordination of the SE 
levels. 

The FLEXMETER cloud-based infrastructure plays a key role for allowing the needed exchange of data among 

the different levels of the SE architecture and permits the interaction with other services that use the State 

Estimation results as input for their process. An example in this regard is given by the coordination of the State 

Estimation service with the Network Topology Reconfiguration service. The two services, indeed, are 

interconnected to provide the monitoring and the reconfiguration of the grid, and their interoperation is enabled 

by the exchange of information through the FLEXMETER software infrastructure. Figure 12 shows the 

communication flow through the FLEXMETER platform that allows coordinating the different levels of the State 

Estimation algorithm and the Network Topology Reconfiguration service. More details on the design of the 

Network Topology Reconfiguration service are available in the Deliverable D4.6.  
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Figure 12: Coordination of State Estimation and Network Topology Reconfiguration services through the 
FLEXMETER platform. 

The main actors in this scenario, interfaced to the FLEXMETER infrastructure, are: the different instances of 

the SE service for the different levels of the distribution network (i.e. Building Concentrator, LV Estimator and 

MV estimator); the Network Topology Reconfiguration service, which works together with the Network 

Topology Web Service. These actors exploit two communication paradigms to share information: i) 

request/response (through REST web services) and ii) publish/subscribe (via MQTT protocol). As shown in 

Figure 11, the Building Concentrator manages the information retrieved from smart meters installed at 

customer premises. Each Building Concentrator handles one or more Building Units to which it is associated. 

Similarly, LV Estimator and MV Estimator handle the portion of LV and MV grid subtended to an MV/LV and 

HV/MV substation, respectively. Each Building Concentrator works as an MQTT publisher and sends 

periodically (for example every minute) the information about the estimated overall absorption (or injection) for 

its Building Unit and the estimated voltage level at the feeder bus, together with the associated uncertainty 

values. The LV Estimator works as an MQTT publisher and subscriber. Thanks to the Message Broker, it 

receives the estimation results from all the Building Concentrators in the Building Units it serves.  As soon as 

they arrive, the LV Estimator post-processes the Building Concentrator data and estimates the status of the 

LV grid downstream its MV/LV substation. Then, it publishes these results to the FLEXMETER cloud again 

exploiting the Message Broker. The MV Estimator also works as an MQTT publisher and subscriber. Assuming 

to have a reconfigurable MV grid, to perform its computations, the MV Estimator needs every time the updated 

information about the grid topology. For this reason, the MV Estimator receives alerts every time there is a 

network topology change and then it uses the request/response paradigm to retrieve the updated information 

from the Network Topology Web Service trough REST. Then, the MV Estimator receives the results (in terms 

of substation voltage and power absorption/injection) from all the LV Estimators in the MV/LV substations it 

serves. In addition, it also receives the measurements from possible other smart meters deployed in the MV 

grid (for instance, industrial loads or Distributed Generation directly connected to the MV level). Through the 

post-processing of these incoming data, the MV Estimator is able to estimate the MV grid status and then it 
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sends back the results to the FLEXMETER platform, where they are made available for other applications or 

services, like the Network Topology Reconfiguration service.  

The Network Topology Reconfiguration is a service that exploits both communication paradigms. During its 

start-up, it retrieves the grid topology from the Network Topology Web Service trough REST. Then, it 

subscribes to receive the results from the MV Estimator trough the Message Broker. If, as a result of the 

Network Topology Reconfiguration algorithm, a reconfiguration of the grid topology is required, it first uploads 

the new topology (exploiting again REST) into the Network Topology Web Service, then, it publishes a 

reconfiguration alert exploiting MQTT. Thus, also the Network Topology Reconfiguration service works as an 

MQTT publisher and subscriber. As anticipated, the reconfiguration alert is received by the MV Estimator that 

can download the updated grid topology from the Network Topology Web Service. Hence, the MV Estimator 

is always in sync with the new grid topology needed for its computations. 

The designed multi-level SE architecture uses a bottom-up approach to allow the monitoring of both LV and 

MV grids. This architecture, theoretically, could be further extended to provide measurement information to the 

upper level transmission grid, thus realizing the hierarchical structure theorized in [7] for a comprehensive 

smart grid SE. The presented SE solutions offers the following advantages: 

 smart meter measurements are fully exploited to provide situational awareness on the whole 

distribution grid (both LV and MV level), enabling the development of advanced distribution 

management functions; 

 SE can be performed in parallel among different LV grids and, within the same LV grid, among different 

concentrator areas; this allows dividing the SE problem in smaller portions, both horizontally and 

vertically along the SE architecture, distributing computational and memory requirements and reducing 

in this way the required execution times; such a division of the SE problem also facilitates to obtain 

scalable solutions; 

 concentrators have to send in real-time only SE results at the LV feeder buses and not the whole set 

of smart meter measurements: this gives a consequent reduction of the real-time communication, 

putting smaller requirements on the communication layer. 

 Analysis of smart meter based SE performance 

The State Estimation service has been designed by using the well-known WLS approach as mathematical 

foundation. This allows the proper integration of the hierarchical levels of the SE architecture, but also allows 

a mathematical analysis of the accuracies achievable through the SE service. In this section, the potential 

performance achievable through the proposed multi-level SE architecture are investigated through an 

analytical analysis. To this purpose, the following assumptions are considered. 

 The distribution grid has a full coverage of smart meters at the end-users nodes: according to the 

reports of the European Commission, in Europe, this will be a realistic assumption for many countries 

in the next future [22]. 

 Smart meters can provide real-time measurements of voltage and power: nowadays, smart meters 

are mainly deployed for billing purposes and this functionality is not automatically embedded; however, 

to enable the use of the smart meters for automation purposes, an upgrade of the functionalities in 

this direction is needed; the services and the results presented in this Deliverable also serve to 
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highlight the opportunities that could be opened by the deployment (or the upgrade) of smart 

measurement units at the end user’s premises. 

 Smart meters have time synchronization: this can be achieved distributing a time reference through 

the network; in the FLEXMETER infrastructure, a specific service could also be integrated to this 

purpose. 

 Topology and network data are available: sometimes LV grid data can be unknown and difficult to 

retrieve; however, for the implementation of the SE framework here presented, the knowledge of the 

grid model is a necessary input. 

5.1.1 Voltage profile accuracy 

The evaluation of the DSSE performance in term of voltage profile accuracy is performed by analyzing the 

covariance matrix of the estimates given by the inverse of the so-called Gain matrix of the WLS formulation. 

To this purpose, let us consider the following branch-current-based state vector x: 

 𝐱 = [𝑉𝑎 , 𝑉𝑏 , 𝑉𝑐 , 𝐈𝑟𝑒,𝑎 , 𝐈𝑖𝑚,𝑎 , 𝐈𝑟𝑒,𝑏 , 𝐈𝑖𝑚,𝑏 , 𝐈𝑟𝑒,𝑐 , 𝐈𝑖𝑚,𝑐  ] (7) 

where 𝑉𝜙 with 𝜙 = {𝑎, 𝑏, 𝑐} is the voltage magnitude at the phase 𝜙 of the bus chosen as reference for the grid, 

whereas 𝐈𝑟𝑒,𝜑 and 𝐈𝑖𝑚,𝜑 are the vectors of the real and the imaginary components of the branch currents for 

phase 𝜙.  

Given this form of the state vector, the matrix of the covariances for the estimates can be written as: 

 𝚺𝒙 = [
𝚺𝑉 𝚺𝑉,𝐼

𝚺𝐼,𝑉 𝚺𝐼
 ] = [

𝐆𝑉 𝐆𝑉,𝐼

𝐆𝐼,𝑉 𝐆𝐼
 ]

−1

 (8) 

where 𝚺𝑉  is the 3×3 submatrix with the covariances for the voltage magnitude estimates, 𝚺𝐼  is the covariance 

matrix of the branch currents and 𝚺𝑉,𝐼  and 𝚺𝐼,𝑉  are the covariances between voltage magnitude and branch 

current variables. The same subscripts are also used to split in a similar way the Gain matrix G. 

To evaluate the uncertainty for the voltage magnitude estimations, let us focus the attention on the submatrix 

𝚺𝑉. The contributions to the uncertainty for this submatrix can be obtained by using the properties of the inverse 

of a block matrix and the Woodbury identity relationship. According to the first one, the inverse of a block matrix 

𝐏 =  [
𝐀 𝐁
𝐂 𝐃

] can be calculated as: 

 𝐏−1 = [
(𝐀 − 𝐁𝐃−1𝐂)−1 −𝐀−1𝐁(𝐃 − 𝐂𝐀−1𝐁)−1

−𝐃−1𝐂(𝐀 − 𝐁𝐃−1𝐂)−1 (𝐃 − 𝐂𝐀−1𝐁)−1  ] (9) 

The first block of the matrix 𝑃−1 can be written in the following equivalent form using the Woodbury identity 

relationship: 

 (𝐀 − 𝐁𝐃−1𝐂)−1 = 𝐀−1 + 𝐀−1𝐁(𝐃 − 𝐂𝐀−1𝐁)−1𝐂𝐀−1 (10) 

Mapping eq. (9) and (10) to the calculation of the covariance matrix 𝚺𝒙 in (8), and using the right term of eq. 

(10) for the calculation of the covariance terms in 𝚺𝑉, the following holds: 
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 𝚺𝑉 = 𝐆𝑉
−1 + 𝐆𝑉

−1 ∙ 𝐆𝑉,𝐼 ∙ 𝚺𝐼 ∙ 𝐆𝐼,𝑉 ∙ 𝐆𝑉
−1

 (11) 

Looking at the terms involved in the calculation of the different Gain matrix blocks, it is possible to find that the 

first component of uncertainty in (11) only depends on the number and accuracy of the available voltage 

measurements, whereas the second term is associated (through the impedances present in 𝐆𝑉,𝐼   and 𝐆𝐼,𝑉   and 

the branch current uncertainties in Σi) to the voltage drops in the path between each voltage measurement 

location and the considered reference bus. If the voltage drops and the branch current uncertainties are low, 

their contribution to the overall uncertainty in ΣV is quite small and, in first approximation, it can be disregarded. 

In this way, the voltage uncertainty computation is reduced to the simple calculation of the inverse of the Gain 

submatrix 𝐆𝑉  : 

 𝚺𝑉 ≅ 𝐆𝑉
−1 (12) 

Eq. (12) is thus used in the following for the approximate calculation of the voltage magnitude uncertainty at 

the different levels of the SE architecture. 

At concentrator level, no coupling exists among the voltage states of different phases. The computation of the 

submatrix 𝐆𝑉    results in a diagonal matrix having the diagonal elements equal to: 

 𝐆𝑉(𝜙, 𝜙) ≅ ∑ 𝑤𝑉𝑖,𝜙

𝑀𝜙,𝐶

𝑖=1

 (13) 

where 𝑤𝑉𝑖,𝜙
 is the weight of i-th voltage measurement for phase 𝜙 and 𝑀𝜙,𝐶 is the total number of smart meters 

at phase 𝜙 for the considered concentrator. The inverse of this submatrix, needed for the calculation of the 

covariance matrix in (12), is simply given by the inverse of the term in (13). Considering that in the WLS 

formulation the weights have to be chosen as the inverse of the measurement variance, if all the smart meters 

have the same voltage accuracy 𝑈𝑉%, from (12) and (13), the uncertainty of the voltage estimation at the 

concentrator level can be found to be:  

 𝐔𝑉,𝜙,𝐶% ≅
𝑈𝑉%

√𝑀𝜙,𝐶

 (14) 

This result clearly shows that the uncertainty for the voltage estimation at the concentrator SE level is inversely 

proportional to the number of smart meters. In other words, the higher the number of voltage measurements 

coming from the smart meters, the better the voltage estimation. 

The voltage uncertainty for the LV grid SE can be calculated in a similar way. Even in this case, the voltage 

states of different phases are fully decoupled and the submatrix 𝐆𝑉 is a diagonal matrix where the diagonal 

terms are equal to the sum of the weights of all the input voltage measurements. The diagonal terms of the 

submatrix are thus equal to: 

 𝐆𝑉(𝜙, 𝜙) ≅ ∑ 𝑤𝑉𝑖,𝜙

𝐶𝜙,𝐿𝑉

𝑖=1

 (15) 

where 𝐶𝜙,𝐿𝑉 is the number of concentrators subtended to the LV grid and providing input measurements to the 

LV grid estimator. Differently from the concentrator level SE, in this case the weights are those associated to 
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the voltage inputs provided by each concentrator. Given the uncertainty in (14) as input for the calculation of 

the weights in (15), the following uncertainty can be obtained for the LV grid voltage estimation: 

 𝐔𝑉,𝜙,𝐿𝑉% ≅
𝑈𝑉%

√𝑀𝜙,𝐿𝑉

 (16) 

where 𝑀𝜙,𝐿𝑉 is the total number of smart meters connected to the LV grid (at phase 𝜙). Equation (16) clearly 

shows that the integration of the hierarchical levels in the designed multi-level SE leads to a significant 

improvement of the voltage estimation accuracy when passing from the concentrator level to the LV SE, and 

all the smart meter measurements connected to the grid contribute to the enhancement of the accuracy 

performance. 

While the mathematical framework is the same also for the evaluation of the voltage accuracy at MV level, in 

this case the uncertainty calculation has to take into account the coupling among phases introduced by the 

transformer (usually delta-star transformers are used in MV/LV substations). Considering the case of delta-

star transformer, the phase-shift brought by this connection and the resulting form of the Jacobian matrix in 

the WLS formulation, the submatrix 𝐆𝑉 becomes: 

 𝐆𝑉 ≅
3

4
[

𝑊𝑉,𝑎 + 𝑊𝑉,𝑏 𝑊𝑉,𝑏 𝑊𝑉,𝑎

𝑊𝑉,𝑏 𝑊𝑉,𝑏 + 𝑊𝑉,𝑐 𝑊𝑉,𝑐

𝑊𝑉,𝑎 𝑊𝑉,𝑐 𝑊𝑉,𝑐 + 𝑊𝑉,𝑎

] (17) 

where the term 𝑊𝑉,𝜙 is: 

 𝑊𝑉,𝜙 = ∑ 𝑤𝑉𝑖,𝜙

𝑁𝜙

𝑖=1

 (18) 

 

while 𝑁𝜙  is the total number of voltage measurements for phase 𝜙. The inverse of the submatrix 𝐆𝑉 in (17) 

gives the following result for all the diagonal elements (which correspond to the variances of the voltage states): 

 𝚺𝑉(𝜙, 𝜙) ≅
𝑊𝑉,𝑎𝑊𝑉,𝑏 + 𝑊𝑉,𝑏𝑊𝑉,𝑐 + 𝑊𝑉,𝑐𝑊𝑉,𝑎

3 𝑊𝑉,𝑎𝑊𝑉,𝑏𝑊𝑉,𝑐
 (19) 

Taking into account that the voltage measurement weights are given by the uncertainties resulting from the LV 

grid SE step (see eq.(16)), it is possible to calculate the following theoretical uncertainty achievable at the MV 

level SE:  

 U𝑉,𝜙,𝑀𝑉% ≅ 𝑈𝑉%√
𝑀𝑎𝑀𝑏 + 𝑀𝑏𝑀𝑐 + 𝑀𝑐𝑀𝑎

𝑀𝑎𝑀𝑏𝑀𝑐
 (20) 

where 𝑀𝜙 (with 𝜙 = {𝑎, 𝑏, 𝑐}) is the overall number of smart meter measurements subtended by the MV grid 

for phase 𝜙. Eq. (20) can be further simplified in the case in which the number of smart meters for the different 

phases is almost the same, i.e. when 𝑀 = 𝑀𝑎 ≈ 𝑀𝑏 ≈ 𝑀𝑐. In this particular case, the voltage accuracy 

achievable at the MV level becomes: 
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 U𝑉,𝜙,𝑀𝑉% ≅
√3𝑈𝑉%

√𝑀
 (21) 

Equation (21) shows once more how the proper integration of the smart meter measurements in the state 

estimation process could lead to a very accurate monitoring of the voltage profiles. In the case of MV grid, all 

the smart meter measurements in the subtended LV networks would contribute to the final result, leading to a 

very accurate knowledge of the voltage profile without the need to have an extensive deployment of 

measurement units at the MV level. 

5.1.2 Power flow accuracy 

The analysis of the multi-level SE performance in terms of power flow accuracy can be performed through a 

backward sweep procedure, starting from the leaf nodes of the grid and moving towards the root bus. In this 

analysis power losses are neglected for the sake of simplicity; in any case, power losses are generally a small 

percentage of the overall power flowing in the grid, thus their consideration is not expected to bring a significant 

difference with respect to the analytical findings that will be presented in this section. 

At concentrator level, the total power injection seen from the LV feeder bus is simply equal to the sum of the 

power consumed (or generated) by each end-user. If we consider a relative uncertainty 𝑈𝑃% for the power 

measurements of the smart meters (same considerations apply for both active and reactive power), the total 

uncertainty for the power injection at the feeder bus is: 

 U𝑃,𝜙,𝐶% ≅
𝑈𝑃%√∑ 𝑃𝑖

2𝑀𝜙,𝐶

𝑖=1

∑ 𝑃𝑖
𝑀𝜙,𝐶

𝑖=1

 (22) 

In eq. (22) it is possible to see that the power uncertainty strongly depends on the particular values of 

consumption or generation at the final customers. A simplified scenario is given by the case in which all the 

customers are consuming (or generating) power. In this case, it is possible to demonstrate that the power 

injection uncertainty falls within the following boundaries: 

 
𝑈𝑃%

√𝑀𝜙,𝐶

≤ U𝑃,𝜙,𝐶% ≤ 𝑈𝑃% (23) 

where, similarly to the notation used in the previous section, 𝑀𝜙,𝐶 represents the total number of smart meters 

at phase 𝜙 for the considered concentrator.  

The upper boundary in (23) occurs when the total power injection at the feeder bus is only given by a single 

customer, whereas the lower boundary occurs when the total power injection is equally divided among all the 

end users. In general, the more uniform the distribution of the power among the customers, the lower the final 

uncertainty. In this particular scenario, also considering the random behaviour of the customers, it is possible 

to observe that the final uncertainty for the power injection at the LV feeder bus will be always lower than the 

starting uncertainty measurement uncertainty of the smart meter.  

For the LV grid SE, considerations and equations similar to those presented for the concentrator SE level also 

apply. In general, the power flow uncertainty in each branch of the grid is determined by the contribution of all 
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the customer injections downstream that branch. At the MV/LV substation, which is subtending all nodes of 

the LV grid, the following holds: 

 U𝑃,𝜙,𝐿𝑉% ≅
𝑈𝑃%√∑ 𝑃𝑖

2𝑀𝜙,𝐿𝑉

𝑖=1

∑ 𝑃𝑖
𝑀𝜙,𝐿𝑉

𝑖=1

 (24) 

Again, for the particular scenario in which all the customers are consuming (or generating) power, boundaries 

similar to those in eq. (23) can be found. However, in this case, the lower boundary will be given by the 

contribution of all the customers subtended to the LV grid: 

 
𝑈𝑃%

√𝑀𝜙,𝐿𝑉

≤ U𝑃,𝜙,𝐿𝑉% ≤ 𝑈𝑃% (25) 

The boundaries in eq. (25) show how the proper integration of the hierarchical levels of the SE architecture 

allows a continuous refinement of the accuracies when moving to the upper layers (similarly to what also seen 

for the voltage estimation accuracy).  

At the MV level, the propagation of the uncertainties is affected by the presence of the transformer. Referring 

to the typical scheme of a delta-star transformer, the power injection seen from the MV node is always 

depending on the contribution of two phases at the LV side of the transformer. Taking as an example the power 

injection at the phase a of the system, and considering the phase shift of 30° brought by the delta-star 

connection, the following simplified relationships can be found, which describe the active and reactive power 

injection seen at the MV bus: 

 𝑃𝑀𝑉,𝑎
𝑖𝑛𝑗

≅
𝑃𝐿𝑉,𝑎

𝑖𝑛𝑗
+ 𝑃𝐿𝑉,𝑏

𝑖𝑛𝑗

2
−

𝑄𝐿𝑉,𝑎
𝑖𝑛𝑗

− 𝑄𝐿𝑉,𝑏
𝑖𝑛𝑗

2√3
 (26) 

 𝑄𝑀𝑉,𝑎
𝑖𝑛𝑗

≅
𝑄𝐿𝑉,𝑎

𝑖𝑛𝑗
+ 𝑄𝐿𝑉,𝑏

𝑖𝑛𝑗

2
+

𝑃𝐿𝑉,𝑎
𝑖𝑛𝑗

− 𝑃𝐿𝑉,𝑏
𝑖𝑛𝑗

2√3
 (27) 

where 𝑃𝑀𝑉,𝑎
𝑖𝑛𝑗

 and 𝑄𝑀𝑉,𝑎
𝑖𝑛𝑗

 are the active and reactive power injection seen from the MV side of the transformer (at 

phase a),  𝑃𝐿𝑉,𝑎
𝑖𝑛𝑗

 and 𝑄𝐿𝑉,𝑎
𝑖𝑛𝑗

 are the corresponding power injections given by the LV grid estimator at the LV side 

of the transformer at phase a, and 𝑃𝐿𝑉,𝑏
𝑖𝑛𝑗

 and 𝑄𝐿𝑉,𝑏
𝑖𝑛𝑗

 are the same powers at the LV side but for phase b. 

Relationships similar to those shown in eq. (26) and (27) for the phase a of the MV node can be also found for 

the other phases of the system. 

From (26) and (27), it is possible to derive the following resulting uncertainty for the MV power injections: 

 
U

𝑃𝑎,𝑀𝑉
𝑖𝑛𝑗 ≅

√
U

𝑃𝑎,𝐿𝑉
𝑖𝑛𝑗

2 + U
𝑃𝑏,𝐿𝑉

𝑖𝑛𝑗
2

4
+

U
𝑄𝑎,𝐿𝑉

𝑖𝑛𝑗
2 + U

𝑄𝑏,𝐿𝑉
𝑖𝑛𝑗

2

12
 

(28) 
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U

𝑄𝑎,𝑀𝑉
𝑖𝑛𝑗 ≅

√
U

𝑄𝑎,𝐿𝑉
𝑖𝑛𝑗

2 + U
𝑄𝑏,𝐿𝑉

𝑖𝑛𝑗
2

4
+

U
𝑃𝑎,𝐿𝑉

𝑖𝑛𝑗
2 + U

𝑃𝑏,𝐿𝑉
𝑖𝑛𝑗

2

12
 

(29) 

where U
𝑃𝑎,𝐿𝑉

𝑖𝑛𝑗
2 and U

𝑄𝑎,𝐿𝑉
𝑖𝑛𝑗

2  are the uncertainties (in absolute value) for the power injections at phase a of the LV 

side of the transformer coming from the LV estimator (similar notation applies for the power injection of phase 

b). Given the power injection uncertainties in (28) and (29), the uncertainty for the power flows in each branch 

of the MV grid is then given by the quadratic sum of the power injection uncertainties at all the nodes 

downstream the branch. At the primary substation, the following holds: 

 U𝑃,𝜙,𝑀𝑉% ≅

𝑈𝑃%√∑ U
𝑃𝑖,,𝜙,𝑀𝑉

𝑖𝑛𝑗
2𝑁𝑀𝑉

𝑖=1

∑ 𝑃𝑖,𝜙
𝑖𝑛𝑗𝑁𝑀𝑉

𝑖=1

 (30) 

where 𝑁𝑀𝑉 is the total number of MV buses. 

The above relationships gives an approximate estimation of the uncertainties that can be found when 

propagating the power uncertainties provided by the LV estimators to the upper level MV estimator. It is worth 

noting that the performed calculations only take into account the contributions given by the power injection 

inputs for the MV grid SE. However, as seen in the previous section, the LV estimators also give an accurate 

information of the voltages at the MV/LV substations. This information also contribute to the power flow 

estimation, since each couple of bus voltages can be seen as a measurement of the voltage drop between the 

two corresponding nodes. For this reason, accuracy values slightly different from the theoretical ones shown 

in the above equations could be found, and the above relationships mainly serve as a rough indication of the 

foreseeable accuracy of the MV monitoring.  

In the following sections, the analytical findings shown here will be compared to the experimental results 

obtained through the off-line and on-line simulations performed in the FLEXMETER platform. 

 Description of the testing scenario 

The performance of the SE service have been tested in simulation environment to prove both the capabilities 

in terms of monitoring accuracy and the possibility to interconnect other possible services aimed at the efficient 

management of the grid, like the Network Topology Reconfiguration service. To this purpose, a sample 

distribution grid, composed of a 15kV MV grid and 400V LV grids, has been emulated in simulation 

environment. Figure 13 shows the used MV grid: it is composed of 13 buses, of which one is the primary 

HV/MV substation, nine are nodes connected to MV/LV substations supplying residential loads, two are 

industrial loads connected to the MV level and one is a generation plant, also directly connected to MV. The 

topology of the grid is the derived from the E.ON pilot in Sweden, where two feeders are present in the grid 

with the possibility to reclose the normally open switch to reconfigure the network in case of necessity. In the 

following simulations, the SE service is run in parallel to the Network Topology Reconfiguration service; as it 

will be described in the next Chapter, a constraint on the radial operation of the grid is considered for this 

service and the possibility to open/close any of the MV lines is assumed (always keeping the mentioned 

constraint on radial operation). One of the branches (between nodes MV_007 and MV_008) is considered as 

normally open and this represents a reference scenario to test the benefits provided by the implementation of 

the Network Topology Reconfiguration service, as discussed in Section 4.5. 
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Figure 13: MV grid used for the simulation scenario. 

As for the LV side, each MV/LV substation subtends a LV grid composed of different feeders and a different 

number of buses in each feeder (this type of topology is common for grids serving a urban area). Figure 14 

shows as an example the topology of the LV grid downstream node MV_002. The figure also shows (between 

parenthesis) the number of residential customers connected to each feeder bus, for phase a, b and c, 

respectively, emulating a single-phase connection for the customers as typical in Italy. The considered test 

network is emulated down to the single-phase connection of each residential customer to the main grid.  

 

Figure 14: Example of LV grid used for the simulation scenario. 

To create the simulation scenario, beyond the MV and LV grid data, daily power profiles have been extracted 

for each node. In particular, random daily profiles for the residential users have been created through the Load 

Profile Generator presented in D6.1. Figure 15 shows the aggregated profile used as a reference for the 

extraction of the single customer profiles, which refers to the average profile in a working day for a family with 

annual consumption equal to 3000 kWh/year. Figure 16 gives instead an example of the active and reactive 

power profile extracted for one of the end-users in the simulation, while Figure 17 shows the consumption 

pattern assumed for the industrial and the generation node directly connected to the MV grid. 
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Figure 15: Aggregated profile of power consumption for residential consumers. 

 

Figure 16: Example of generated active and reactive power daily consumption for a single customer. 
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Figure 17: Power profiles for industrial and generation nodes in the MV grid. 

Given this scenario, two sets of simulations have been performed to characterize the performance of the SE 

service. The first set of simulations is run off-line following a Monte Carlo approach: this is done in order to 

characterize statistically the SE accuracy performance and to compare the results with the analytical findings 

shown in the previous section. The second set of tests is instead run on-line, using the real-time simulation 

platform described in D6.1 and thus integrating the SE and the Network Topology Reconfiguration service into 

the FLEXMETER cloud platform. These tests have been performed to evaluate the proper operation of the 

services in the software platform and to verify the correctness of the results on-line.   

In the simulations, for each instant of time, the power flow of the grid gives the reference values considered as 

the true state of the network. The smart meter measurements are then emulated by adding a random noise 

on top of the true values (both for the voltage and the power measurements) in order to emulate the uncertainty 

of the measurement device. In order to represent realistic uncertainty values, smart meters of class 1 and 2, 

according to the standards IEC 62053-21 [8] and 62053-23 [9] for the active and reactive measurement of 

energy, respectively, have been chosen. According to this, uncertainties of 1% have been considered for the 

voltage and the active power measurements, while uncertainties of 2% have been applied for the reactive 

power measurements. The uncertain measurements extracted in this way are then used as input for the SE 

service, which exploits them to obtain the operating conditions of the grid.  

In the off-line simulations, a particular instant of the day is chosen for the simulations and Monte Carlo tests 

have been carried out by launching 25000 trials characterized by a different random extraction of the 

measurements. In the on-line simulation, a time resolution equal to one minute has been selected for running 

the SE service. At each minute, the SE service takes the last smart meter measurements available from the 

simulation and uses them as input for the SE algorithms. Next section will present the results of accuracy 

characterization for the SE service, while section 4.4 will present the results achievable in terms of bad data 

detection and identification. 
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 Evaluation of SE performance 

The first set of results presents the accuracy characterization of the SE service performed by means of Monte 

Carlo simulations. In this scenario, each of the 25000 tests performed with a different extraction of the noisy 

measurement gives a different SE result. Such results can be thus collected and statistically analysed to 

validate the analytical findings presented in Section 4.1. 

Table 10 shows, as an example, the results obtained for the concentrator level SE in one of the concentrators 

of the LV grids that subtends 7, 5 and 6 end-users at phase a, b, and c, respectively. Since in the considered 

scenario only passive customers have been modelled, Table 10 also provides an indication of the theoretical 

lower and upper boundaries for the power injection uncertainty. As it can be observed, the experimental results 

confirm the validity of the analytical findings in Section 4.1. In particular, it is worth noting that the estimations 

provided by the concentrators are much more accurate than the starting uncertainty of the smart meters, and 

this proves the proper operation of the SE routine. 

Table 10 - Concentrator level SE results 

Node 

Voltage uncertainty [%] Power uncertainty [%] 

Theoretical Monte Carlo 
Theoretical Lower 

Bound 

Theoretical Upper 

Bound 
Monte Carlo 

LV_211 phase a 0.38 0.38 0.38 1.00 0.61 

LV_211 phase b 0.45 0.45 0.45 1.00 0.82 

LV_211 phase c 0.41 0.41 0.41 1.00 0.50 

 

The results shown in Table 10 have been confirmed also looking at different concentrators and at different 

simulation time steps. In general, it is worth highlighting that the power injection uncertainty results, as 

discussed in Section 4.1, are strongly depending on the particular distribution of the power consumption among 

the subtended customers. The more uniform is the repartition of the power consumption, the lower the level of 

uncertainty: this explains the lower accuracy achieved for the power injection at phase b. 

At the LV grid level, according to the mathematical analysis of Section 4.1, the results are expected to further 

improve due to the contribution brought by all the smart meters subtended to the LV grid. Table 11 shows the 

comparison of theoretical and experimental uncertainties obtained at this level of the SE architecture. It is 

possible to observe that the accuracy of the estimations is significantly improved with respect to the starting 

uncertainty of the smart meters. Moreover, the statistical uncertainty achieved through the Monte Carlo 

simulation perfectly matches the theoretical one in the case of the voltages, while it approaches the lower 

boundary for the power flow.   

Table 11 - LV grid level SE results 

Node 

Voltage uncertainty [%] Power uncertainty [%] 

Theoretical Monte Carlo 
Theoretical Lower 

Bound 

Theoretical Upper 

Bound 
Monte Carlo 

LV_211 phase a 0.09 0.09 0.09 1.00 0.16 

LV_211 phase b 0.09 0.09 0.09 1.00 0.19 

LV_211 phase c 0.09 0.09 0.09 1.00 0.18 
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At the MV level, a Table similar to the previous ones cannot be presented, because the presence of a 

generation node implies that the relative uncertainties are highly affected by the particular value of power 

flowing in the considered branch. For the voltages, both the theoretical and the experimental uncertainties 

have been found to be 0.05% (note that around 1000 customers are connected in total to each phase of the 

system), while the power injection uncertainty at the MV/LV substations is around 0.13% for all the substations 

(note that all of them approximatively have the same number of residential customers connected in the LV 

grid), which is compliant with the result that could be obtained by applying eq. (28). Such results prove that a 

very accurate monitoring of the MV grid is possible if the smart meters at the final customers’ premises are 

enabled to provide real-time measurements and if a suitable bottom-up SE architecture is applied. 

 

Figure 18: Estimated vs true voltage profile at MV grid level (bus MV_007). 

The above considerations are also confirmed when running on-line the SE service. Obtained results show that 

the implemented SE service is able to accurately track the profiles of voltages and powers in the grid, providing 

the required information for possible other applications like the Network Topology Reconfiguration service. 

Figure 18 shows the voltage magnitude profile over the whole day at bus MV_007, which is a node far away 

from the HV/MV substation and where, consequently, more important voltage drops can be found. It is possible 

to observe the tracking of the voltage is very accurate and only a small noise around the true bus voltage is 

obtained through the estimation. Similarly, Figure 19 shows the overall power flowing through the HV/MV 

substation as a result of the loading conditions in the grid. Again, the estimated power closely follows the 

reference one, highlighting the accurate operation of the designed SE service. 
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Figure 19: Estimated vs true power profile at the HV/MV substation node. 

In addition to the accuracy performance, another important key feature of SE tools is their capability to detect 

possible bad data arriving in input (e.g. due to metering errors or communication failures) and to correctly 

identify which measurement is corrupted to remove it from the input measurement set. This is a very important 

characteristic, since undetected bad data could affect the estimation results and give a misleading picture of 

the operating conditions, leading to wrong decisions and control actions that, in the worst cases, can jeopardize 

the electric grid. While this feature is commonly available in SE tools conceived for transmission systems, at 

distribution level this functionality is generally available, mainly due to the low measurement redundancy that 

prevents enabling a correct bad data detection and identification process. 

In order to investigate the possibilities offered by the designed multi-level SE service, simulations have been 

performed where bad data are randomly created for the data in input to the different SE layers. The analysis 

has not brought to definitive results, highlighting the necessity to further investigate this issue in order to 

guarantee a correct operation of the SE service also in presence of bad data. In general, the investigations led 

to the following results and conclusions: 

 Bad data in voltage measurements can be detected and the corrupted measurement can be 

successfully identified. This can be achieved at all the levels of the SE architecture if, as assumed in 

this analysis, the smart meters provide their real-time voltage measurements to the central system. 

 Bad data in active or reactive power measurements are difficult to be detected at concentrator SE 

level unless the bad data is a totally unrealistic value. This poses some challenges to use the SE 

service also as energy theft detector, and indicates that anti-tampering characteristics are essential at 

hardware level. 
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 Bad data in active or reactive power measurements can be more easily detected at LV and MV level. 

This is also due to the fact that, passing to the higher-level layers of the SE architecture voltage inputs 

become more accurate and give a stronger constraint on the power flow along the grid. However, while 

in most of the cases the bad data function can detect that a wrong measurement is present, the correct 

identification of the corrupted measurement cannot be easily achieved. 

 Bad data identification for active and reactive power measurements at LV and MV level can be 

significantly improved by deploying new power measurements at the LV or MV feeders in addition to 

the starting measurement configuration given by the end-user meters. In this case, however, 

achievable results are strongly dependent on the particular combination given by the placement of the 

additional metering instrumentation and the location of the bad data. 

As conclusion of this analysis, the investigations highlighted the possibility to properly detect and identify 

voltage bad data, and this is important also as a diagnosis tool to find possible malfunctioning of smart 

meters. The proper detection and identification of bad power measurements requires instead additional 

efforts and the design of an ad hoc measurement configuration, including the placement of additional 

meters at LV or MV level. 

 Evaluation of the Network Topology Reconfiguration service 

Distribution networks are generally weakly meshed but operated in a radial configuration in order to guarantee 

a reliable and safe operation under fault conditions. It is however possible, for the DSO, to change the network 

topology by acting on the remotely controllable circuit breakers, closing normally open and opening normally 

closed lines. In FLEXMETER we focused on the use of the results of the SE service for the on-line real-time 

automatic MV grid reconfiguration, with the goal to minimize the losses in the grid and obtain a more efficient 

operation of the system. The structure of the validation framework, integrated with the FLEXMETER cloud 

infrastructure, is described in Deliverable D6.2. 

In the performed simulations, the operating condition of the MV network at t = 0 is the default operating 

condition showed in  Figure 13, where, to keep the radial configuration, the line connecting buses MV_007 and 

MV_008 is open. Then, during the daily operation of the system, power losses are evaluated on the basis of 

the SE results in order to assess the need for a change of network configuration aiming at improving the grid 

efficiency. As showed in Table 12, thirteen changes of topology were triggered by the Network Reconfiguration 

service. It is worth noting that, according to the design of the Network Reconfiguration service, the transition 

to a different topology is activated only if the reconfiguration allows improving the efficiency of the system for 

a minimum period of time (5 minutes in the simulation). This prevents multiple changes brought by very short 

fluctuations of the power flows in the grid, and allows avoiding unnecessary stress for the system components.  

The total network power losses during the day are showed in Figure 20. In the figure, as a reference, the losses 

of the network operating in a meshed configuration (blue line) are plotted. This reference represents the 

minimum losses which could be reached only in an ideal situation, as the network is operating in a radial 

configuration. The red and orange lines show instead the losses of the network which operates with the fixed 

default topology and those of the network which operates with the variable topology, reconfigured by the 

Network Reconfiguration service, respectively. It is possible to observe that the red and the orange curves are 

very close during the first and the final part of the day, when the loading conditions of the grid are low and the 
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losses are relatively small. During the central hours of the day, instead, the orange curve is well below the red 

one: the change of topology provides evident savings in terms of power losses.  

Table 12 - Changes of topology. 

Time step [min] Switches status vector 

1 ÷ 163  [1, 1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1] 

164 ÷ 317  [1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1] 

318 ÷ 515  [1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1, 1] 

516 ÷ 693  [1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1] 

694 ÷ 755  [1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1, 1] 

756 ÷ 855  [1, 1, 1, 1, 1, 1, 1, 1, 0, 1, 1, 1, 1] 

856 ÷ 925  [1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1, 1] 

926 ÷ 1000  [1, 1, 1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1] 

1001 ÷ 1032  [1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 1, 1] 

1033 ÷ 1053  [1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 1, 1, 1] 

1054 ÷ 1065  [1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 1, 1] 

1066 ÷ 1075  [1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 1, 1, 1] 

1076 ÷ 1187  [1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1, 1] 

1188 ÷ 1440  [1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, 1] 

At the end of the simulation, it is possible to evaluate the total energy savings due to the network 

reconfiguration. The total losses over the simulated day are 716 kWh for the ideal meshed operation, 1283 

kWh for the operation with the fixed default topology and 749 kWh for the variable topology operation. By using 

the Network Topology Reconfiguration service more than 40% of the energy losses are saved. This value 

obviously refers to the particular scenario and network configuration used for these simulations, but highlights 

the potential value of smart automation functions built on top of the smart metering infrastructure. 

In addition, Figure 21 also shows the improvement achievable in terms of voltage profile. In particular, the 

graph shows the maximum bus voltage drop in the MV grid with respect to the nominal value. The results 

related to the meshed grid serve again as a reference for an ideal optimum case. As it is possible to note, even 

if the voltage optimization is not directly used as objective function in the Network Topology Reconfiguration 

algorithm, the used reconfiguration approach leads to clear enhancements also from this perspective, thanks 

to the minimization of the flowing currents and the consequent reduction of the voltage drops along the lines. 



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 44 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

 

Figure 20: MV network total power losses. 

 
Figure 21: MV network voltage deviation from the nominal value. 
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In a similar way, the Network Topology Reconfiguration service also has the potential to bring some benefits 

in terms of more efficient use of the locally generated energy. Simulation results show in fact that, when the 

default topology is used, the power generated by node MV_008 arrives till the HV/MV substation in 252 min 

out of 1440 (the active power flow is directed from node MV_013 to node HV/MV_001). This means that the 

generated power is more than the demand of the loads present in the same feeder, and the exceeding power 

has thus to be re-directed through the HV/MV substation to the other feeder. Through the reconfiguration of 

the network this situation can be avoided and when high generation is present, this can be directly linked to 

the most demanding loads in the grid in order to have a better balance between generated and demanded 

power in the different feeders. 

 Evaluation of communication performance 

One of the most important requirements for the SE service is to have a fast communication of the data in order 

to enable the (near-) real-time monitoring of the grid. This is particularly important above all for the designed 

service, where different layers of the SE architecture run in series to provide the monitoring, first of the LV grid, 

and then of the MV network. To assess the latency performance of the SE service, communication tests have 

been performed to characterize the data transmission performance and further tests have been carried out to 

analyse the computational time required by each layer of the SE service.  

To assess transmission performances, communication tests have been carried out to estimate the time needed 

by the different actors in the system to send and receive data through the MQTT protocol. As shown in Figure 

12, LV and MV State Estimators and Network Topology Reconfiguration work as both publishers and 

subscribers, while the Building Concentrators act just as publishers. From here onwards in this section, we will 

refer to all these actors as either publishers or subscribers, depending on their current role. Tests have been 

performed in a Wide Area Network (WAN) environment to evaluate the performance in a worst-case scenario. 

Thus, publishers, subscribers and message broker have been deployed in different locations and they 

communicate across the Internet. Tests have been performed sending a data payload of about 1.3 Kbyte every 

500 ms in order to collect a sufficiently large set of data to be analysed from a statistical viewpoint. Figure 22 

reports the transmission latency for almost thirty thousand packets that have been sent during one of the 

communication tests. This latency coincides with the round-trip-time on the WAN, which is the elapsing time 

between sending and receiving a packet from the publisher to the subscriber respectively. In particular, the 

plot on the left side in Figure 22 reports the detail for the transmission latency of all the sent packets. This plot 

highlights that most of the packets are delivered in less than 0.2s. On the right side of Figure 22, the same 

data are represented through a box-plot indicating the transmission latency distribution, with outliers (values 

that lie more than one and a half times the length of the box from either end reported in black. The obtained 

median value is 0.14s, while Q1 and Q3 values are 0.11s and 0.15s respectively. The bottom and top whiskers, 

W1 and W2 in the figure, are 0.1s and 0.21s: thus, almost 97% of the packets are delivered in less than 0.21s. 

Only in very few cases, the transmission latency was beyond 1 second.  
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Figure 22: Transmission latency - experimental results 

Figure 23 shows instead the characterization of the SE algorithms running at each layer of the SE architecture. 

It is possible to see that, thanks to the horizontal and vertical partition of the SE problem in the multi-level 

architecture, the computation times of each algorithm have been drastically limited and they do not represent 

a concern for the achievement of the real-time functionality. All the algorithms have a computation time that in 

97% of the cases is under 100ms. Summing up all the contributions of latency coming from the data processing 

and the data transmission, it is possible to conclude that the deployed SE service could be able to provide the 

real-time monitoring of both the LV and the MV grids with an overall delay within few seconds.  

 

Figure 23: computational performance of the SE modules. 
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 Fault location 

 Scenario description 

To improve the continuity of service for the electrical energy supply, possible solutions are either to install more 

advanced equipment or to better manage the faults. Advanced outage management system is one of the 

important functions of an advanced Distribution Management System (DMS). At the moment, most DSOs use 

customer calls to detect and locate the LV network outages. After detection and identification of the outage 

area, fault location in MV and LV is normally performed by inspection by the operators. 

In the FLEXMETER project new meters are installed at the user level and in MV/LV substations at the 

beginning of LV feeders. By measuring and reporting data from these devices it is possible to enhance the 

outage detection and location and perform it with no or little human intervention. The meter data needed for 

outage detection and location is the so-called “last gasp” message from substation meters for outage detection 

and location in MV, and from user meters for the same objective in LV. The meter data needed for fault location 

is voltage and current phasors before and during fault event. 

Using “last gasp” messages the geographic area in which the fault made outage can be mapped, and system 

operator can locate outage without trouble calls. This indeed reduces the amount of time previously needed 

for mapping trouble calls and making decisions. Using “fault location algorithm” can also reduce the patrolling 

time of dispatched crew to find the location of fault and isolate it. As the number of installations in the pilot case 

of FLEXMETER are not sufficient, creating fault scenarios leading to outages, especially in MV grid with many 

customers, is not recommended, and due to lack of communication system to retrieve real time pre- and post-

fault data from one side, and limitations of network data accessibility from the other side, these use cases are 

not tested in real world scenarios. However, DENERG at POLITO demonstrated the proposed method and 

communication architecture through real time simulation. 

For the simulation, we performed tests and validations using real time simulation, because it is a highly reliable 

method based on electromagnetic transient simulation which can provide a virtual environment of the real 

systems where new control strategies (e.g. fault location) can be tested ex-ante before implementing in the 

real world, providing trustable real-like information on impacts and benefits. This kind of simulation for testing 

and validation of proposed algorithms reduces costs, enables more complete and continuous testing of the 

entire system without interruption, safely under possibly dangerous conditions, and with many possible 

configurations without physical modification. To test and validate the proposed fault location algorithm, a 

portion of Turin distribution system has been modelled at DENERG and executed using an Opal-RT hardware 

simulator. The ”virtual” meters at the beginning of MV feeders measure pre- and during fault voltage and 

current values as well as an alarm indicating the circuit breaker trip (feeder fault detection). 

 Benefits analysis of smart meter based fault detection and location 

Deploying outage detection/location and fault location systems using smart meters can eventually support 

distribution self-healing mechanisms. In self-healing mechanisms, the goal is to improve system reliability by 

reducing the failure rate and interruption time of customers. The procedure is to quickly identify and isolate 

faulted components and restore supply to the affected customers with little human intervention. This procedure 

is also called Fault Detection, Isolation, and Restoration (FDIR). Isolation and restoration processes are done 

either manually or automatically or as a combination of both. This depends on the type of actuators and 
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switches in the system. But one of the most time consuming actions of FDIR is the fault detection. In this action, 

outage needs to be also mapped and the fault must be located. The “outage detection and fault location” use 

case of FLEXMETER can improve the performance and efficiency of this part of FDIR (in terms of latency and 

accuracy) significantly.  

Figure 24 shows the process of a conventional outage management system. As it is indicated, restoration of 

customers on healthy (no faulty) sections of feeder takes at least 40-80 minutes. This means a large number 

of customers (all LV grids supplied by the disconnected MV feeder) are interrupted for a considerable duration 

of time, which eventually impacts on customer satisfaction and distribution system reliability. 

 

Figure 24: Process of a conventional outage management system. 

Reliability is defined as the ability of the power network to deliver uninterrupted power to its customers at a 

prescribed level of quality and security. Outages within a distribution system are one of the main factors 

threatening distribution system reliability. We evaluate distribution system reliability using reliability indices: 

SAIDI (System Average Interruption Duration Index) shows the average interruption duration per customer: 

 

 

 

where Ni is the number of customers and Ui is the annual outage time for location i. In other words, SAIDI is 

calculated by dividing “sum of all customer interruption durations” by “total number of customers served”. 
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where λi is the failure rate, Ni is the number of customers for location i. In other words, SAIDI is calculated by 

dividing “total number of customer interruptions” by “total number of customers served”. 

In the timeline process shown in Figure 24, the estimated time for 2 parts namely “outage mapping and decision 

making”, and “patrolling” is about 25 ~ 45 minutes. Using FLEXMETER outage detection and fault location 

method based on smart meters reduces this amount to 1 ~ 3 minutes. This already improves the index related 

to interruption time (SAIDI) remarkably. 

The SAIDI index for customers in Turin in year 2015 was 18.49 minute/client. Considering the fact that most 

of the customers can be re-energized by reconfiguration of the network (switching the disconnectors and 

reclosers to isolate the fault area), it is very important to reduce the time spent for restoration of these parts. 

Applying FLEXMETER outage detection and fault location would reduce this time from 40 ~ 80 minutes to 17 

~ 38 minutes: 

outage mapping and decision making + patrolling: 1 ~ 3 minutes 
repair crew dispatching and travelling: 15 ~ 30 minutes 
(manual) fault isolation: 1 ~ 5 minutes 
--------------------------------------------------------------------------------- 
Restoration of customers on healthy sections of feeder: (1+15+1) ~ (3+30+5) minutes 

Therefore, using FLEXMETER outage detection and fault location reduce almost 2 times the time needed for 

restoration of customers on healthy sections of feeder. Although the repair or replacement time of the faulted 

component takes more time, it averagely affects only about 147 customers (which is the average number of 

customer per each secondary substation in Turin as there are 3800 substations and 561,249 customers). This 

number with respect to the whole interrupted customers of a feeder whose main circuit breaker tripped upon 

occurrence of fault is very small. Therefore, 50% reduction in restoration time of customers on healthy sections 

of a feeder thanks to FLEXMETER outage detection and fault location tool would definitely reduce SAIDI to 

some lower level. 

The SAIFI index for customers in Turin in year 2015 was 1.22 number/customer. This value is for the faults 

that took over 3 minutes. Hence, if the restoration time of some customers decreases to less than 3 minutes, 

their interruptions will not be counted for SAIFI calculation. To achieve this rate of reaction, distribution system 

needs to be more automated so that the time for fault isolation could reduce. In manual fault isolation, repair 

crew should be dispatched and travel to arrive to the faulty area, and open/close switches manually on field. 

This takes about 16 ~ 35 minutes (Figure 24). In case there are automatic remote controlled switches in the 

distribution grid, a networked control system can reconfigure the network so that the faulted portion (e.g. cable, 

substation, etc.) will be isolated with a limited number of customers. Thanks to an efficient communication 

system, this process can be easily accomplished within 1 minute. Currently some of the switches in the 

substations are automatic and some are manual. The part of the feeder which is between two automatic 

switches can be isolated quickly in case of occurrence of a fault on that part; therefore the number of 

substations with manual switches or without any breakers between the two sequential automatic switches may 

directly affect the SAIFI index.  

In Figure 25, the average interruption time per customer for the years 1998 till 2014 in Italy is shown. As 

discussed, using FLEXMETER outage detection and fault location tool can reduce the interruption time related 

to the distribution system operator (blue portion) significantly. However, it requires deployment of smart meters 

able to provide real-time fault data as well as a reliable communication architecture. 
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Figure 25: Classification of yearly distribution system interruptions per customer. 

  



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 51 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

 Storage integration and management 

 Scenario description 

The Storage Integration Use Case is based on the work described in D3.2 and is based mainly on using the 

Electric Storage Database and different scenarios in order to investigate the opportunity and potential costs of 

adding additional Electric Storage to the existing grid.  

There can be a diversity of reasons behind such a decision and some of them were investigated as part of the 

work described in WP3 or as part of this Use Case. The main case studied in D3.2 is of additional renewable 

energy sources in the LV side of the network (a small residential PV plant) and that of additional consumption 

with the same network connection. This case was studied from a power quality stand-point and the voltage 

level was the primary indicator of the need to change the topology of the section grid and consequently to the 

decision to add electric storage capabilities. The results for that case were mixed and only in one scenario, 

additional storage was needed and for that case, the results are presented in the deliverable together with 

economic considerations based on the storage technology and the rated capacity.  

For the purpose of the Use Case, another scenario was envisioned in order to describe the service to the DSO 

as part of the panel of FLEXMETER services together with the dynamic storage management described in the 

next section. To test the proposed services, a sample distribution grid, composed of a 15 kV MV grid and 400 

V LV grids, has been emulated in simulation environment. It has to be mentioned that this is the same sample 

of the grid that was used to test other services like State Estimation and Network Reconfiguration, services 

that are described in previous sections of this report. Taking this into account, only the particularities of this 

simulation are presented here. These particularities are: 

 the original configuration of the network is used (the reconfiguration results are not taken into account) 

 additional renewable sources are added to nodes of the grid (MV_009 and MV_008), with different 

rated powers. The nodes are chosen specifically due to the higher impact of any variation for the nodes 

farther from the HV/MV connection point. 

 the necessity of additional measures to be taken due to the influence of these additional energy 

sources is studied and then the benefits and costs of such measures are investigated. 

Starting from this test scenario, the simulation of an entire day has been carried out with a time resolution of 

one second (based on reporting rate of the available information from smart meters). In the simulation, for 

each instant of time, a power flow of the whole network is performed to obtain the reference ‘‘true’’ values of 

the different electrical quantities of the grid. Given these reference values, voltage magnitude and active and 

reactive power measurements are extracted for each MV node. It has to be mentioned that for the purpose of 

this study, measurement uncertainty was not considered and typical patterns for the PV production and 

charging and discharging of the batteries were also taken into account. 

  Evaluation of technical and economical results 

The results of the static simulation (performed as a starting point in Open DSS) are presented in the following 

figures and the conclusion that can be drawn is that the sample of the network that is studied here is stable 

and for rated powers below P=0.6MW for each of the two nodes, the effect on the voltage level is minimum 
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(below 5%). As such, the presented results are for the threshold value of 0.6MW added to the two nodes and 

the scenario involves the decision of the network operator to grant the permission to add the specified 

renewable sources in that particular portion of the network with or without restrictions or not granting it at all.  

 

a) 

 

b) 

 

c) 

Figure 26: Grid behaviour before the addition of the PV plants; a) active power in MV_009; b) voltage in MV_008; 
c) voltage in MV_009.  
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For the studied case, in order for the effect on the grid to be minimal (a voltage variation bellow 5%) and without 

an increase in consumption and any other reconfiguration, an additional electric storage capacity of minimum 

0.75 MWh needs to be added to node MV_008. 

 

a) 

 

b) 

 

c) 

Figure 27: Grid behaviour with two additional PV plants in MV_008 and MV_009; a) injected active power in 
MV_008; b) voltage in MV_008; c) voltage in MV_009.  
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Figure 28 shows the corresponding voltage profiles achieved when planning the storage to work in the period 

of expected overvoltage. As it can be observed, the use of the storage allows mitigating the overvoltage and 

brings the voltage profile at a level below the 1.05 pu threshold. The energy stored during this time period can 

then be used during the rest of the day to partially feed the loads at the downstream LV grid. 

 

a) 

 
b) 

Figure 28: Grid behaviour with two additional PV plants and electric storage at bus MV_008; a) voltage level in 
MV_008; b) voltage level in MV_009. 

From a technical perspective, the particularity of this Use Case is that for each scenario, a different simulation 

needs to be performed with different types of constraints based on the type of grid portion (MV or LV), the 

considered parameters (typical power quality levels according to EN50180, connection approvals, increase in 

network reliability, minimization of losses etc.). 

From an economical perspective, the initial cost of purchase and installation and the perpetual costs of 

maintenance must be considered. In this case, if for the case of the scenario described in D3.2, the costs are 

high but not prohibitive, for the scenario described here, the costs are much higher as the storage technology 

for the kind of rated powers necessary to mitigate the possible variations in voltage level is only available for 

data centers and the price for a 0.5MWh UPS is in the range of the hundreds of thousands of euros without 
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considering the costs for the land and building that they have to be placed in, and the additional costs of the 

maintenance and security. 

As a conclusion, based on the metrics described in D6.2 (technical availability and cost-benefit analysis), the 

result of this scenario is that additional storage can be used but it is technically difficult and highly expensive 

to do it and other measures might be more feasible (connecting the additional resources in other nodes, 

connecting power plants with lower rated powers, reconfiguration of the network etc.). 

  Evaluation of real-time storage management strategy 

As reported in the previous sections, one of the main goals for the deployment of storage systems is to alleviate 

possible issues in the electric grid, like the overvoltages occurring due to large penetration of Distributed 

Generation (DG), such as PV plants. As a matter of fact, if the penetration of PV is not extremely high, possible 

overvoltages only occur in specific time slots of the day and just during specific periods of the year (namely in 

summer, when the irradiance on the PV plane of the array is at the maximum levels). An installed storage 

system, once installed, can in any case be exploited for many other purposes in the grid, like to provide support 

for a more efficient operation of the network, for losses minimization, etc. In D4.4, a real-time storage 

management strategy has been proposed, whose aim is to minimize the difference between the forecast of 

power consumption and the actual loading conditions in the grid. In this section, the analysis of this storage 

management solution is investigated. 

With respect to the description of the algorithm presented in D4.4, some minor changes have been applied. In 

particular, the updated version of the algorithm now considers 4 thresholds, two for the internal energy of the 

battery and two concerning the external power demand/availability. The first two threshold ask the battery to 

take energy from the network if the energy is below a threshold and to release energy if the level of the battery 

is above the upper threshold. The second thresholds, instead, ask the battery to charge/discharge if the 

difference between the forecasted power profile and the actual one is above/below the upper/lower threshold. 

Since the storage management needs to operate in the real time environment, the testing of this use case has 

been performed by means of real-time simulation. To this purpose, the storage management strategy has 

been implemented as a service in the application layer of the FLEXMETER architecture. In this way, it has 

been possible to test the storage management service through the real-time simulation platform presented in 

D6.1, realizing a software-in-the-loop configuration for the simulation.  

Figure 29 gives a schematic view of the real-time simulation set-up used for the tests. In particular, it is possible 

to observe that the simulation engine presented in D6.1 is used at the power system simulation side to emulate 

the operation of the grid. Here, the forecast power profiles are used as input for the generation of the PQ set 

points that are provided to the real-time power system simulation. Since the creation of the load and generation 

profiles has random components, a mismatch between forecast and actual power profiles is always achieved. 

Figure 30 shows, as an example, the mismatch present for one of the performed simulations. The information 

composed of a priori forecast and actual measurements of the operating conditions (performed into the real-

time simulator) is then extracted and sent via MQTT to the cloud using specific topics for the publication. The 

remote application (namely the storage strategy under test) is subscribed to such topics and reacts, as soon 

as new data arrive, in order to decide the charging and discharging strategy for the battery. Such actuation 

command is then sent back to the power system simulation via MQTT and duly integrated into the simulation 

via the simulation controller.  
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Figure 29: Real-time simulation set-up for testing of storage management. 

 

Figure 30: Mismatch between forecast and actual data. 

For the charging/discharging process of the storage system, the parameter setting was performed by 

considering the economic costs of the process. In particular, we consider that each charge/discharge cycle 

costs are as follows: 

𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑎 𝑐𝑦𝑐𝑙𝑒 =  
𝐶𝑜𝑠𝑡 𝐵𝑎𝑡𝑡𝑒𝑟𝑦 [𝑒𝑢𝑟𝑜]

𝐿𝑖𝑓𝑒 𝑇𝑖𝑚𝑒 [# 𝑜𝑓 𝑐𝑦𝑐𝑙𝑒𝑠]
 

while the cost of the difference between the actual power profile and the predicted one is  

𝑐𝑜𝑠𝑡(𝑡) = 𝜆||𝑝(𝑡) − 𝑝 ̂(𝑡)||
2

2
 

where λ is a constant opportunely chosen. The total operational cost for the storage system is then given by 

the sum of these two costs. 
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In Deliverable D6.2 we consider two KPIs: The first one is the integral with respect to the time of the difference 

between the real power consumption and the predicted production curve, i.e. 

𝐸 = ∫ ||𝑝(𝑡) − 𝑝 ̂(𝑡)||1

𝑇

0

𝑑𝑡 

The second metric is the ratio  

𝑉 =
RLDSM − RLSM

RLDSM
 

where RLDSM is the Residual Life by using Dynamic Storage Management and  RLSM is the Residual Life by 

using Standard Methods. In particular, for Standard Methods we mean a battery that charge whenever there 

is a surplus of power (the actual power request is lower than the forecast) and discharge whenever there is 

request of power (the actual power is lower than the forecast). Such a Standard Method is commonly adopted 

as benchmark to analyse the benefits achievable by implementing more complex solutions. 

We tested the methods by using 4 different scenarios, corresponding to different profiles of power consumption 

associated to the different seasons of the year. The following Table 13 reports the values of the KPIs in the 

different scenarios. 

Table 13 – Summary of the metric evaluation through the dynamic storage management. 

Experiment 

Set 

E smart battery 

management 

E standard battery 

management 

V 

Scenario 0 1984 (73) 2295 (0) 56% (13%) 

Scenario 1 1977(54) 2295 (0) 64% (8%) 

Scenario 2 2065 (69) 2205 (0) 35% (4%) 

Scenario 3 2134 (43) 2762 (0) 55% (5%) 

Scenario 4 2055 (33) 2172 (0) 63% (9%) 

 

In order to statistically analyse the results provided in the Table, we run the simulations multiple times (since 

the smart battery does not have a deterministic behaviour). In brackets, there is the standard deviation of the 

values. As the reader can notice, all the values of V are positive: this means that the proposed approach is 

better than the standard one in terms of stress for the storage system and it allows increasing the residual life 

of the battery. Furthermore, the difference between the forecast and actual power profile is lower than with the 

use of the standard battery. This outcome is due to two reasons: the first one is that several times the standard 

battery management leads to run out of energy, while the proposed smart battery management has a safer 

charging/discharging policy (i.e. it tries to be on the central values of the capacity of the battery). The second 

reason of this behaviour is that the smart battery management policy uses less life than the standard one and 

in some scenarios this leads the battery to be used when the standard one has already completed its lifetime.  

We show the graph of the cumulative life lost by the two type of batteries in the following figure: 
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Figure 31: Comparison of life battery usage for the proposed and the reference battery management strategies. 

As the reader can notice, while the number of charge/discharge cycles (c/d cycles) of the standard battery is 

strictly increasing, the number of cycles of the smart battery management stays constant for longer time. This 

is due to the fact that the smart battery management ignores the small differences between the forecast load 

profile and the actual one and triggers a change of status for the storage only when the difference is beyond 

the given thresholds. Such thresholds are dynamically adjusted, and this guarantees that the same 

management philosophy can operate also in different grid scenarios with minimum efforts for tuning the 

thresholds. As also reported in the description of the storage management algorithm in Deliverable D4.4 the 

evolutionary battery management strategy here presented needs more time to run than the simple policy used 

as reference. Nevertheless, all the computations can be done in real-time by all the available control chips for 

a really small amount of energy and total cost.  
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 Load balancing and demand response 

The active involvement of final customers in the management of the grid, by using their flexibility to reshape 

the pattern of power consumption, is one of the key drivers towards the Smart Grids. The flexibility of the 

customers can be helpful to mitigate the issues brought by the unpredictable and intermittent nature of some 

renewable energy sources, like solar and wind plants. More in general, the use of the flexibility available at the 

customer side allows different actions aimed at operating the grid more efficiently, postponing refurbishment 

investments, and facing possible contingencies. In this use case, two different solutions are tested and 

evaluated. The first one is a Demand Response (DR) program, whose goal is to deal with possible 

contingencies in the grid by applying a smart curtailment of flexible devices at the end-users premises. The 

second solution is a Demand Side Management (DSM) scheme, whose purpose is to identify flexible 

appliances and to shift their operation to off-peak hours, in order to balance the loading condition of the network 

over the day and to reduce power peaks. More details on these services can be found in D4.4. In the following, 

evaluation scenarios and associated tests and results are presented to highlight the potential benefits provided 

by the application of this category of services. 

 Description of Demand Response testing scenario 

The goal of the DR service here discussed is to apply a specific reduction of power consumption (for example, 

due to a congestion in the electric grid) by curtailing flexible appliances available at the customers’ premises. 

Two sets of simulations have been carried out to investigate the goodness of designed DR algorithm. The first 

set includes off-line simulations with simplified appliance consumption profiles that have been used to properly 

tune the algorithm and to assess the accuracy performance of the algorithm. The second group of simulations 

is instead run on-line, by integrating the DR service with the FLEXMETER cloud platform and using the real-

time simulation engine presented in D6.1 to emulate the realistic profiles of power consumption down to the 

single appliance level. 

As for the on-line simulations, test results presented in the following are generated through the emulation of 

an LV grid subtending 360 residential customers in the Real-Time Simulator (RTS) environment. The 

considered grid is a portion of the distribution network in Turin and it is composed of 20 nodes out of which 15 

nodes are connected to residential customers (see Figure 32). The total number of households is 

approximately equally distributed among the nodes, so that each node subtends between 20 and 28 

customers. The size and the ratio of the MV/LV transformer in the upstream secondary substation is 250 kVA 

and 22/0.4 kV respectively.  
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Figure 32: Topology and line characteristics of the grid. 

For this scenario, daily power consumption profiles of the households are created using the load profile 

generator presented in D6.1. For each customer, a set of appliances existing within the house has been 

extracted taking into account user-defined percentages of diffusion of the appliance. As an example, 100% of 

the customers has been assumed to own a fridge, whereas only 50% of the customers has been considered 

to have a dishwasher. The overall power consumption profile for each household is obtained as the 

aggregation of the single appliances’ consumption, which include a large set of devices such as fridge, washing 

machine, dishwasher, microwave oven, TV, etc. In particular, in the performed simulations, the following 

appliances are considered as smart devices shiftable through DR policies: fridge, standalone freezer, washing 

machine, tumble dryer, dishwasher and electric water heater. Figure 33 shows, as an example, the 

consumption profile generated for one of the households, where the contribution of the most energy-hungry 

devices, like washing machine and dishwasher, can be clearly identified. 

 

Figure 33: Example of power consumption profile generation for a household. 
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Given this set-up, the Real-Time Simulator can run the smart grid emulation. Measurement data from the 

households virtual smart meters are sent to the FLEXMETER cloud every minute thanks to the Device 

Integration Adapter (DIA) embedded in the simulation controller (more information on DIA are provided on the 

deliverable D4.6 and D6.1). In addition, time-tagged switch-on events from the shiftable smart devices are also 

sent to FLEXMETER to provide Energy Aggregation Platform (EAP) with the relevant data needed for the 

proper application of the Demand Response logic. The simulation controller also has a specific sub-module in 

listening mode, which allows the collection of the actuation commands from the EAP whenever a Demand 

Response event is triggered. In this way, the appliances selected for the curtailment can be switched-off and 

the household consumption profiles can be consequently updated and used to assess the effects of the DR 

policy under test on the smart grid behaviour. 

 Evaluation of Demand Response results 

To estimate the maximum error generated by the heuristic algorithm of the DR service (more details about the 

algorithm are given on the deliverable D4.4) with respect to the precise request of power reduction, different 

test instances have been generated in the following way. The number of Household Units (i.e. customers) has 

been set to 25, 50, 100 and 200 to represent different scales of the problem. The error is calculated as the 

ratio between the total consumption and the largest consuming appliance. The number of appliances is 

assumed as constant for each Household Unit, namely 6 different appliances. We present results up to 200 

Household Units because these are primarily affected by the error. Increasing the number of appliances leads 

to more tight results. Power profiles of the different appliances have been generated so that: i) the duration is 

indicated in minutes and is uniformly randomly generated in the range [80...160]; ii) the energy consumption 

for each minute is uniformly randomly generated in the range [0.5...1.5] kW. The cut-off requests used as input 

and target for the DR algorithm are 10%, 20%, 30% and 40% of the global consumption generated by the 

whole set of Household Units in the grid.  

Figure 34 shows the relation between the number of Household Units of a specific cut-off request and the 

increase in the cut-off quantity calculated by the algorithm with respect to the nominal “optimal” cut-off obtained 

by the simple percentage calculation. Clearly the nominal cut-off can also partially deactivate an appliance, 

thing which is not possible in reality since an appliance is switched-on or off. As it can be seen, if more 

Household Units are considered, the algorithm tends to perform better since there is more room for optimization 

than with fewer appliances. In general, the worst case is reached for 25 Household Units and it never exceeds 

5.5%. This is caused by the higher impact of a single appliance with respect to the global consumption. 

Besides, it is worth to notice that this is only a rough estimation of the percentage error as the discreteness of 

appliances activation/deactivation is not taken into account at all in this estimation.  
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Figure 34: Cut-off percentage exceeding nominal request. 

To investigate on-line the impact of DR on the behaviour of smart grids, two scenarios, with and without 

Demand Response, were executed, and the power flow at the transformer and at the branches of the grid, 

together with the voltage profiles at the different nodes, were monitored and captured every 1 minute for a 24-

hour period. The results of the scenario without Demand Response show that the apparent power flowing 

through the transformer is reaching the transformer capacity (80 to 96 percent) after 18:00. At the same time, 

voltage profiles of some far nodes report a slight violation of voltage (to less than 90 percent) during the peak 

load event. To cope with these issues, we triggered a DR curtailment event after 18:30 to shave the peak load. 

The operation of the appliances selected by the EAP was stopped for 2 hours and, therefore, reactivation 

occurs after 20:30. This load reduction during the peak time along with a consequent loss reduction in the grid 

resulted in a decrease of apparent power flow at the substation (Figure 35). Simultaneously, voltage profiles 

were also slightly improved (Figure 36).  

 

Figure 35: Total apparent power at MV/LV substation with and without DR. 
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Figure 36: Voltage profile at node 16. 

The small voltage drops in LV nodes might be negligible, and the risk of transformer congestion could be 

resolved by replacing it with a larger one. But considering trends in smart grids towards integrating more 

distributed energy resources (e.g. rooftop PV panels in urban areas), total power demand of these LV systems 

from upstream networks would remain well below transformers’ capacity for longer time periods of a day. 

Therefore, it is wise to utilize smart devices and efficient Demand Response algorithms to control the events 

instead of physically reinforcing costly infrastructure. The solution here presented has the potential to face 

possible unexpected congestions in the grid and to relieve the stress conditions for the network. At the same 

time, it is also worth underlining that solutions like the one here presented have to be designed and tuned very 

carefully, because they are likely to produce the so-called rebound effect (which would lead to the generation 

of a new contingency after the end of the DR event). To avoid this type of issues, a possible solution is to 

implement day-ahead scheduling plans whenever possible, and to use real-time management of the flexibility 

only for emergency conditions.   

 Description of Demand Side Management testing scenario 

Test results presented in the following are generated by emulating a city district connected to a smart grid 

subtending 1000 residential customers in Real-Time Simulator (RTS) environment. For simulation purposes, 

a set of shiftable appliances (washing machine and dish washer) has been generated following typical values 

of appliance diffusion for each customer. Moreover, activation habits have been generated for each appliance 

for one year. The main goal of the Demand Side Management (DSM) algorithm is to reshape the overall 

electricity power consumption profile following a predetermined cost function. This cost function is set equal to 

the power profile curve of the electricity consumption trying to flatten it, filling the valley moving shiftable 

appliances from the peak to a different time slot in the day. More details about the DSM algorithm are given 

on the deliverable D4.3. 

To run these tests, we feed our algorithm with 7 weeks of generated data before the specific day in which we 

want to run the DSM, that is Monday 3rd July 2017. The power consumption profile with and without shiftable 

appliance energy for this day is presented in Figure 37. 
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Figure 37: Power profile with and without shiftable appliances for 1000 residential customers 

The total amount of shiftable energy is composed by the energy absorption of dish washer and washing 

machine cycles that is 363.840 kWh. The appliances cycles that cause this absorption are 344: 

 256  Washing Machine 

o PMAX  2.0120 kW 

o PMEAN  0.3991 kW 

o ECYCLE  0.8893 kWh 

o Duration  02:13:41 

 88  Dish Washer 

o PMAX  1.7510 kW 

o PMEAN  0.7910 kW 

o ECYCLE  1.5475 kWh 

o Duration  01:57:23 

DSM has been run firstly to create suggestion based on the typical appliance usage habits of the customers 

(no cost function is applied here to flatten the consumption profile, the DSM in this case only suggests to use 

the shiftable loads at a time associated to the customer habits). The result shown in Figure 38 demonstrates 

the capability of DSM algorithm to predict the customers appliance behaviour since the prediction result in 

power profile follow the one of the reference scenario. Results on metrics are shown in following Table 14. 
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Table 14 - Metrics of DSM with suggestion generated following appliance usage prediction. 

Metric Reference Scenario DSM based on prediction 

PMAX 480.0294 kW 491.4114 kW 

PMEAN 284.7041 kW 284.8732 kW 

Var(P) 8.0105e+03 7.9036e+03 

EDaily 6832.8984 kWh 6836.9568 kWh 

 

 

Figure 38: DSM with suggestion generated following appliance usage prediction. 

Next simulations have taken into account the cost function that is equal to the daily consumption pattern of the 

reference scenario. This is to obtain a more flattened power profile. DSM takes as input a percentage reference 

that is the weight between customers habits and cost function. For instance, in Figure 39, we represent the 

weighting in the first scenario, in which cost function is not taken into account. Each plot represents a building 

unit with the following trends: (i) ground truth is the real distribution coming from the past weeks that fed the 

LDA algorithm to calculate the prediction. (ii) logprediction represent the form in which we represent the 

prediction as a cost function to mix it up with the energy cost function. It can be observed that the energy cost 

function is equal to the daily power profile. Setting the percentage reference to 100%, we are giving absolute 

importance to the (iii) -log prediction so the combined cost function results equal to the prediction. 

The simulation tests were executed for different reference percentage: 75%, 50%, 25% and 0%. 
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Figure 39: Weighting between cost function and user habit. 

 Evaluation of Demand Side Management benefits 

To evaluate the benefits given by the DSM algorithm, the metrics defined in Deliverable D6.2 have been taken 

into account.  

DSM with suggestion generated weighting 25% cost function and 75% user habits 

DSM has been run to create suggestion based 75 % on the typical appliance usage habits of the customers 

and 25% on the selected cost function. The result obtained by using this setting is shown in Figure 40. Since 

the suggestions are generated with a high weight on user habits, the DSM curve is still following the reference 

scenario curve.  Results on metrics are shown in Table 15. DSM moved 90kWh of appliances to address less 

variance of the curve respect to reference scenario and reduced the peak to 98.29% of the original value.  

Table 15 - Metrics of DSM with suggestion generated weighting 25% cost function and 75% user habits. 

Metric Reference Scenario 
DSM 75% prediction 

              25% cost function 

PMAX 480.0294 kW 471.8194 kW 

PRP 100.00% 98.29% 

PMEAN 284.7041 kW 284.4691 kW 

Var(P) 8.0105e+03 7.3888e+03 

EMoved 0 kWh 90.3912 kWh 
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Figure 40: DSM with suggestion generated weighting 25% cost function and 75% user habits. 

   

Figure 41:  Weighting between cost function and user habit. 

DSM with suggestion generated weighting 50% cost function and 50% user habits 

DSM has been run to create suggestion based 50 % on the typical appliance usage habits of the customers 

and 50% on the selected cost function. The results obtained for this test case are shown in Figure 42. 

Differently from the previous test case, the suggestions now are more likely to follow the cost function as we 

can see from the combined cost in Figure 43. The DSM moved a peak of 50kW between 4:00 and 6:00 o’clock. 
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Results on metrics are shown in Table 16. DSM moved 130kWh of appliances to give less variance of the 

consumption curve with respect to the previous scenario and reduced the power peak at 98.64%. 

 

Figure 42: DSM with suggestion generated weighting 50% cost function and 50% user habits. 

 

Figure 43: Weighting between cost function and user habit. 
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Table 16 - Metrics of DSM with suggestion generated weighting 50% cost function and 50% user habits 

Metric Reference Scenario 
DSM 50% prediction 

              50% cost function 

PMAX 480.0294 kW 473.5044 kW 

PRP 100.00% 98.64% 

PMEAN 284.7041 kW 284.5680 kW 

Var(P) 8.0105e+03 6.4728e+03 

EMoved 0 kWh 135.0977 kWh 

 

DSM with suggestion generated weighting 75% cost function and 25% user habits 

DSM has been run to create suggestion based 25 % on the typical appliance usage habits of the customers 

and 75% on the selected cost function. The result is shown in Figure 44. Combined cost weight is higher than 

user habits. The peak generated in the valley between 2:00 and 6:00 is wider than the previous results, 

reaching an higher maximum power value (100kW). Results on metrics are shown in Table 17. DSM moved 

190kWh to address less variance of the curve respect to previous scenario and reduced the peak at 98.63%. 

 

Figure 44: DSM with suggestion generated weighting 75% cost function and 25% user habits. 
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Figure 45: Weighting between cost function and user habit. 

Table 17 - Metrics of DSM with suggestion generated weighting 75% cost function and 25% user habits. 

Metric Reference Scenario 
DSM 25% prediction 

              75% cost function 

PMAX 480.0294 kW 473.4704 kW 

PRP 100.00% 98.63% 

PMEAN 284.7041 kW 285.1389 kW 

Var(P) 8.0105e+03 5.9875e+03 

EMoved 0 kWh 190.0440 kWh 

 

DSM with suggestion generated weighting 100% cost function 

DSM has been run to create suggestion based on the selected cost function. The result is shown in Figure 46. 

The peak between 2:00 and 6:00 is higher with respect to previous results and reach a difference from 

reference scenario of 150 kW. Results on metrics are shown in following Table 18. DSM moved 212kWh to 

address less variance of the curve respect to previous scenario and shaved the peak of 98.29%. 
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Figure 46: DSM with suggestion generated weighting 100% cost function. 

 

 

Figure 47: Weighting between cost function and user habit. 
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Table 18 - Metrics of DSM with suggestion generated weighting 100% cost function 

Metric Reference Scenario 
DSM 0% prediction 

           100% cost function 

PMAX 480.0294 kW 471.8184 kW 

PRP 100.00% 98.29% 

PMEAN 284.7041 kW 285.1103 kW 

Var(P) 8.0105e+03 5.9884e+03 

EMoved 0 kWh 211.9266 kWh 

 Scalability and computational performance analysis 

In this section, we present results about the scalability of the whole platform. We performed tests with 1k, 5k 

and 10k Household Units (HU), respectively, to evaluate the computation performance of i) the FLEXMETER 

infrastructure, ii) the Energy Aggregation Platform and iii) the proposed Demand Response heuristic running 

in EAP (more details about the algorithm are given on the deliverable D4.4). We also present results on the 

performance of data transmission among the different actors in our framework.  

EAP was deployed in a physical server with a CPU Intel Xeon 3.40 GHz with 8 cores and 32 GB of RAM. 

Whilst, the FLEXMETER platform was running in a virtual server in a cloud with a CPU Intel Xeon 2.20 GHz 

with 16 cores and 24 GB of RAM. To perform these tests, we developed a special Device Integration Adapter 

(DIA) to simulate the communication behaviour of smart appliances. EAP, FLEXMETER infrastructure and DIA 

have been deployed in different location in Europe and communicate across the Internet. According to our 

tests, increasing the number of HU from 1k to 10k the usage of CPU and RAM was almost constant for both 

EAP and FLEXMETER platform. EAP had less than 5% CPU and RAM occupancy. Whilst, FLEXMETER 

occupied CPU less than 30% and RAM between 70% and 80%.  

Figure 48 benchmarks the CPU time in seconds needed by the algorithm to perform optimization for the 

different classes of requested cut-offs. Results confirm that the trend of the CPU time is basically linear with 

respect to the number of HUs. On average, we considered five appliances per HU that can be managed. The 

increase in the CPU time is consistent with the increase in the number of appliances of the problem instance 

set. This can also assess the upper limits in term of problem sizes if the utility needs to set up a maximum time 

for computing a solution of the Demand Response. Also in these tests, the cut-off requests are 10%, 20%, 

30% and 40% of the global consumption generated by the whole set of appliances. As shown in Figure 48, the 

computational time needed by the Demand Response algorithm is almost the same for the different cut-off 

requests and it varies from about 0.06s to about 7.5s for 1k and 10k Household Units, respectively.  
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Figure 48: CPU time trend w.r.t. Household Units. 

To assess the transmission performance of the proposed infrastructure over the Internet, we performed 

communication tests to estimate latency in retrieving data and sending actuation commands. The results of 

these tests are shown in the box-plots of Figure 49.  

Figure 49a shows the latency values when sending measures from the smart devices to FLEXMETER 

infrastructure over MQTT protocol, with a payload of about 150 bytes. As shown by the graph, data 

transmission is not affected by the variation of Household Units, maintaining a median value of about 70ms 

for HUs varying from 1k to 10k. Furthermore, the variability of the latency values is in general very low. Figure 

49b shows the latency values of REST Web Service when retrieving information from FLEXMETER. More 

specifically, EAP invokes a specific REST Web Service to obtain information from all the HUs involved in the 

Demand Response event. As shown in Figure 49b, the latency is generally very low (less than about 8s). 

Figure 49c reports the latency of actuation commands sent from EAP to smart devices trough the FLEXMETER 

infrastructure. This latency includes: i) the time needed by EAP to post the actuation commands to 

FLEXMETER via REST and ii) the time needed by FLEXMETER to send such commands to the smart devices 

via MQTT. Each actuation command is intended with a payload of about 300 bytes. Even in this case, the 

graph shows no significant variation of latency at different Household Units (about 150ms). 

 

Figure 49: Transmission latency at different Household Units: (a) MQTT, (b) REST, (c) Commands. 
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 Heat pumps management 

The Heat Pumps management service belongs to the category of Demand Side Management applications and 

aims at coordinating in a smart way the operation of Electric Heat Pumps (EHPs) in a given scenario. Similarly 

to the DSM use case discussed in the previous Chapter, the goal of this service is to provide a day-ahead 

scheduling of the electro-thermal devices that allows distributing the power demand over the day and reducing 

as much as possible the load peaks in the network. Two main reasons motivate the need of a dedicated 

application tailored to the management of EHPs: 

 Following the thrust towards a more efficient consumption of energy, the use of electro-thermal devices 

for heating purposes is currently being pushed by many local governments, above all in the countries 

in Northern Europe. Since the amount of energy consumed for heating purposes is significant, the 

diffusion of electro-thermal devices, like EHPs, is likely to strongly affect the pattern of power 

consumption in the grids subtending residential/commercial customers. Therefore, to avoid an 

uncontrolled increase of the energy consumption (above all during peak hours) from one side and to 

suitably exploit the flexibility given by the thermal inertia of buildings on the other hand, a service 

specific for the management of the EHPs is useful. 

 A key point for the applicability of the DSM strategies in a real scenario is to obtain, directly or indirectly, 

the availability from the customers to use the flexibility associated to their loads. To this purpose, each 

demand side management or demand response approach needs to take into consideration the comfort 

requirements of the final users. In the case of EHPs, this means that the flexible operation of the 

electro-thermal devices has to guarantee, besides the technical objective for the electric grid, that 

minimum thermal comfort requirements desired by the final customers are met. This calls for the 

development of models representing both the electrical and the thermal world, leading to the co-

simulation of the two energy vectors. Given this peculiarity in the modeling and simulation of the use 

case, a service tailored to this purpose, including the relevant models with the necessary level of detail, 

is required. 

During the FLEXMETER project, a centralized heat pump management service has been developed, which 

allows defining the day-ahead scheduling of the EHPs in the considered grid while taking into account the 

possible thermal comfort requirements decided by the final users. In the following section, the main 

assumptions considered for the design of this service are recalled (see D4.4 for more details) and the resulting 

mapping of the service in the FLEXMETER platform is shown. Then, the different scenarios considered for the 

simulations and the corresponding results are reported in the following sections in order to highlight the benefits 

potentially achievable through the implementation of the service for the smart management of EHPs. 

 Integration of HP management service into FLEXMETER platform 

The proposed EHP management service is based on a centralized algorithm that coordinates the operation of 

the heat pumps for all the customers subscribed to the service in the considered portion of the grid. The design 

of a centralized algorithm has been chosen because it ensures achieving the minimization of the power peaks, 

which is the main goal of the service from a technical perspective. This implies some constraints from a 

communication and computation viewpoint, but avoids the risk to create new peaks at a different time (with 

respect to the original one) due to the similar response of uncoordinated energy management systems running 

locally at the customer premises (this is a potential risk, for example, in the management strategies based on 
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Time of Use pricing, above all if the amount of flexible energy to be allocated is relatively large with respect to 

the quote of inflexible energy consumption). 

 

Figure 50: Schematic view of the HP management service inputs. 

Figure 50 provides a schematic view of the EHP management service, highlighting the inputs required for the 

optimization algorithm. Specifically, it is possible to notice that three main inputs are needed: 

 Forecast of the inflexible load: the goal of the EHP management service is to allocate the energy 

consumption of the EHPs in the valleys and to possibly avoid their use at peak hours. Therefore, 

preliminary information on the expected profile of power consumption coming from the inflexible loads 

is required to this purpose. Some DSOs have historical and statistical data related to the typical 

patterns of power consumption for residential customers. In FLEXMETER, these data can be obtained 

through the analysis of smart meter measurements and with the contribution of the appliance 

disaggregation made by the NIALM service.  

 Forecast of outdoor temperature: this is an essential input for the estimation of the thermal losses of 

the buildings and, hence, for the computation of the thermal balance of the house; weather forecasts 

with good accuracy and fine-grained time resolution are made available by different providers. This 

service could be thus provided to the FLEXMETER cloud by a third-party actor. 

 House characteristics: they are essential for the implementation of the thermal models; these can be 

further divided in building thermal characteristics, customer thermal comfort requirements and heat 

pump characteristics. As for the building characteristics, in some countries, thanks to the regulations 

on the energy efficiency of the buildings, thermal characteristics are known and available for buildings 

that were recently constructed or renovated; in case these data are not available, ad hoc measurement 

campaigns have to be performed in order to extract the needed information. As for the customer 

thermal comfort requirements, this is a personal choice of the customer, which has to be provided as 

well to make sure that the centralized optimization gives a scheduling in line with the temperature 

preferences of the customer. Finally, the operational characteristics of the heat pump are also required 

as input to ensure that the provided scheduling is capable to provide the heat output required to fulfil 

the customer comfort needs. All these data can be stored into the FLEXMETER cloud as static 
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information. Temperature preferences for each customer can be updated on a daily basis, if needed, 

via REST interface. 

Figure 51 shows a schematic view of the integration of the service into the FLEXMETER infrastructure. The 

EHP management service exploits REST to access the information on weather forecast, power consumption 

forecast and customer comfort requirements, and uses the publisher/subscriber paradigm to get alerts, if a 

new profile of desired temperature is uploaded by one of the customers, and to send the EHP scheduling to 

the final customers. It is possible to observe that this service does not bring any particular challenge for the 

communication flows and, more in general, for the design of the cloud infrastructure. In fact, some of the inputs 

are static data that have to be uploaded only once (in the customer thermal models), while the varying data 

have to be updated on a daily basis (e.g. new forecasts of weather conditions and expected power 

consumption). This view of the integration of the HP service also permits highlighting the key role of the 

designed infrastructure and of the micro-services based approach promoted in FLEXMETER. In fact, inputs 

like weather forecast and power consumption forecast that are essential for the HP management service can 

be also provided by third-party actors if the EHP management service provider cannot or does not want to 

invest resources on their development. 

 

Figure 51: Integration of the HP management service in the FLEXMETER platform. 

 Description of the scenarios for the simulations 

To test the performance of the EHP management service and to evaluate the benefits associated to its use, 

several simulations have been performed. For all the simulations, the input data required for the HP service 
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have been created by taking into account realistic data. As for the power consumption profile associated to the 

inflexible load, realistic profiles of aggregated daily consumption for residential customers have been 

considered. In addition to the residential load, in the simulated scenarios, the presence of an additional 

inflexible industrial load has been also taken into account. This load has two levels of power consumption that 

are periodically alternated during the day. This particular pattern of power consumption for the industrial load 

has been chosen to exacerbate some peaks of demand in the daily power consumption profile so that it will 

be possible through the simulations to clearly evaluate the capability for the HP management service to flatten 

the daily consumption profile and prove the proper operation of the proposed optimization.  

As for the outdoor temperature profiles, real temperature data have been taken from historical data for the city 

of Aachen, Germany. In the tests here presented, the temperatures of a day in May and a day in December 

have been considered. Figure 52 gives the overview of the temperature profiles, which are provided with a 1-

hour time resolution. 

 

Figure 52: Outdoor temperature profiles for a random day in May and in December. 

In all the scenarios considered for the simulations, 60 house endowed with EHPs have been considered. For 

the 60 houses, different settings have been created by combining 12 building types (characterized by different 

thermal characteristics) together with 5 different profiles of desired indoor temperature expressing the 

customers comfort requirements. Figure 53 shows the thermal capacity and the heat loss factor of the 12 

building types, whose values are included in the house thermal models, whereas Figure 54 provides the 5 

profiles of indoor temperature considered as customers comfort requirements.  

 

Figure 53: Thermal characteristics of the simulated houses. 
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Figure 54: Boundaries of accepted temperature for 5 clusters of customers. 

Regarding the heat pumps, the proposed service obviously allows considering different EHP characteristics 

for each house. In the simulated scenarios, however, the same heat pump is considered for all the houses for 

the sake of simplicity. The heat pump characteristic curve is shown in Figure 55: it gives the relationship 

between consumed electrical power and generated air mass flow, which is in turn converted in heat delivered 

to the house by considering an air output temperature equal to 30°C.  

 

Figure 55: Heat pump operation characteristic curve. 

Given this set of inputs for the HP management service, simulation have been then performed referring to two 

different grid scenarios. In the first case, a LV feeder supplying 60 houses is considered, where all the 60 

houses are assumed to have an EHP. The objective in this case is to use the HP service to minimize the peak 

of the power flowing in the feeder. In the second grid scenario, a substation subtending four feeders is taken 

into account. The feeders supply energy to 240 customers and, among them, 60 have an EHP. This case 

emulates a scenario with smaller penetration of heat pumps (25%); the goal in this case is to use the HP 

service to minimize the overall power peak at the substation. For both the considered grid scenarios, 

simulations have been performed considering the outdoor temperatures indicated in Figure 52 for both May 

and December. This leads to the following four simulation scenarios: 
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 Scenario 1: 60 houses; 100% heat pumps; outdoor temperature: May. 

 Scenario 2: 240 houses; 25% heat pumps; outdoor temperature: May. 

 Scenario 3: 60 houses; 100% heat pumps; outdoor temperature: December. 

 Scenario 4: 240 houses; 25% heat pumps; outdoor temperature: December. 

 Evaluation of the technical benefits for the HP management service  

The results of the performed simulations are here analyzed to show the capability for the proposed HP 

management service to fulfil the thermal comfort requirements of the final customers while providing a power 

peak shaving service to the DSOs. For the evaluation of the results, the case in which no DSM is applied is 

considered as term of comparison. For the latter, it is supposed that the EHP works to keep the indoor 

temperature as close as possible to the reference temperature desired by the customer. An optimization 

routine is implemented to this purpose, to define the operation of the EHPs in order to achieve this target. 

Figure 56 shows the results achieved in a sample house for the simulation performed with scenario 1. The 

upper part of the figure gives the obtained scheduling of the heat pump with the related power consumption 

levels, whereas the bottom part gives the evolution of the indoor temperature profile. It is possible to observe 

that the HP management service is able to fulfil the requirements of the end-user in terms of thermal comfort. 

In fact, the temperature oscillates between the upper and the lower boundary of temperature but always stays 

within the allowed threshold. The evolution of the temperature and, correspondingly, the operation of the HP, 

also allow evaluating how the optimization algorithm embedded in the HP management service exploits the 

thermal inertia of the building to flexibly allocate the HP operation. With reference also to the following Figure 

57, it is possible to note that the HP operation is allocated in the slot time between 1am and 8am, which is an 

off-peak period and that during this time the house stores thermal energy (the indoor temperature increases). 

Vice versa, the operation of the HP is avoided in the time slots around 8am-10am and 6pm-8pm, where local 

peaks of demand exist: during these time slots, the indoor temperature decreases but slowly thanks to the 

thermal inertia provided by the building. The benefits achieved in comparison to the case where no DSM is 

applied are evident. In this latter case, indeed, the available flexibility cannot be exploited and the HP operates 

regardless of the power system condition to follow the reference temperature of the customer. Due to this, it is 

also possible observe that large peaks of HP power consumption occur when an increase in the indoor 

temperature is desired.  

Table 19 shows the results in terms of HP power consumption and average indoor temperature for the same 

household represented in Figure 56 and for the overall scenario 1. As for the single household, it is possible 

to note that an increase of the energy consumption equal to 20% is obtained for the case where the HP works 

without following any management strategy. The reason for this is partially associated to the higher indoor 

temperature provided in this case (in the HP management service, the minimization of the power peaks also 

leads to reduce as much as possible the energy consumption, and for this reason the temperature in most of 

the cases will be very close to the lower temperature boundary). In addition to this, another motivation for the 

higher energy consumption is that the HP has some periods of operation at high power levels that have lower 

energy efficiency characteristics. When the HP management service is used, instead, the advantage is that 

the optimization allows choosing the most favourable operating condition, thus fostering the operation in the 

points at better efficiency. This automatically translates into an overall reduction of the energy consumption. 

The same trend is also confirmed when looking at the results for the overall scenario. The growth of the energy 



                D6.4 Report on evaluation against defined metrics and scaling issues  

 

– 80 – 
FLEXMETER is a project co-funded 
 by the European Union 

 

consumption with respect to the HP management service is larger than 30%, but this is also obtained via a 

reduction of the indoor temperature of almost 1°C.  

 

Figure 56: HP consumption and temperature profile for a sample house, May outdoor temperature. 

Table 19 - Energy consumption and indoor temperature for scenario 1. 

case 
HP consumption 

[kWh] 

Consumption   

increase [%] 

Avg. indoor  

temperature 

[°C] 

Sample   

household 

HP management 

service 
4.30 - 19.1 

No DSM 5.46 +27.0 19.7 

Total 

HP management 

service 
333.6 - 18.9 

No DSM 439.8 +31.8 19.9 

The results discussed until now have been found to have general validity for all the scenarios analysed in this 

Chapter. Therefore, in the following, the focus will be mainly on the technical results achieved at grid level, in 

the perspective to provide a service to DSOs. Figure 57 shows the result of total power in the distribution feeder 

for scenario 1. As a first consideration, it is possible to note the evident benefit given by the use of the HP 

management service. In fact, when no DSM is applied, the uncoordinated operation of the EHPs leads to 

significant power peaks that could jeopardize the operation of the distribution grid. The reason for such large 

peaks is associated to the particular profiles of thermal comfort used for the customers. Looking also at Figure 

54, it is possible to observe that the power peaks occur when an increase in the indoor temperature is required 

by the customers. Since no management strategy is coordinating the EHPs, many of them work simultaneously 

and with a significant level of power consumption to fulfil the temperature increase requirement. The achieved 

result is clearly affected by the use of similar thermal comfort requirements for several customers, but it is 

important to remark that similar habits or needs can exist among residential customers (e.g. due to similar 

working hours and occupancy of the house). Thus, issues similar to those emphasized in Figure 57 are not 
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unlikely, above all in scenarios with large penetration of electro-thermal devices. It is worth noting that similar 

problems can also occur in case of management strategies acting locally such as, for example, when using 

ToU tariffs: in this situation, the price-based scheme itself can determine the synchronized reaction of the 

customers, leading to the possible generation of undesired power peaks in the grid if a large quote of flexible 

energy is shifted. 

 

Figure 57: Overall power profile at the distribution feeder for scenario 1. 

Table 20 summarizes the results obtained for scenario 1 from a quantitative point of view. From the data, it 

can be observed that a large portion of the overall demand is associated to the EHP operation, emphasizing 

the importance to suitably manage this source of flexibility through ad hoc DSM policies. The HP management 

service gives interesting results in terms of power peak shaving, as it allows a reduction of the power peak of 

about 60% with respect to the reference case without DSM strategy. This is also confirmed by the result in 

terms of load factor: the HP management service has much better performance than the reference case with 

no DSM, but also allows an evident improvement with respect to the base energy consumption given by the 

inflexible load.  

Table 20 - Grid level results for scenario 1. 

case 

Daily energy 

consumption 

[kWh] 

Quote 

flexible 

energy [%] 

Power peak 

[kW] 

Load factor 

[%] 

Inflexible load 442.2 - 28.9 63.6 

No DSM 882.0 49.9 95.6 38.5 

HP management 

service 
778.9 37.8 37.8 85.6 

In scenario 2, the most important difference with respect to the previous scenario is that the flexible energy to 

allocate on top of the inflexible load is relatively low. As a result, the operation of the EHPs will not lead to a 

significant modification of the shape of the power consumption profile. Figure 58 shows the results concerning 

the aggregated power consumption at substation level. Despite the relatively lower amount of flexible energy, 

even in this scenario it is possible to note that additional power peaks arise for the case where no DSM is 

considered. The HP management service, instead, allows significantly flattening the power consumption 
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profile. In particular, it is possible to see that only a minimum amount of power is added on top of the flexible 

load during local peaks, whereas a much larger number of heat pumps are working during off-peak times to 

fill the valleys. Similarly to the previous scenario, Table 21 shows the results from a numerical point of view. 

In general, the considerations already done for scenario 1 still hold also for this test case. It is possible to 

observe that during the peak time at 20:00, the HP management strategy allows having only 8 EHPs operating. 

The good performance of the HP management service is also confirmed looking at the power peak values: the 

increase in the power peak, with respect to the base inflexible power profile is only 2.5% versus the 25% 

obtained when no DSM is applied. This trend is also confirmed by the result obtained for the load factor: by 

using the HP management service is possible to flatten the daily consumption profile and pass from 64% to 

74% of load factor (the worse result with respect to scenario 1 is due to the relatively lower amount of flexible 

energy in the overall consumption).  

 

Figure 58: Overall power at the substation for scenario 2. 

Table 21 - Grid level results for scenario 2. 

case 

Daily energy 

consumption 

[kWh] 

Quote flexible 

energy [%] 

Power 

peak [kW] 

No. HP at 

peak time 

Load factor 

[%] 

Inflexible load 1768 - 115.7 - 63.6 

No DSM 2209 19.9 145.1 40 63.4 

HP management 

service 
2105 16.0 118.6 8 74.0 

As last considerations, the results obtained when taking into account the colder outdoor temperature of a day 

in December are presented. Figure 59 show the HP scheduling and the corresponding indoor temperature 

profile for a sample house: it is possible to observe that in this test case the EHP needs to stay always ON to 

deal with the colder outdoor temperature. In addition, its operation point of the HP has to be modulated in order 

to fulfil the thermal comfort requirements and to pursue the overall goal of power peak minimization.  
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Figure 59: HP consumption and temperature profile for a sample house, December outdoor temperature. 

Table 22 shows the results achieved at grid level for both scenario 3 and 4. Having also a look at the previous 

results for the corresponding data obtained with the May temperature, the following considerations can be 

drawn. First, it is possible to see that, as expected, the portion of energy consumption coming from the heat 

pumps increases. This is clearly due to the colder outdoor temperature that leads the heat pumps to work 

more often, and with higher values of power, to fulfil the thermal comfort demand of the customers. Despite 

the larger amount of flexible energy consumption, the capabilities in terms of power peak shaving and flattening 

of the daily power demand are reduced with respect to the corresponding scenarios for May. This outcome is 

due to the more severe impact brought by the thermal comfort requirements when the outdoor temperature 

decreases. As an example, in scenario 4, almost 50% of the heat pumps (28 out of 60) have to work during 

the peak time versus the only 8 scheduled to work in scenario 2. In spite of this reduction in the potential 

impact, Table 22 shows that the HP management service still has the capability to achieve the goal of power 

peak shaving and has the potential to significantly flatten the power profile. This potential grows for increasing 

penetration of heat pumps in the grid, so better results of load factor are achieved in scenario 3. 

Table 22 - Grid level results for scenarios 3 and 4. 

case 
Daily energy 

consumption [kWh] 

Quote flexible 

energy [%] 

Power peak 

[kW] 

Load factor 

[%] 

Scenario 3 

Inflexible load 426 - 30.1 59.0 

No DSM 1045 59.2 95.5 45.6 

HP management 

service 
916 53.4 47.4 80.4 

 Inflexible load 1705 - 120.4 59.0 

Scenario 4 No DSM 2324 26.6 149.8 64.6 

 
HP management 

service 
2197 22.4 136.5 67.1 
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 Conclusions 

This Deliverable presented a set of services addressed either to final customers or to DSOs that are enabled 

by the developed FLEXMETER cloud platform. The work done during the project, and summarized here with 

the evaluation of the different use cases, highlights that the combination of smart metering with the recent 

progresses in terms of cloud infrastructure and cloud services, opens a large potential for the transition of 

electrical systems towards the smart grid paradigm.  

On the customer side, the use of cloud platforms can facilitate the development of web portals and apps aimed 

at giving user awareness to end-users and at providing possible additional services, like NIALM. This is an 

important step to incentive final users to pursue a more energy-efficient behaviour and to identify possible 

ways to save energy and, consequently, money. Awareness of final customers is also important in view of their 

more active role in the electric network of the future, where direct involvement of end-users is expected to 

significantly increase to help achieving a more efficient and reliable electricity grid through the introduction of 

demand side management and demand response schemes. 

On the DSO side, the use cases presented highlighted that the integration of multiple services coordinated 

through the FLEXMETER cloud platform offers a large potential for improving the electric grid operation and 

to trigger more prompt self-healing procedures. Technical benefits or solutions to possible issues commonly 

faced by DSOs in today’s distribution grids, for example due to the large penetration of Distributed Generation 

or to the electrification of some sectors (like residential heating), have been presented and discussed. The key 

to enable these services is on one hand associated to the availability of a suitable metering system on the field 

and on the other hand is linked to the availability of an ad hoc platform, able to offer features of interoperability, 

(near-) real-time communication, scalability and security in the management of the data. The solution offered 

by FLEXMETER goes in that direction and, as discussed in this report, gives the possibility to integrate multiple 

services and to interconnect them in order to pursue the goals of the DSOs or of possible other stakeholders. 

Moreover, the data made available in the platform also offer the possibility, for interested and authorized 

stakeholders, to develop additional new services or improved versions of the already available services, paving 

the way for a constant refinement and enhancement of the overall system. 

While this Deliverable shows that many services, that today are generally not available for customers and 

DSOs, are technologically ready and implementable, the experience learnt during the project also highlight 

that some barriers still exist for a real deployment. These barriers can be classified in three main categories: 

metering limitations, platform challenges, and service-related issues.  As for the smart meters, it is worth noting 

that many of the services for the DSOs would require the real-time communication of the smart meter data. 

This is for example the case for the state estimation and network topology reconfiguration services, where the 

on-line monitoring and management of the grid is meaningful only with real-time data. However, smart meters 

available nowadays are mainly intended for billing purposes and do not enable the real-time automation of the 

grid. This is a limitation on the field side, since many measurements of the grid are being executed but are not 

exploited for the smart management of the network. On the platform side, it is worth mentioning that some of 

the services presented in this report have demanding requirements in terms above all of storage and 

computation resources. This applies for example to the On-line NIALM and the demand response service. 

While a cloud-based solution, like the one presented in FLEXMETER, is the best option to deal with the big 

data related problems, the issues of maintenance, security, management of the data (and associated costs) 

have to be duly addressed. Moreover, privacy issues, ownership of the data, and authorization for other actors 

(e.g. energy aggregators) to access relevant data helpful to design their services have to be identified and 
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solved. Last but not least, some of the services here presented require a more clear definition of the roles of 

the different actors around the energy sector. This is the case, for example, of demand side management 

services, for which energy aggregators could (theoretically) be the service providers. However, to achieve the 

technical benefits presented in this deliverable, the interactions between DSOs, retailers, and other potential 

service providers should be better clarified. Moreover, it is essential to make sure that business and technical 

goals will go always towards the same direction. Only in this way, the large potential technologically available 

for having efficiency improvements, CO2 reduction, and full integration of renewable energy sources in 

tomorrow’s grid can be really unlocked. 
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