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Executive Summary 

The last decade, the penetration of Renewable Energy Sources (RES) into the electricity supply in 

conjunction with the deregulation of European Energy Markets has created many opportunities for 

aggregators/retailers for further exploitation of their energy assets and energy savings. However, the 

intermittent nature of RES and the participation of residential customers in the distributed energy generation 

demands concrete Demand Response strategies that will expand the potential profits. This report describes 

an approach of low/medium customers’ segmentation in a larger scale of groups with regard to their 

Energy/Social Profile. The goal of this implementation is to provide support to other aggregator’s tools that 

are responsible for designing and applying DR strategies. Energy Profile of customers is based on their 

estimated flexibility during the day, while Social Profile is a metric that quantifies the social engagement 

of users. Both of the profiles are combined in a sequential order providing meaningful insights to other 

tools.    
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1. Introduction 

1.1 Scope and objectives of the deliverable 

This deliverable is associated with the Energy/Social Clustering of DELTA customers as it is described in 

Task 3.3 of the DELTA project. It describes the methodology of the multi-factor clustering analysis, the 

pre-processing procedure that is applied over Energy and Social Data of DELTA Customers, which are 

equipped with Fog-Enabled Intelligent Devices (FEIDs) and the results of the Clustering algorithms. 

 

The Energy/Social Clustering report focuses on the algorithmic approach that has been followed and the 

features that are utilized in order to provide a straightforward grouping result. The features that are 

considered as fundamental in this analysis are: load flexibility, positive or negative of each FEID combined 

with the reliability metric that is related with a specific DR purpose. These features, in accordance with the 

social features of the customers, yield meaningful insights to the DVN Multi Agent System. DVN from its 

side is responsible to harness this information and manage its assets in the most efficient way. This approach 

can be represented in a two-step process: Energy and Social Analysis in sequential order. 

 

1.2 Structure of the deliverable 

The work presented in this deliverable is structured as follows: 

 

● Chapter 2 presents the literature review on the topic of Clustering Small and Medium Customers 

 

● Chapter 3 provides information about the Energy Data that are taken into consideration from the 

Energy clustering algorithm, the pre-processing of the data and the methodology that is applied to 

group the customers. 

 

● Chapter 4 provides information about the Social Data that are taken into consideration from the 

Social clustering algorithm, the pre-processing of the data and the methodology that is applied to 

group the customers. 

 

● Chapter 5 describes the way that both of the former implementations are combined and provide 

meaningful results. 

 

1.3 Relation to Other Tasks and Deliverables 

The results from the Social/Energy Clustering engine are directly associated with the DELTA Virtual Node 

(DVN) Multi Agent System (MAS) as described in T3.2 and is documented in D3.2. The Social/Energy 

Clustering engine is employed by the DVN Agent to inform about the clusters of FEIDs that have been 

formed during the day in an hourly period and a statistical description of some meaningful features of each 

cluster. These results can be exploited from the internal modules of the DVN that are responsible for the 

selection of the participant FEIDs that will join the DR process and distribution of the DR demands among 

these assets. 
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2. Clustering Small and Medium Customers Overview 

2.1 Literature Review  

In recent years, the topic that is related with clustering of residential and medium customers through their 

electricity demand time series profile or their social characteristics is an active area of research [1,2,5,6]. 

Many studies endeavoured to analyse the customers’ behaviour through their load profile [1,2], identifying 

patterns that provide meaningful insights to the Distribution Network Operator (DNO) or the 

Aggregator/Retailer in order to schedule price-based or incentive-based Demand Response (DR) signals. 

The incorporation of low/medium assets in DR programs the latest years requires a low level analysis of 

the customers’ reaction to DR signals [3,4]. 

 

There are a variety of approaches and pre-processing methodologies that have been applied in the literature 

to analyse the load profile of each customer [18,19,20,21]. Many studies have focused on applying cluster 

analysis, which is the process of classifying unsupervised data into a set of segments with high similarity 

[5,6,7]. Because of high stochasticity of household-level demand and in general electricity demand profiles 

of households, detailed analysis of socio-demographic characteristics and behavioural effects is required, 

to define attributes of patterns in the households [8,9,10,11,22,23,24]. Load profile analysis can be applied 

over individual residential data, aggregated residential measurements or non-residential buildings. 

Typically, the analysis of low/medium energy customers’ behaviour depends on the intrinsic characteristics 

of the household, such as, the members of the household, their age, their profession, their economic 

prosperity, the building and several other factors that can affect the energy profile [26]. Despite the fact that 

many studies highlight this dependency between energy behaviour variation and social parameters [27], 

data availability and credibility issues lead research to modelling clusters’ social behaviour through 

assumptions and guesses [2, 28, 29].  

 

Determining the number of generated segments towards optimal coherence of points within the cluster and 

maximum distinction from outer cluster points is a major concern of clustering algorithms [30], that is 

estimated in [31] through the application of ant colony optimization algorithm combined with the optimal 

theory, while [32] proposes an ensemble clustering methodology through the Hierarchical clustering and 

partitioning clustering algorithm. Furthermore, load shape variability is a substantial feature that 

encapsulates insightful information about the customers’ behaviour, as it is mentioned in [33] that adopts 

the exploitation of cumulative consumptions rather than raw profiles focusing on the efficient estimation 

of euclidean distance among them. Other studies [34] harness this indicator to form segments with regard 

to the entropy of load shapes for individual households, thus, estimating the frequency of repetitive daily 

load shape patterns. In [12], a frequency domain analysis of load consumption is proposed using Spectral 

Clustering algorithm, while in [13,14] self-organizing maps and k-means algorithms are selected to identify 

groups with high similarity based on extracted statistical metrics from energy time series, such as monthly 

peak demand,  daily mean consumption and other features.    

 

Additionally, as it is referred to [7], stability of the clustering results can be affected by the temporal 

resolution of the load consumption data, while most of the studies utilize 15, 30 or 60 minutes resolution in 

accordance with the effectiveness of their experiments. Regarding the ways that is calculated the distance 

between load consumption time-series data, many metrics have been proposed like Euclidean distance, 

Manhattan distance, Shapelets and Dynamic time warping (DTW) [15,16]. However, the appropriate 

selection is mutually connected with the methodology that will be applied in the pre-processing step 

[15,16,17].  
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In terms of evaluation, although many evaluation metrics have been established to measure clustering 

algorithms efficiency: Davies Boulding Index (DBI), Cluster Dispersion, Mean Index Adequacy (MIA), 

Similarity Matrix Indicator (SMI) and Silhouette Index, it remains a challenging task that is highly 

correlated with the problem’s nature [36]. Aforementioned evaluation metrics are based on a tradeoff 

between the compactness and distinctness of clusters [36], whereas reliability issues are created  in cases 

of high bias towards outlier points and inadequacy of the formulated metrics to penalize noisy clusters [37]. 

 

Regarding the social engagement research, it is described as an emotional connection between a company 

and its customers focused on their participation in activities [22]. The key element to customer engagement 

is knowledge exchange, so information and communication technologies provide immense opportunities 

for organizations to exchange knowledge and engage with customers. According to [22], the engagement 

of the user is measured based on the actions he performs inside the platform. Similar strategy is also 

proposed in [23], where preferences, comments, shares and other clicks are taken into consideration. Based 

on [24], engagement is split into four different components. Integrating data into those components, it is 

possible to build engagement profiles and aggregated descriptions of the engagement that each customer 

exhibits. 
 

 

The following table presents information about some reviewed papers that were taken into consideration in 

order to develop our methodology. 

 

Table 1. Overview of literature findings on clustering of small and medium customers. 

Study Building Year Data 

Resolution 

Customers Domain 

Motlagh, Omid, et al. [1] Residential 2019 15 minutes 7000 Time 

 

Waczowicz, Simon, et al. [3] 
Residential 2018 - - Time 

Benítez, Ignacio, et al [11] Residential 2014 60 minutes 759 Time 

H. Hino, H. Shen, N. Murata, 

S. Wakao and Y. Hayashi 

[14] 

Residential 2013 60 minutes 500 Time 

Zhong, Shiyin, and Kwa-Sur 

Tam [16] 

Residential 

 

2015 

 
60 minutes 653 Frequency 

H. Cao, C. Beckel and T. 

Staake [17] 
Residential 2013 30 minutes 4000 Time 

Jiang, Zigui, et al [18] Residential 2019 15 minutes 1168 Frequency 

Auder, Benjamin, et al [19] Residential 2018 - - Time 

K. Mets, F. Depuydt and C. 

Develder [20] 

Residential, 

Small 

Businesses 

2016 15 minutes 244 Frequency 

R. Al-Otaibi, N. Jin, T. 

Wilcox and P. Flach [21] 
Residential 2016 30 minutes 5000 Time 

Wang, Ning, and Chungu Lu 

[25] 
- 2010 - - Frequency 

Yao, Runming, and Koen 

Steemers [27] 
Residential 2005 30 minutes 1300 Time 

Flath, Christoph, et al [28] Residential 2012 15 minutes 215 Time 

Piao, Minghao, et al [34] Residential 2014 - - Time 

Mcloughlin, Fintan, et al. [35] Residential 2013 - - Time 
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2.1 DELTA Clustering Functional Overview  

 

2.1.1 Basic functionalities 

Management and exploitation of Energy Assets in Demand Response (DR) programs require sufficient 

assistive tools. This report focuses on the design of an Energy/Social Clustering engine that acts as an 

ancillary service and is capable of dynamically arranging DELTA customers in groups with regard to their 

Energy and Social characteristics. The clustering results in conjunction with the statistical analysis of each 

group facilitate the development of efficient DR strategies in the direction of reduced emissions and cost-

efficiency. Energy/Social Clustering engine comprises two separate clustering implementations: Energy 

and Social that are combined to serve as an undivided tool. 

 

As a result, the clustering will produce suitable configurations to meet the energetic needs required. 

Techniques that this component implements will be fed by means of the data retrieved through the sub-

component Energy Portfolio Segmentation and Classification in the DELTA Aggregator that establishes 

the DVN Clusters. In addition, data from the Consumer/Prosumer Flexibility Data Monitoring and Profiling 

and incoming DR signals are used to compute the customer clusters.  

 

Following the logical and deployment views as presented in D3.1.  

 

 

 

Figure 1. Logical view of the Consumer/Prosumer Clustering module of the DELTA Virtual Node 

 

 

Figure 2. Component diagram of the Consumer/Prosumer Clustering illustrating its 

interconnections with the DVN’s components. 
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3. Energy Clustering 
 

Social/Energy Clustering is a two-step procedure that includes both energy and social analysis. The 

individual role of Energy Clustering concerns the identification of patterns in groups of FEIDs with 

common flexibility behaviour during the day, having as main objective the facilitation of DVN Multi Agent 

to manage and select the assets that are the most valuable DR participants. The data granularity is one 

minute and for each hourly period the FEIDs are reallocated in the appropriate group.   

3.1 Energy Data 

Αs T4.2 activities handle a similar aspect but at a higher level, segmentation and clustering techniques 

based on consumption/load profiles has been extensively explored with both static and dynamic features. 

D4.2 examined the segmentation topic at Aggregator level towards creating the DVNs, utilizing aggregated 

consumption values as one of the fundamental features. A similar applied approach to the specific tool 

(energy clustering within the DVN) was assessed as inadequate in terms of extracting further information 

about the potential contribution of our energy portfolio in a possible DR signal. Extracting more elaborated 

Energy Profiles from the consumption metric is an approach that could provide added-value  to energy tools 

that concern grid stability and prevention of network imbalances. However, this report focuses on the 

facilitation of DR services in relevant programs, thus, the Flexibility metric as it is defined in DELTA. 

Combined with the reliability of the DELTA customers compose the proposed characteristics that need to 

be examined in order to point out the potential participation of our energy assets, and further facilitate the 

appropriate selection process of the Optimal Dispatch engine within each DVN (OptiDVN). 

 

The proposed approach in the DVN’s Energy Analysis is applied through the exploitation of positive and 

negative flexibility measurements of each FEID (as depicted in Figure 3). As positive flexibility, is 

considered the potential of each FEID to raise its power flow which is related with upwards DR signals, 

while as negative flexibility is considered the potential of each FEID to drop its power flow which is related 

with downwards DR signals. In terms of flexibility estimation, it is applied from an engine that is 

implemented in DELTA as an independent tool. An additional metric that affects the clustering analysis is 

the reliability metric that is estimated from DVN and adapts its value according to FEID’s contribution to 

the DR signals that have been received. Data source originates either from historical or forecasted 

measurements, as the approach supports both the options. The methodology produces two independent 

Energy profiles of FEIDs in terms of the nature of the DR signal (upwards, downwards). As a result, in case 

of downwards DR the tool exploits information about the downwards flexibility, whereas in case of 

upwards DR, upwards flexibility is utilized. 

 

 

Figure 3. Upwards and Downwards Flexibility in consumption measurements. 
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3.1.1 Data Pre-processing 

Data pre-processing is the primary step of Energy data analysis and consists of independent tasks like 

isolation of outliers, estimation of real flexibility, data normalization, and data transformation to frequency 

domain. As far as the outlier removal step, measurements that deviate from the baseline behaviour are 

identified and removed through an SNR indicator that validates the fact that the power signal is increased 

proportionally with the noise. Regarding the real flexibility calculation, it is achieved with the incorporation 

of a reliability metric that is considered as a correction factor according to the following equation. 

 

𝑅𝑒𝑎𝑙𝐹𝑙𝑒𝑥 =  𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝐹𝑙𝑒𝑥  ×  𝑟𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦   
 

Afterwards, the calculated baseline real flexibility is divided in 24 hourly periods and the clustering 

algorithm examines them independently. The following image displays the data segmentation and outlier 

removal tasks. 

 

 

Figure 4. Pre-processing step of Energy Clustering 

 

 

 

The following step contains the standardization of the data in a 

scale of (-1, 1) and then the transformation of time-series data to 

frequency domain. This transformation is achieved with the 

application of Continuous Wavelet Transform (CWT) method 

[25]. The wavelet function that has been utilized for this 

transformation is Mexican Hat wavelet. The fundamental 

advantage of CWT compared to Fast Fourier Transform is the 

capability to construct time-frequency representations of a 

signal that offers exceptional time and frequency localization. 

Finally, CWT method is efficient in transformations of non-

stationary signals preserving time dimension properties. The 

following image displays a short overview of the 

aforementioned tasks. 

 

Figure 5. Mexican Hat Wavelet [25] 
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3.2 Methodology 

The Affinity Propagation (AP) algorithm has been selected to retrieve the groups of FEIDs that share 

common flexibility characteristics during the hourly time periods. AP algorithm receives as input a 

similarity matrix that contains the distance of each raw data towards the others. The proposed 

implementation estimates kernel similarities in higher dimensions in order to identify non-linear 

correlations between the real flexibility measurements. One of the advantages of this algorithm is 

considered its property to detect the number of clusters autonomously. A crucial parameter that affects this 

functionality is preference that configures the number of exemplars.  

 

Moreover, the proposed approach incorporates the adaptive mode of the algorithm’s parameters in terms of 

its efficiency. Therefore, in case of reduced credibility of the latest DR responses, the parameters of the 

algorithm that affect the way that the number of clusters is estimated, are re-configured in order to achieve 

optimal results reallocating the FEIDs in different groups.    

 

 

Figure 7. Energy Clustering methodology 

 

3.2.1 Affinity Propagation (AP) Algorithm 

Frey and Dueck introduced in 2007 [38] a new clustering algorithm that detects a sample of representative 

examples in order to process signals and identify patterns in data. Since then, the last decade, several studies 

examined Energy Profile Clustering through the utilization of the AP algorithm [39, 40]. It is an iterative 

algorithm that selects a random subset of raw data, estimates similarities and finally through the exchange 

of information between these pairs of data points identifies a set of  “exemplars” and the corresponding 

clusters. The initialization of the sampling pool affects the efficiency of the algorithm. AP has been initially 

assessed in images, text and biology fields, achieving to detect clusters with remarkable efficiency and 

Figure 6. Transformation to frequency domain. 
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effectiveness compared to other algorithms. Similarity, Availability and Reliability are three metrics that 

are combined in the iterative process in order to emerge discrete segments of data. 

 

Similarity metric s(i,k) reflects the distance between a pair of points. For points xi,xk  

 

s(i,k) = -||xi-xk||2 

 

Except from the euclidean distance, the similarity metric can be configured regarding the nature of the 

problem. One of the advantages of the AP algorithm is its ability to identify the number of clusters based 

on this pre estimated similarity matrix and a parameter “preferences” that is dependent on s(k,k). 

 

Data points share two types of messages: Responsibility r(i,k)information and Availability information 

a(i,k). Responsibility messages sent from i to k reflects the appropriateness of a data 

point with index i to be the exemplar for data point k, considering and the relationship with other potential 

exemplars. 

 

 
 

Availability metric is estimated through the sum of r(k,k) - that represents a “self-responsibility” ratio that 

indicates accumulated responsibility as evidence for appropriate exemplar selection - plus the sum of 

positive responsibility measurements reported from other points i'. 

 

 
 

All this exchange of data among the data points is reflected from the Criterion matrix c(i,k) that is estimated 

as the sum of responsibility and availability matrix. The highest criterion values of each row is considered 

as exemplar while rows that share the same criterion values belong to the same cluster.   

 

 
 

 

3.3 Energy Clustering Results 

Energy clustering approach as an independent implementation has to be examined in terms of its efficiency 

to distinguish the groups of FEIDs that share common flexibility behaviour in specified hourly time periods. 

Regarding the objective of the DR, upwards or downwards oriented, the algorithm examines the respective 

data (upwards flexibility, downwards flexibility). The incorporation of social clustering in the following 

section 5 will expand the study results, creating connections between Energy clustering and social 

engagement. 

 

In terms of the validation of the clustering results, Silhouette score is estimated to examine the cohesion 

between points inside a cluster and the distance with neighbour points of different clusters.  

 

The equation that represents this relation is 
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where a(i) is the mean distance d(i) of all points within the same cluster 

 

 
   

and b(i) is the mean distance of point i compared to all points of a neighbour cluster. 

 

 
 

The silhouette score ranges from -1 to 1 where a value near 1 reflects the points within the clusters that 

have high cohesion and great distance from other clusters, while negative values depict faulty clustering 

situations. The following image displays indicative results of the silhouette score for each hour during the 

day in conducted experiments through the DELTA platform with more than 10 thousand virtual FEIDs. 

This ratio can also be utilized as a correction factor that adapts the number of clusters in case of reduced 

DR efficiency. 

 

The latest step of the Energy Clustering methodology is the extraction of fundamental statistical features 

from its cluster, like: mean value, variance and slope ratio. These statistical measurements can provide 

insights to DVN about the behaviour of each group of FEIDs in the direction of optimal assets DR 

participation. The final output of the Energy clustering tool includes details (FEIDs, statistical 

measurements) about each cluster for a specific time period as it is presented below: 

 

{ 

"clusterID": "up_2020-05-06 13:12:40.245109_0_0", 

"cluster_direction": "ClusterDirection.up", 

"end_date": "2020-05-06 01:00:00", 

"feidIDs": "['feidID101', 'feidID111']", 

"mean_value": "7.36", 

"powerFlowTimestamp": "2020-05-06T13:12:40Z", 

"start_date": "2020-05-06 00:00:00", 

"variance": "6.63", 

"slope": "0.73", 

 

} 

 

In the section 5.2 are described potential DR scenarios that highlight the impact of statistical feature 

extraction process in selecting participant assets. The following image displays the estimated silhouette 

scores of the segmentation process during one day for 24 individual hourly periods. As it is observed, for 

each hourly period, the efficiency of the algorithm varies from 0.4 to 0.65. However, the score remains 

adequate to distinguish energy profiles segments. It is worth mentioning that the segmentation score 

depends on the nature of the data and it is not always feasible to identify different behaviours efficiently. 

Adjusting the number of clusters can lead to improved scores and is applied as correction action in case of 

low clustering score. 
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Figure 8. Silhouette Score of each hourly period during the day. 

 

The following images display different Energy Profiles in terms of flexibility during the hourly period 

15:00-17:00 pm as they are identified from the clustering engine through DVN2 in DELTA platform. 

Upwards flexibility and Downwards flexibility are examined individually as they describe independent 

metrics. DVN2 contains virtual FEIDs and these measurements are synthetic data, however, it is discernible 

that similar Energy Profiles are matched and each one can potentially serve a specific DR purpose. In the 

time period 15:00-16:00, the algorithm identifies four clusters with regard to Upwards flexibility. The 

clusters that are illustrated from the left images could be described from a horizontal slope, while the cluster 

in the down right image comprises FEIDs with negligible upwards flexibility. Finally, the upper right cluster 

consists of FEIDs with declining trend. 

 

Figure 9. Upwards Flexibility Clustering 15:00-16:00 - Different Energy Profiles.  
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On the other side, in the subsequent time period 16:00-17:00, the algorithm detects 6 clusters, as they are 

illustrated in figure 9. The group in the down right image is the most inactive, while the FEID110 that was 

part of the same group in the previous hour, seems to be transferred in a more active segment as it surges 

its flexibility value at about 16:20. FEID106 is selected as the only participant of a cluster as its flexibility 

behaviour deviates from the rest of the assets. 

 

 

Figure 10. Upwards Flexibility Clustering 16:00-17:00 - Different Energy Profiles 

 
Regarding the analysis of the clustering results related to the Downwards Flexibility in the examined time 

period 19:00-20:00, it is observed that four segments of FEIDs with different flexibility behaviour have 

been identified. Upper left image displays a flat (small slope) oscillation of the flexibility measurement near 

100W, while down left and right images have a similar fluctuation but with different magnitudes of values. 

Finally, the upper right segment’s flexibility declines after 19:35.     
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Figure 11. Downwards Flexibility Clustering 19:00-20:00 - Different Energy Profiles. 

 

Accordingly, in the period between 20:00 and 21:00, the left images seem to raise their measurements 

gradually, while the upper right image declines at 20:30 and then raises back again at 20:50. The lower 

segment seems to differentiate its behaviour compared to others, as it reaches more than 1000W at 20:20 

and then falls down progressively to 250W. 
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Figure 12. Downwards Flexibility Clustering 20:00-21:00 - Different Energy Profiles. 
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4. Social Clustering 
 
Social Clustering concerns the formulation of a social engagement metric and the identification of groups 

of FEIDs with common social activity in DELTA forum. Participation, responsiveness, reliability and 

activity are some of the parameters that are taken into consideration in order to estimate the Social 

Engagement Metric and cluster the users into groups with common Social behaviour. The following 

sections describe the nature of our data, the definition of Social Engagement Metric and some indicative 

Social clustering results. 

4.1 Social Data 

The information that is taken into account for the social analysis of DELTA users originates from DELTA 

forum and DR participation. DELTA records data about the Users’ participation and responsiveness in 

topics, their intents to create topics and to provide helpful comments in other topics. 

 

The parameters that are taken into consideration for the estimation of Social Engagement are the reliability 

metric of the users that is estimated from the DVN Agent system and the number of actions that a user 

performs within the forum. The second one can be further divided into the participation of users in the 

forum and their responsiveness in DR events. The actions that indicate the activity of a user are the 

following: 

 

● Creating a question in the forum 

● Answering to a topic in the forum 

● Accepting/rejecting a DR event 

 

The DELTA Forum is provided through a user-friendly UI that each customer is able to visit in the Forum 

section, as it is displayed in Figure 14. DELTA Forum functionalities will be described in more detail in 

D6.2  

 

Figure 13. Delta Forum - Topics UI 
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4.2 Social Engagement Definition Methodology 

In order to measure what's the extent of a user’s social engagement in the DELTA forum, a new metric 

has been defined regarding the collected data as they are described in the previous section.  

 

Our metric can now be defined as: 

 

SocialEngagement user = 0.5 * Reliability user + 0.5 * Actions user 

= 0.5 * Reliability user + 0.5 * [0.5 * (DR Events user) + 0.5 * (Social actions)] 

= 0.5 * Reliability user + 0.5 * [0.5 * (DR Events user) + 0.5 * (0.60 * answers user + 0.40 * topics user)] 

 

Where: 

 

DR Events user = (number of DR Events the user answered) / (total number of DR events of user) 

 

answers users = (∑𝑡𝑜𝑝𝑖𝑐𝑠
𝑘=0

𝑟𝑒𝑝𝑙𝑖𝑒𝑠 𝑜𝑓 𝑢𝑠𝑒𝑟

𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑝𝑙𝑖𝑒𝑠 𝑜𝑓 𝑡𝑜𝑝𝑖𝑐
)/topics 

 

topics user = (topics of user) / (total topics) 

 

 

Social Engagement metric in the DELTA forum indicates, not only their interest to express a question, but 

also their intentions to provide help to other members using the platform. For that reason we emphasize the 

“ answers user ” metric in the above equation that describes the general participation of users in the topics 

and its value ranges from 0 to 100. 

 
Indicative results from the estimation of the social engagement metric towards the FEIDs of the DVN1 is 

depicted in the following image. The assessment of social involvement of FEIDs in the DVN1 reflects the 

absence of FEID107 from social interaction in DELTA Forum, whereas FEID105 is the social active 

customer of our portfolio.  
 

Figure 14. Delta Forum - Submit Topic UI. 
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Figure 15. Social Engagement assessment of FEIDs in DVN1. 
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5. Energy/Social Clustering Interconnection 
 
Energy and Social Clustering implementations are two individual approaches that each one focuses on the 

respective field. Because of the difficulty to identify a distance metric that correlates Load Profile and 

Social Profile as two independent entities and the lack of meaningful results in case of  fusion of social and 

energy data our approach proposes the sequential connection of these two tools as a two-stages clustering.  

 

5.1 Interconnection 

Energy Clustering as an individual implementation detects groups of customers with similar flexibility 

profiles. Therefore, social clustering has the opportunity to focus on an energy group with specific energy 

properties during a Demand Response period identifying patterns between these two categories. The 

discretization of these two clustering methods extends the aggregator’s possibilities to manage its assets 

and at the same time Energy/Social Clustering provides more insightful and explainable results. The 

following image displays the linkage between the two types of clustering methods, where Energy Clustering 

identifies N clusters with different Energy profiles while Social Clustering method contributes to the further 

segmentation of the former clusters through information related to their social engagement characteristics 

coming from DELTA forum. The final clusters, as they have been formed, are fully explainable and contain 

information from both the social and energy.   

 

 

 

Figure 16. Energy and Social Clustering interconnection. 

 

Connection between social engagement metric and energy clusters is reflected in the following figure, 

where the OptiDVN tool has to select the assets that belong to the appropriate energy cluster for a specific 

DR incorporating the knowledge from social activity in DELTA forum. High social engaged FEIDs 

combined with DR inclined behaviour can potentially increase the possibilities for successful DR signals. 
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Figure 17. Example of Social and Energy Clusters assigned to FEIDs.  

 

 

Figure 18. Scatter plot between social engagement value and energy cluster. 

 

5.2 Assistive services towards OptiDVN 

Except from grouping the FEIDs into larger scale entities Social/Energy Clustering provides OptiDVN, a 

tool of DVN Agent (the optimal dispatch component of the DVN) that is described in D3.2 statistical results 

for each established cluster. Mean value and variance and slope are indicative metrics that facilitate 

OptiDVN to select the cluster of FEIDs that will participate in DR signals. For example, two simple 

scenarios that can take place are: 
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●  a cluster with low real flexibility mean value is not an efficient asset to serve DR signals with high 

demands, whereas a cluster with high mean value, low variance and high Social engagement is the 

optimal choice for the specific signal.  

 

●  two clusters with close mean flexibility values but with different slope metrics. In case that the DR 

signal has increasing slope, the preferred cluster is the one that matches the DR slope.  

 

As a result, the OptiDVN tool can adjust its choices according to DR signals, making optimal decisions and 

selecting the clusters that meet its requirements. 
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6. Conclusions 
 
This deliverable proposes a new clustering methodology based on Energy and Social characteristics of 

customers as a two-stages implementation. Energy Clustering implementation proposes a temporal analysis 

of the real flexibility measurement in the frequency domain through a Continuous Wavelet Transformation, 

while Social Clustering approach proposes the definition of a Social engagement metric that exploits 

information from DELTA forum and shares customers into groups on top of Energy segments. Although 

both energy and social data contain useful insights from the aggregator's perspective about their 

contribution to DR signals, they are examined as separate entities that are interconnected.  

 

This proposed approach permits Aggregators to explore the DR acceptance ratio in regards to each one 

factor as individual parameters, but as a combination of them as well. Conducted experiments in real and 

virtual FEIDs, validated the existence of different groups of energy and social clusters during the day, 

however there is need for further exploration of the connection between DR acceptance and social/energy 

behaviour and the application in real households. Furthermore, as social aspects are rather challenging to 

re-create in a simulated environment, the overall framework, and specifically the social clustering aspects 

will be evaluated and validated through the DELTA pilots. Extracted evaluation metrics will be reported 

within the evaluation report D7.3 which is due M36.      
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