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1 Decision Support System Architecture 
This report details the methodology and tools used to conduct the multicriteria analyses within the 
DIGITMAN project. It presents, on one hand, the workflows followed for the analyses within the three 
pillars (maintenance, operation, safety), and on the other hand, how these methodologies were integrated 
according to a microservices architecture within the prototype tool developed during the project (please 
refer to deliverable “D5.2 - Development of a comprehensive prototype tool and user guide for building 
managers”). 

For convenience throughout this report, the prototyped tool will be referred to using the abbreviation 
DSS (Decision Support System). 

1.1 DSS logics and functionalities 
As anticipated in WP1, specifically in Deliverable “D1.1 – Definition of an occupant-centric conceptual 
framework and correlation methodology”, the DIGITMAN project aims to develop a framework and a 
prototype tool to improve building management through automated and semi-automated procedures. 

The project’s conceptual framework establishes that the development of such tools should address 
three main domains of building management (maintenance, operation, and safety) and be based on two 
operational logics: 

• HOW-TO: automation of the facility manager’s daily tasks in the short term; 
• WHAT-IF: prediction of the impact of new management scenarios on future technical and 

economic resource allocation in the long term. 

Figure 1 illustrates, from the framework’s perspective, the functionalities identified to justify the 
development and application of similar tools within the three subdomains. These needs were validated 
during the course of the project through interactions with stakeholders in the building management 
sector.. 
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Figure 1: Automation of facility managers’ tasks according to the DIGITMAN framework. 

1.2 DSS microservices 

1.2.1 Introduction to DIGITMAN’s microservices 
Within this framework, four main functionalities were specifically developed, prioritizing those considered 
most relevant and/or compatible with the data collected during WP1 (please see Deliverable “D1.2 – 
Integrated structuring of a common database”).  

Each functionality is integrated into the prototype DSS developed by DIGITMAN and corresponds to 
a specific microservice, i.e. an independent component that executes an application process as a 
standalone service. These services, communicating through a common interface using lightweight 
functions, are designed around specific Facility Management (FM) functions, with each microservice 
performing a single function. Since they run independently, each service can be updated, deployed, and 
scaled individually to meet the functional demands of the application. 

The microservices developed cover both operational logics and all three pillars, as illustrated in Figure 
2. These are: 

- Maintenance How-To (MHT): supports maintenance management by analyzing the current status 
of building health through standardized KPIs quantifying the impact of intervention requests, and 
by automating the classification of priority, programmability and activity type to fasten response 
planning and decision-making. 

- Operational How-To (OHT): supports operational performance management by correlating indoor 
environmental conditions with external climate data, benchmarking energy consumption against 
established KPIs, and enabling timely corrective actions to optimize indoor space performance. 

- Energy What-If (EWI) supports occupancy planning in buildings by evaluating the impact of 
functional changes on energy demand for space conditioning, estimating the resulting costs and 
emissions, and comparing alternative scenarios to optimize energy management. 

- Safety What-If (SWI) supports interventions related to building layout and use by verifying 
compliance with occupancy conditions as outlined in the Italian Fire Prevention Code (basic alert). 
This enables a multi-level comparison using code-based KPIs to identify optimal occupancy 
conditions that minimize risk, relying on fundamental width and length ratios. 

Each microservice relies on specific tools and multicriteria analysis methodologies to support the 
facility manager’s decision-making process. These methodologies are described in detail in the following 
sections of the report. 
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Figure 2: Microservices integrated into the DIGITMAN prototype tool. 

1.2.2 Architectural approach 
Microservices represent an architectural paradigm for software development that structures an 
application as a collection of loosely coupled, independently deployable services. Each service 
encapsulates a specific business capability and communicates with other services through well-defined 
interfaces, typically via APIs. This modularity enables autonomous team ownership, fostering rapid 
iteration and parallel development. It is recognized that the inherent design of microservices architectures 
facilitates enhanced scalability and resilience, thereby accelerating time-to-market for new functionalities 
and promoting continuous innovation. 

The advantages of microservices are particularly evident when contrasted with traditional monolithic 
architectures. In a monolithic system, all application processes are tightly interwoven and execute as a 
singular, indivisible unit. Consequently, a surge in demand for a specific application component 
necessitates the scaling of the entire system. Furthermore, the integration of new features or 
modifications within a monolithic application often leads to an increase in codebase complexity, thereby 
impeding experimentation and the agile implementation of novel concepts. This limitation is particularly 
pronounced in dynamic sectors, such as building management, where evolving data requirements and 
diverse administrative needs often demand highly customized services, even when leveraging shared 
foundational frameworks. Monolithic architectures also introduce a heightened risk to application 
availability, as the strong interdependencies among numerous processes amplify the impact of a single 
point of failure. 

Conversely, a microservices-based architecture constructs an application from independent 
components, with each application process operating as a distinct service. These services are meticulously 
designed to fulfil specific business functions, with each service performing a singular, well-defined task. 
The independent execution of each service allows for isolated updates, deployments, and scaling in 
response to the specific demands of particular application functionalities. While operationally 
independent, these services maintain conceptual and operational coherence by adhering to a shared, 
robust architectural framework and employing standardized interfaces, ensuring platform uniformity. 

In this sense, for the DIGITMAN project, microservices were developed based on the definition of user 
flows, which were influenced by the reference microservice and user typology. This is graphically 
illustrated in Figure 3, which traces user flow concepts and approaches. 



 

 
 

Grant number: 2022JMRX2A 

P a g e  6 | 46 

1.2.3 Benefits of microservice architecture 
The microservice architectural approach was strategically adopted during the project's development due 
to its profound compatibility with the project's organizational structure and methodology, which is 
segmented into specialized WPs aligned with the three core pillars: Maintenance, Operation, and Safety. 

This approach allowed us to deploy microservices following the principles of: 

• Autonomy: each service within a microservices architecture was independently developed, 
deployed, executed, and scaled without impacting the operational integrity of other 
components; 

• Specialization: each service was meticulously engineered to possess a circumscribed set of 
capabilities, concentrating on the resolution of a specific problem domain. 

This approach resulted in the following advantages, typical of microservice architectures: 

• Agility: microservices promoted the formation of small, independent teams, each assuming 
responsibility for a specific service. By operating within well-defined and constrained contexts, 
these teams achieved greater autonomy and accelerated development cycles, thereby reducing 
the time required for prototyping. 

• Scalability and flexibility: Microservices enabled the independent scaling of individual services 
in response to the demand for specific application functionalities. This granular control will 
empower separate teams to allocate infrastructure resources precisely based on emergent 
requirements. 

• Technological freedom: Microservices architectures obviated the need for a uniform 
technological stack across the entire application. This flexibility granted development teams 
the autonomy to select the most appropriate data, tools and technologies to address their 
specific problem domains, often driven by the diverse disciplinary contexts and information 
requirements inherent in complex projects. 

• Facilitated deployment: Microservices intrinsically support continuous prototyping, simplifying 
the experimentation with novel ideas and enabling rapid rollbacks to prior stable states when 
issues arise. Consequently, the cost associated with errors was significantly reduced, fostering 
a culture of experimentation, streamlining code updates, and accelerating the testing of 
functionalities. 

Despite these advantages, this organization led to a fragmentation in the development of 
functionalities. However, this was mitigated by adhering to the principles and conceptual framework 
defined in WP1, which enabled the teams – who also engaged in frequent updates and discussions – to 
remain aligned under a unified vision. 
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Figure 3. User flows considered for developing the microservices. Full-size image: link 

1.3 Prototype tool architecture 
From a technical standpoint, the prototype tool for conducting multicriteria analyses was developed 
entirely in Python, utilizing open-source technologies and libraries as much as possible. 

Each microservice relies on specific data processing techniques, including data mining, machine 
learning, and performance simulation, to compute the KPIs associated with the respective microservice, 
perform multicriteria analysis, and enable users to explore the results through the application interface. 

Figure 4 provides an overview of the methodological approach followed. 
 

https://univpm.sharepoint.com/:b:/r/sites/PRIN_22/Documenti%20condivisi/1.%20Actions/WP5%20Systematization,%20tool%20development%20and%20demonstration/T5.2%20-%20Prototype%20tool%20development/userflow.pdf?csf=1&web=1&e=Wi6zS5


 

 
 

Grant number: 2022JMRX2A 

P a g e  8 | 46 

 
Figure 4: Microservices integrated into the DIGITMAN prototype tool. 

1.3.1 MHT microservice architecture 
The MHT microservice enables the analysis of current building health status, related to corrective 
maintenance tasks activated on end-users’ requests (work order), according to the KPIs defined in 
Deliverable “D2.1 – KPIs and predictive methods for maintenance tasks”, in relation to the How-to logic. 
These KPIs include: activity types, requests and intervention timings, priority and programmability of 
interventions, and sentiment analysis. In this context, MHT operates on two different levels. In this 
context, MHT operates on two different levels. 

The first comprises the multicriteria analysis. It focuses on the combination of main health status KPIs 
on activity type, priority, programmability and timings (to close and to execute the maintenance 
interventions). These KPIs are structured by spatial areas (i.e. from upper building cluster down to single 
building levels) and by Omniclass activity categories, enabling a detailed assessment of maintenance 
requests across different intervention types. The multicriteria logic, developed using the Analytical 
Hierarchy Process (AHP) considers that each KPI is associated with a relevance weight to estimate the 
final impact on the health status for the given area/activity category [1]. 

The second concerns the predictive assessment of priority, programmability and activity type, to rapidly 
support decision makers in the automatic assignment of categories for each end-user request. The final 
Bi-LSTM RNN model obtained from activities of Deliverable “D2.1 – KPIs and predictive methods for 
maintenance tasks” is implemented to predict these categories in a set of new end-users’ requests, which 
can be then checked by the maintenance staff, confirming or not the automatic results of the predictive 
model. 

The outputs are processed in Python to recalculate the KPIs, and the resulting data (for each KPI, the 
multicriteria analysis and the predictive issues) are integrated and visualized through charts and tables 
using Plotly [2]. 

 

1.3.2 OHT microservice architecture 
The OHT microservice enables the analysis of the current and historical building performance by 

processing measured data, in relation to the How-To logic. These KPIs include: Utilization Rate, 
Occupancy Rate, Real-Time Occupancy Rate, and a suite of well-being indicators for thermal, visual, and 
air quality conditions. 

The analysis integrated into this service is based on the processing of measured time-series data from 
on-site sensors. This data is subsequently enriched through physical and statistical models to calculate the 
metrics. The processes include the estimation of occupancy via a CO2 mass-balance model and the 
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calculation of thermal comfort indices (PMV/PPD) using the pythermalcomfort [17] library, with data 
manipulation handled by libraries such as Pandas and NumPy. 

Furthermore, a multicriteria analysis is performed to synthesize various performance indicators into a 
single, holistic score. This is realized through the Composite Comfort & Performance Index (CCPI), which 
aggregates thermal comfort, air quality, and illumination sub-indices using a weighted-sum method, where 
weights can be dynamically adjusted by the user. 

The resulting KPIs and the CCPI score are visualized through an interactive dashboard built with the 
Dash framework and Plotly, allowing users to dynamically filter and explore operational patterns and 
performance. 

1.3.3 EWI microservice architecture 
The EWI microservice enables the comparison of different building occupancy scenarios and the 

estimation of their impacts according to the KPIs defined in Deliverable “D3.1 – KPIs and predictive 
methods for operation tasks”, in relation to the What-If logic. These KPIs include: utilization rate, 
occupancy rate, energy need, energy cost, and CO₂ emissions due to energy use. 

The multicriteria analysis integrated into this service is based on building performance simulation tools, 
specifically dynamic energy simulation. Simulations are conducted using the energy models developed in 
WP3 through EnergyPlus [3], which is executed via the Python library Eppy [4]. 

Simulations are performed by varying occupancy scenarios, implemented by modifying the thermal 
zone properties of the BEM models. The outputs are processed in Python to recalculate the KPIs. 

The resulting data are integrated using knowledge graphs based on NetworkX [5], adhering to the 
federated ontology proposed by DIGITMAN. The BTwin toolkit is used for graph construction and BIM–
BEM integration [6]. Finally, the integrated data are extracted from the graph and visualized through charts 
and tables using Plotly [2]. 

1.3.4 SWI microservice architecture 
The SWI microservice enables the comparison of different building occupancy scenarios and the 

estimation of their impact on safety, according to the KPIs defined in Deliverable “D4.1 – KPIs and 
predictive methods for safety tasks”, in line with the What-If logic, with a specific focus on width ratio and 
length ratio. 

The multicriteria analysis included in this service is based on building performance simulation tools 
specifically developed during the project in compliance with the Italian Fire Prevention Code [7]. 

The analyses are conducted using spatial graphs that make up the Building Safety Model (BSM), 
developed in WP4. These graphs are managed using TopologicPy [8] for spatial graph information 
handling, and NetworkX functions are implemented for graph-based analysis (e.g., shortest path 
calculations). 

As with the EWI service, the BSM is modified to vary the occupancy properties of key spaces across 
different scenarios. Custom Python algorithms are then executed to calculate KPIs at the space, floor, and 
building levels. 

BIM and BSM models are integrated into a knowledge graph using BTwin, adhering to the “Safety 
Module” of the DIGITMAN ontology (please see deliverable “D1.1 - Definition of an occupant-centric 
conceptual framework and correlation methodology”).  

Finally, the data are extracted from the graph and visualized through charts and tables using Plotly. 
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1.3.5 Overall platform architecture 
Each microservice is associated with a dedicated dashboard developed using Dash, a Python framework 
for building analytical web applications. These dashboards allow users to interact with the functionalities 
of each microservice through an intuitive graphical interface. 

All the microservices are integrated into a unified Dash-based platform, following a modular, 
microservices-oriented architecture. This approach enables each microservice to function independently 
while being accessible from a central interface. 

The core of the platform is managed through a main Python script, app.py, which defines the general 
structure and layout of the user interface. Within this layout, a set of tabs allows the user to select the 
desired microservice. 

When a specific tab is selected, app.py dynamically loads and activates a separate Python module 
containing the code for running the multicriteria analysis for the selected microservice. This modular 
structure ensures that each microservice can be maintained, updated, or extended independently, while 
remaining seamlessly integrated into the overall DSS. 

The deployment utilizes a virtual machine environment with 2 GB RAM and a 1.90 GHz CPU. This 
configuration provides process isolation from the host system, ensuring controlled resource allocation and 
enhanced security through computational sandboxing. The virtualized environment facilitates simplified 
deployment management and enables consistent application performance independent of host system 
variations. The application employs Waitress, a production-ready pure-Python WSGI server, replacing 
Flask's development server for improved stability and performance. Waitress provides multi-threaded 
request handling, supporting both HTTP/1.0 and HTTP/1.1 protocols with built-in request buffering and 
timeout management. This implementation ensures handling of concurrent user requests while 
maintaining compatibility with the Dash application framework. 
 

1.3.6 Tool dependencies 
Table 1 lists the specific dependencies and corresponding versions used for each microservice. 

Table 1: DIGITMAN prototype tool dependencies. 

Library Version Reference MHT OHT EWI SWI 

btwin 0.3.0 [6]   X X 

dash 2.18.2 [9] X X X X 

eppy 0.5.63 [4]   X  

honeybee 0.1.0 [10]   X  

ifcopenshell 0.7.0 [11]   X  

networkX 3.1 [5]   X X 

pandas 2.0.3 [12]   X  

plotly 5.14.0 [2] X X X X 

topologicpy 0.8.15 [8]    X 
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2 How-To Microservices 

2.1 Maintenance How-To Microservice 

2.1.1 KPIs calculation method 
According to results of Deliverable “D2.1 – KPIs and predictive methods for maintenance tasks”, the set 
of KPIs defined to assess the current health status of buildings by applying data mining techniques to 
maintenance records is resumed in Table 2, vary within a range from 0 (minimum impact) to 100 (maximum 
impact), ensuring consistency and comparability across different spatial and functional contexts. The KPIs 
are designed to measure the impact of each Activity Type j derived according to the OmniClass-based 
DIGITMAN activity list defined in WP1 (Elevators; Electrical equipment; Fire alarm; General Building 
Components; HVAC; Openings; Plumbing; Utilities), on specific locations k within the building stock, 
allowing spatial comparisons within the dataset. On the complete activity list see also D1.2 “Integrated 
structuring of a common database”. In particular, for building cluster evaluations (k=C), KPIs are calculated 
with respect to the total number of requests of the same Activity Type within the entire dataset, while for 
single building evaluations (k=b), they are calculated with respect to the total number of requests of the 
same Activity Type within the corresponding cluster. 

 

Table 2: DIGITMAN KPI to be combined into the Relevance Index for MHT implementation. Percentages are calculated 
with respect to the total number of requests for that same Activity Type within the corresponding specific area (that is the 

entire campus for building cluster analyses, and building clusters for single building analyses). 

KPIi NAME FORMULA EXPLANATION 

KPI1 Activity Type Percentage 
𝐾𝑃𝐼1,𝑗,𝑘 =

𝑆𝑗,𝑘

𝑆𝑗
∙ 100 

Percentage of maintenance requests S of a specific Activity 
Type j in a specific location k. Evaluates how relevant a 
location is for a specific type of maintenance activity. 
 
 

KPI2 Priority Percentage 
𝐾𝑃𝐼2,𝑗,𝑘 =

𝑆𝑗,𝑘
(𝑃1)

𝑆𝑗
∙ 100 

Percentage of maintenance requests S classified under the 

highest priority category (within a three levels priority scale: 

P1 high, P2 medium, and P3 low) of a specific Activity Type 

j in a specific location k.  

Evaluates which location concentrates the most urgent 
interventions for a given maintenance activity. 
 
 

KPI3 Programmability Percentage 
𝐾𝑃𝐼3,𝑗,𝑘 =

𝑆𝑗,𝑘
(𝑃1)

𝑆𝑗
∙ 100 

Percentage of maintenance requests S classified under the 

highest programmability category (within a four-level scale: 

U undeferrable, ST short-term, MT medium-term, and LT 

long-term) of a specific Activity Type j in a specific location 

k.  

Evaluates the level of planning flexibility in a given location 
for a given maintenance activity. 
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2.1.2 Multicriteria analysis method 
In order to ease and speed up decision-making, the three KPIs defined in Section 2.1.1 are aggregated into 
a single Relevance Index (RI), which quantifies the overall maintenance impact on building health for a 
given space k. This index is computed as the Euclidean norm of a vector in a three-dimensional KPI space, 
with the resulting value also ranging from 0 to 100. In this formulation, summarized in Equation 1, each 
KPI is considered equally relevant in terms of its contribution to the overall impact assessment, ensuring 
a balanced and objective representation of the combined effect of maintenance object, priority, and 
programmability with respect to the whole system conditions. In particular, prior to aggregation, each KPI 
is weighted depending on the Activity Type involved (weights are obtained through the AHP multicriteria 
analyses), then the weighted values are summed and squared. The final RI is calculated as the square root 
of the mean of these squared sums, as shown in Equation 1. This approach ensures that KPIs remain 
directly comparable across the assessment space while also incorporating the relative importance of the 
underlying activities, thereby aligning both the analytical structure and the operational relevance of the 
results. 

 

𝑅𝐼 𝑘 = √
∑ (∑ 𝑊𝑗∙𝐾𝑃𝐼𝑖𝑗𝑘)

8
𝑗=1

23
𝑖=1

3
     Eq.1 

 
Where: 

• i ∈ {1, 2, 3} represents the three KPIs (e.g., activity type, priority, programmability) defined in 
Section 2.1.1; 

• j ∈ {1, ..., 8} represents the eight categories of activity type defined in Section 2.1.1; 
• k represents the location (i.e., the cluster or the building), thus being the same for each RI; 
• Wj is the weight associated with Activity Type j, obtained through the AHP multicriteria 

analysis; 
• KPIij is the value of KPI i for activity j for location k; 
• The inner sum applies weights to the KPIs per Activity Type; 
• The outer sum aggregates the weighted KPIs. 

 
The multicriteria analysis carried out through the AHP provided a robust framework for quantifying the 

relative significance of the different maintenance Activity Types. The AHP is performed using a consensus 
group involving the DIGITMAN researchers as experts in MHT development. Each researcher provided 
his/her AHP, considering consistency ratio as main goodness indicators, and then results are aggregated 
by also evaluating the overall Shannon’s consensus indicator [13]. The results shown in Figure 5 reveal 
notable variability in perceived impact across categories. In particular, activities related to fire alarm 
systems received the highest weight (26.41%), indicating their central role in ensuring occupant safety and 
compliance with the regulations. Electrical systems followed with a substantial weight (19.32%), reflecting 
their critical contribution to operational continuity. Openings ranked third (13.86%), underscoring their 
importance in maintaining accessibility and usability of environments. Elevators and plumbing 
interventions were also regarded as significant, while general components, HVAC systems, and utilities 
were assigned lower priority weights, suggesting a comparatively limited impact on perceived building 
health within the studied context. Overall, this hierarchy suggests that maintenance activities exert their 
greatest influence where they directly affect safety-related functions, followed by interventions that 
ensure the usability and accessibility of facilities, and finally by activities primarily associated with user 
comfort and environmental quality. The resulting weighting factors are integrated into the Relevance 
Index (RI) to deliver more detailed insights into the condition of building systems.  

The consistency ratio derived during the AHP process is equal to 2.5%, thus remaining below the 10% 
threshold and validating the reliability of the pairwise comparisons. Furthermore, the consensus indicator 
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(S*) demonstrated a high degree of agreement among experts, supporting the credibility of the aggregated 
priority values.  

 

 
Figure 5: Results of the AHP process and the consensus group tasks. On the left, summary of the final comparison matrix; on the 

right, Activity Types and related weights, associated with vertical bars, that show the weights uncertainties. 
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2.2 Operational How-To Microservice 

2.2.1 KPIs calculation method 
The OHT microservice enables the analysis of historical and real-time building performance by processing 
measured data, in relation to the How-To logic. 

The KPIs considered in the analysis are listed in Table 3. Below is a detailed methodological description 
of how each KPI is calculated. 

Table 3: KPIs calculated through the OHT multicriteria analysis. 

Code Name Area Logic Description Goal 
KPI O-1.1 Utilization 

Rate 
Use How-To Percentage of time that a 

specific space is occupied 
compared to the total 
available time.  

It helps determine how 
long the space is being 
utilized. 

KPI O-1.2 Occupancy 
Rate 

Use How-To Average number of 
occupants in a space 
compared to its maximum 
capacity. 

It provides insights into the 
utilization of individual 
space and identifies spaces 
that may be over or 
underutilized. 

KPI O-1.3 Real Time 
Occupancy 
Rate 

Use How-To Measurement of the 
variation of the occupancy 
in the spaces in timeseries 
to identify irregular 
occupancy pattern 

Identify the occupation in 
real time through both 
measurement and 
predictions 

KPI O-1.4 Standard 
Deviation 
Occupancy 
Variability 

Use How-To Measurement of the 
variation of the occupancy 
in the spaces in timeseries 
to identify irregular 
occupancy pattern 

Identify irregular patterns 
in space use 

KPI O-2.4 Electricity 
Consumption 
per 
Occupant 

Energy How-To Measurement of the 
efficiency of the devices 
per person 

Spot peak consumption of 
energy in different 
conditions of use per 
person 

KPI O-5.1 Thermal-
Hygrometric 
Setpoint 

Well-Being How-To Percentage of time during 
working hour within the 
comfort tresholds 

  

KPI O-5.2 Thermal-
Hygrometric 
Rate 

Well-Being How-To Percentage of time during 
the day which the indoor 
temperature setpoints do 
not meet the desired 
conditions while the space 
is occupied. It could also 
be a comfort measure as 
PPD or PMV. 

To ensure occupant 
comfort, productivity, and 
well-being. To identify 
areas where the HVAC or 
environmental control 
systems may need 
adjustments or 
improvements to 
maintain desired comfort 
levels 

KPI O-5.3 Visual 
Setpoint 

Well-Being How-To Percentage of time during 
working hour within the 
comfort tresholds 

  

KPI O-5.4 Visual Rate Well-Being How-To The percentage of time 
that sufficient visual 
comfort is ensured, such 
as adequate workplane 
illuminance or appropriate 
lighting levels, during the 

Ensure that occupants 
have access to suitable 
lighting conditions that 
support their visual tasks 
and promote visual 
comfort 
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considered period while 
the space is occupied. 

KPI O-5.5 Air Quality 
Setpoint 

Well-Being How-To Percentage of time during 
working hour within the 
comfort tresholds 

  

KPI O-5.6 Air Quality 
Rate 

Well-Being How-To Percentage of time during 
which the CO2/TVOC 
concentration in the 
indoor air exceeds the 
desired setpoint while the 
space is occupied 

To improve indoor air 
quality and avoid 
potential health issues. By 
ensuring proper 
ventilation, air circulation, 
and control of pollutant 
sources, the aim is to 
maintain CO2/TVOC 
concentrations within 
recommended levels for 
occupant comfort and 
well-being. 

Utilization Rate (%) 

The main steps for calculating this KPI are: 

1. The database is queried to select data corresponding to the specific hours and filtered by the 
opening hours The “estimated occupancy” column is accessed, the column contains the estimated 
number of occupant for each timestamp, pre-calculated using two CO2 mass-balance model 
(detailed in KPI O-1.3) 

2. A count is performed on the number of timestamps where the estimated occupancy value is greater 
than zero. This count represents the “occupied time” 

3. The results is than multiplied by 100 to yield the final percentage, which indate the utilization of 
the space 

Occupancy Rate (%) 

The main steps for calculating this KPI are: 

1. Data is filtered from the database for the specific time interval and room of interest. 
2. The numerical average of the values in the “estimated occupancy” column is computed for the 

entire selected period. 
3. The maximum capacity of the space is retrieved from the space database produce in the WP1 

phase. 
a. The average occupant count is divided by the maximum capacity of the space. 

4. The resulting ratio is multiplied by 100 to express it as a percentage, representing the average 
occupancy rate. 

Real-Time Occupancy Rate (%) 

The main steps for calculating this KPI are: 

1. The calculation methods rely on two distinct CO2 mass-balance model. The first one is used in a 
conditions of confined volume with a Continuos Air Volume (CAV) ventilation system, the second 
one is used when the ventilation system is off and it consider an enclosed space with no 
infiltrations. 

a. The first method has been explained in detail in the “D3.1 Operation predictive module 
development”, the formula implemented is the following: 

𝑛 =
𝑄

𝑘 ∗ 𝑒−
𝑄
𝑉
(𝑖−𝑠)

∗ (𝐶𝑖 − 𝐶0 − (𝐶𝑠 − 𝐶0) ∗  𝑒
−
𝑄
𝑉
(𝑖−𝑠)  
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b. The second method, also explained in detail in the previous mentioned deliverable, is 
presente in the following formula: 

𝑛 =
(𝐶𝑖 − 𝐶𝑠) ∗ 𝑉

𝑘 ∗ (𝑖 − 𝑠)
 

The parameters used in the calculation are the following: 

• n = number of occupants 
• Q = air flow rate 
• V = volume of the room 
• Cs = CO2 concentration in the initial instant 
• Ci = CO2 concentration in i-th instant 
• C0 = CO2 concentration outside of the building, which is assumed to be constant throuout the 

day and is measured inside the classroom after one hour the system has started, kwoning the 
air volume has been chanceg six times, it is assumed that the CO2 level is equal to the outdoor 
level, with the classroom still empty.  

• k = per capita CO2 production rate for people who are seated and studying; it is assumed that 
the value is constant and equal to 0.0056 m3/s 

• i – s = the delta of time between the first and the second measurement 
2. The model accounts for the operational state of the Air Handling Unit (AHU). If the AHU is active 

(inferred from its electrical current consumption), the equation incorporates the air exchange rate 
to account for CO2 removal. If the AHU is off, only CO2 accumulation is considered. 

3. The output is the estimated number of people, which is subsequently rounded and floored at zero 
to prevent negative values. 

Standard Deviation Occupancy Variability 

The main steps for calculating this KPI are: 

1. The “Estimated Occupancy” data series is selected for the user-specified space and time period. 
2. The standard deviation function from the Pandas library (.std()) is applied to this filtered data series. 
3. The resulting value indicates how much the occupant count typically deviates from the period's 

average. 

Electricity Consumption per Occupant (kW/pp) 

The main steps for calculating this KPI are: 

1. Two data series are extracted from the operational database for the selected period and space: 
electrical power and estimated occupancy. 

2. For each timestamp, the electrical power value (in kW) is divided by the corresponding number of 
occupants. 

3. An average of these per-capita consumption values is then calculated across the entire time frame. 
4. The final result represents the average electrical consumption per person (in kW/person), offering 

a direct metric of device and system efficiency relative to actual space use. 

Thermal-Hygrometric Setpoint (%) 

The main steps for calculating this KPI are: 

1. The  “Air Temperature” column is selected from the database. 
2. Temperature comfort level thresholds, defined in “D3.1 Operation predictive module 

development”, are compared woth measured temperature and than classified. These thresholds 
are season-dependant and vary based if the Daily Mean Temperature (DMT) is above or below 
15°C. 
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3. Each data point in the selected time series is classified accordingly. 
4. The total number of timestamps falling in each category is then counted. 
5. This count is divided by the total number of timestamps in the period and multiplied by 100. The 

result represents the total time spent within comfortable thermal conditions. 

Thermal-Hygrometric Rate (%) 

The main steps for calculating this KPI are: 

1. The “Air Temperature” data is processed and classified into categories using the same seasonal 
thresholds as KPI O-5.1. 

2. The total number of timestamps falling in each category is then counted. 
3. This count is divided by the total number of timestamps in the period and multiplied by 100. The 

result represents the total time spent within comfortable thermal conditions. 

Visual Setpoint (%) 

The main steps for calculating this KPI are: 

1. The lux data column, representing illumination, is selected. 
2. Thresholds, defined in “D3.1 Operation predictive module development”, are used to classify the 

data point. 
3. The total number of timestamps falling in each category is then counted. 
4. This sum is divided by the total number of timestamps and multiplied by 100 to determine the 

percentage of time with adequate visual comfort. 

Visual Rate (%) 

The main steps for calculating this KPI are: 

1. The “Illumination” data is processed and classified into categories using the same seasonal 
thresholds as KPI O-5.3. 

2. The total number of timestamps falling in each category is then counted. 
3. This count is divided by the total number of timestamps in the period and multiplied by 100. The 

result indicates the proportion of time with either insufficient or excessive lighting. 

Air Quality Setpoint (%) 

The main steps for calculating this KPI are: 

1. The “CO2”, “VOC”, “PM2.5”, and “PM10” data columns, representing key indoor air quality 
pollutants, are selected. 

2. Thresholds, defined in “D3.1 Operation predictive module development”, are used to classify each 
data point for each pollutant into 'Good', 'Acceptable', or 'Bad' zones. 

3. For each pollutant, the number of timestamps falling within the 'Good' and 'Acceptable' categories 
is counted. 

4. This count is divided by the total number of timestamps and multiplied by 100 to indicate the 
percentage of time that air quality was compromised. 

Air Quality Rate (%) 

The main steps for calculating this KPI are: 

1. The air quality data ( “CO2”, “VOC”, “PM2.5”, and “PM10”) is processed and classified into categories 
using the same thresholds as KPI O-5.5. 

2. For each pollutant, the number of timestamps falling into each category is counted. 
3. This count is divided by the total number of timestamps and multiplied by 100 to indicate the 

percentage of time that air quality was compromised. 
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2.2.2 Multicriteria analysis method 
To provide a holistic assessment of indoor environmental performance, the OHT microservice integrates 
a multicriteria analysis method that aggregates key performance indicators into a single, comprehensive 
score: the Composite Comfort & Performance Index (CCPI). This index is designed to offer a synthesized 
view of occupant well-being by combining the three fundamental dimensions of IEQ: Thermal Comfort, 
Indoor Air Quality (IAQ), and Illumination. 

The CCPI is calculated as a weighted sum of three normalized sub-indices, each ranging from 0 (worst 
performance) to 1 (best performance), according to the following formula: 

 
𝐶𝐶𝑃𝐼 = 𝑊𝑇𝐶 ∙ 𝑆𝑇𝐶 + 𝑊𝐼𝐴𝑄 ∙ 𝑆𝐼𝐴𝑄 + 𝑊𝐿 ∙ 𝑆𝐿 

 
Where: 

• STC, SIAQ, and SL represent the sub-indices for Thermal Comfort, IAQ, and Illumination, 
respectively 

• WTC, WIAQ, and WL are their corresponding weights. 

 
The default weights, derived from an Analytic Hierarchy Process (AHP), are 44.1% for Thermal 

Comfort, 25.4% for IAQ, and 30.5% for Illumination. All weights are modifiable via dashboard sliders to 
accommodate stakeholder priorities. 

The overall CCPI score is presented on the dashboard and is color-coded based on predefined 
thresholds for immediate visual classification of the IEQ: 'good' (≥ 0.7), 'acceptable' (≥ 0.4), and 'bad' (< 
0.4). The calculation method for each sub-index is detailed below. 

2.2.2.1 Thermal Comfort sub-index (STC) 

The STC sub-index is calculated using the standard thermal comfort metrics of Predicted Mean Vote (PMV) 
and Predicted Percentage of Dissatisfied (PPD) providing a comprehensive assessment of occupants' 
thermal sensation. Both metrics are first converted into normalized scores (SPMV, SPPD) and then aggregated 
multiplicatively. This approach ensures that a poor score on either metric will significantly penalize the 
overall thermal comfort score. 

1. SPMV is calculated using a piecewise linear function based on the absolute value of the mean PMV 
for the period analyzed. The score is calculate as follow: 

𝑆𝑃𝑀𝑉 = 

{
 
 

 
 

1, 𝑖𝑓 |𝑃𝑀𝑉| ≤ 0.5

1 − 
|𝑃𝑀𝑉| − 0.5

0.5
, 𝑖𝑓 0.5 <  |𝑃𝑀𝑉| < 1.0

 
0, 𝑖𝑓 |𝑃𝑀𝑉| ≥ 1.0 

 

2. SPPD score is calculated similarly, penalizing values above the 10% dissatisfaction threshold. 

𝑆𝑃𝑃𝐷 = 

{
 
 

 
 

1, 𝑖𝑓 𝑃𝑃𝐷 ≤ 10%

1 − 
𝑃𝑃𝐷 −  10

20
, 𝑖𝑓 10% <  𝑃𝑃𝐷 < 30%

 
0, 𝑖𝑓 𝑃𝑃𝐷 ≥  30% 

 

3. The final thermal comfort score is the average of these two values: 
𝑆𝑇𝐶 = √𝑆𝑃𝑀𝑉 + 𝑆𝑃𝑃𝐷 

2.2.2.2 Indoor Air Quality sub-index (SIAQ) 

The SIAQ sub-index is a weighted sum of three distinct components: Particulate Matter (PM), CO2, and 
Volatile Organic Compounds (VOCs), reflecting their relative impact on perceived air quality. 
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1. Particulate Matter Sub-index (SPM): This is determined by applying a "worst-performer" principle 
between the normalized scores for PM2.5 and PM10. 

𝑆𝑃𝑀2.5 = max (0, 1 − 
max(0, 𝐶𝑃𝑀2.5 − 15)

30
) 

𝑆𝑃𝑀10 = max ((0, 1 − 
max(0, 𝐶𝑃𝑀10 − 45)

90
) 

The final PM score is represented by the minimum of the two: 
𝑆𝑃𝑀 = min (𝑆𝑃𝑀2.5, 𝑆𝑃𝑀10) 

2. CO2 Sub-index (SCO2): This score is based on the differential CO2 concentration between indoor 
and outdoor air (ΔCO2). 

ΔCO2 = 𝐶𝑂2,𝑖𝑛 − 𝐶𝑂2,𝑜𝑢𝑡 

𝑆𝐶𝑂2  =  {

1, 𝑖𝑓 ΔCO2 ≤ 600 𝑝𝑝𝑚 

1 −
 ΔCO2 − 600

600
, 𝑖𝑓 600 𝑝𝑝𝑚 <   ΔCO2  < 1200 𝑝𝑝𝑚

0, 𝑖𝑓  ΔCO2 ≥  1200 𝑝𝑝𝑚

 

3. VOC Sub-index (SVOC): This score is calculated based on the absolute VOC concentration. 

𝑆𝑉𝑂𝐶  =  {

1, 𝑖𝑓 𝑉𝑂𝐶 ≤ 200 𝑝𝑝𝑏 

1 −
𝑉𝑂𝐶 − 220

440
, 𝑖𝑓 220 < 𝑉𝑂𝐶 < 660

0, 𝑖𝑓 𝑉𝑂𝐶 ≥  660

 

4. The final IAQ score is calculated using predefined weights: 

𝑆𝐼𝐴𝑄 = 0.50 ∙  𝑆𝑃𝑀 +  0.35 ∙  𝑆𝐶𝑂2 +  0.15 ∙  𝑆𝑉𝑂𝐶 

2.2.2.3 Illumination sub-index (SL) 

The SL sub-index evaluates the adequacy of lighting levels using a trapezoidal function that rewards 
ideal illumination levels while penalizing both insufficient light and excessive light,  cause of glare. 

The score is calculated based on the mean illumination value (E, in Lux). 

𝑆𝐿 = 

{
 
 

 
 

𝐸

400
, 𝑖𝑓 𝐸 < 400 𝑙𝑢𝑥

1, 𝑖𝑓 400 𝑙𝑢𝑥 ≤ 𝐸 ≤ 1000 𝑙𝑢𝑥

1 − 
𝐸 − 1000

500
, 𝑖𝑓 1000 𝑙𝑢𝑥 < 𝐸 < 1500 𝑙𝑢𝑥

0, 𝑖𝑓 𝐸 ≥ 1500 𝑙𝑢𝑥
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3 What-If Microservices 

3.1 Energy What-If Microservice 

3.1.1 KPIs calculation method 
The EWI microservice enables the prediction of the impacts that alternative occupancy scenarios may 
have on building management, including energy demand, associated costs, and emissions, based on the 
What-If logic. 

The KPIs considered in the analysis are listed in Table 4. Below is a detailed methodological description 
of how each KPI is calculated. 

Table 4: KPIs calculated through the EWI multicriteria analysis. 

Code Name Area Logic Description Goal 
KPI O-1.1 Utilization 

Rate [%] 
Use What-If The percentage of time that 

a specific space is occupied 
compared to the total 
available time.  

It helps determine how long 
the space is being utilized. 

KPI O-1.2 Occupancy 
Rate [%] 

Use What-If Average number of 
occupants in a space 
compared to its maximum 
capacity. 

It provides insights into the 
utilization of individual 
spaces and identifies areas 
that may be over- or 
underutilized. 

KPI O-2.1 Energy 
Need [TEP] 

Energy What-If Tons of oil equivalent to the 
ideal energy needed for 
heating, cooling, lighting, 
ventilation and using the 
appliances of a building or its 
zones. 

It helps in understanding 
how much electricity is 
needed to operate the zone 
or building. 

KPI O-3 Energy 
Cost [€] 

Cost What-If Measures the expenses 
associated with electricity, 
natural gas, and district 
heating consumption within 
a building or facility. 

It enables the identification 
of areas with higher energy 
consumption, allowing for 
the implementation of 
energy-saving measures and 
a reduction in overall energy 
expenses towards energy 
efficiency. 

KPI O-4 CO2 
Emissions 
due to 
Energy Use 
[kgCO2eq] 

Environment What-If The amount of CO2 
emissions produced as a 
result of the building's 
energy consumption from 
the grid. 

It enables the tracking of 
environmental impact in 
terms of CO2 emissions 
resulting from the use of 
energy within a building or 
its zones. 

 

3.1.1.1 Utilization Rate (%) 

The main steps for calculating this KPI are: 

1. EnergyPlus simulation is executed via Eppy using the calibrated Building Energy Model (BEM) and 
EPW weather data. The output resolution is set at the level of individual thermal zones, with an 
hourly time step. 
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2. Simulation results are exported by EnergyPlus in CSV format, following EnergyPlus’ native output 
schema. 

3. The EnergyPlus output CSV is imported into Python as a Pandas DataFrame and processed for KPI 
calculation. In particular: 

a. Using Eppy, all thermal zones with an occupancy density greater than 0 are identified in 
the IDF model; these are considered “occupied zones”; 

b. For each occupied zone, the occupancy density value is retrieved and multiplied by the area 
of the zone to calculate the maximum number of occupants; 

c. For each occupied zone, the analysis iterates over all DataFrame rows, each representing 
one simulation hour throughout the year; 

d. For each zone, a Python variable named total_occupied_hours is initialized and set to zero; 
e. For each hour and each zone, the output variable People Occupant Count is retrieved. If 

its value is greater than zero, one is added to the total_occupied_hours variable; 
f. After iterating over all hours, the total_occupied_hours for each zone is divided by 8,760 

(the total number of hours in a year) to obtain the annual occupancy rate; 
g. At the building level, a weighted average occupancy rate is calculated by weighting each 

zone’s occupancy rate according to its maximum number of occupants; 
h. The final KPI provides an indication of the average occupancy level relative to each space’s 

maximum capacity. It offers insights into space utilization and helps identify zones that are 
consistently over- or under-utilized. 

3.1.1.2 Occupancy Rate (%) 

The main steps for calculating this KPI are: 

1. EnergyPlus simulation is executed via Eppy using the calibrated Building Energy Model (BEM) and 
EPW weather data. The output resolution is set at the level of individual thermal zones, with an 
hourly time step. 

2. Simulation results are exported by EnergyPlus in CSV format, following EnergyPlus’ native output 
schema. 

3. The EnergyPlus output CSV is imported into Python as a Pandas DataFrame and processed for KPI 
calculation. In particular: 

a. Using Eppy, all thermal zones with an occupancy density greater than 0 are identified in 
the IDF model; these are considered “occupied zones”. 

b. For each occupied zone, the occupancy density value is retrieved and multiplied by the area 
of the zone to calculate the maximum number of occupants. 

c. For each occupied zone, the analysis iterates over all DataFrame rows, each representing 
one simulation hour throughout the year. 

d. For each hour and for each zone, the output variable “People Occupant Count” is retrieved 
and divided by the zone’s maximum number of occupants to compute the hourly occupancy 
rate. 

e. For each zone, the yearly average occupancy rate is calculated as the mean of all hourly 
occupancy rates. 

f. At the building level, a weighted average of the zone-level occupancy rates is computed, 
using the maximum number of occupants per zone as the weighting factor. 

g. The final KPI provides an indication of the average occupancy level relative to each space’s 
maximum capacity. It offers insights into space utilization and helps identify zones that are 
consistently over- or under-utilized. 

3.1.1.3 Energy Need (TEP) 

The main steps for calculating this KPI are: 
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1. EnergyPlus simulation is executed via Eppy using the calibrated Building Energy Model (BEM) and 
EPW weather data. The output resolution is set at the level of individual thermal zones, with an 
hourly time step. 

2. Simulation results are exported by EnergyPlus in CSV format, following EnergyPlus’ native output 
schema. 

3. The EnergyPlus output CSV is imported into Python as a Pandas DataFrame and processed for KPI 
calculation. In particular: 

a. For each zone (whether occupied or unoccupied), the Total Heating Energy (THE) is 
calculated by summing all columns in the CSV file whose names include the zone ID and 
the EnergyPlus variable "Zone Ideal Loads Supply Air Total Heating Energy;" 

b. For each zone (whether occupied or unoccupied), the Total Cooling Energy (TCE) is 
calculated by summing all columns in the CSV file whose names include the zone ID and 
the EnergyPlus variable "Zone Ideal Loads Supply Air Total Cooling Energy;" 

c. For each zone (whether occupied or unoccupied), the Total Lighting Energy (TLE) is 
calculated by summing all columns in the CSV file whose names include the zone ID and 
the EnergyPlus variable "Zone Lights Electricity Energy;" 

d. For each zone (whether occupied or unoccupied), the Total Equipment Energy (TEE) is 
calculated by summing all columns in the CSV file whose names include the zone ID and 
the EnergyPlus variable "Zone Equipment Electricity Energy;" 

e. For each zone, the Total Ventilation Energy (TVE) is calculated in Python by processing the 
EnergyPlus results file. It is assumed that the electrical power of the Air Handling Unit 
(AHU) serving the zone remains constant. Specifically, for each hour and for each zone, if 
the variable Zone Ideal Loads Supply Air Standard Density Volume Flow Rate is greater 
than zero, the power of the AHU is considered and multiplied by the time step duration to 
compute energy consumption in kWh; 

f. THE, TCE, TLE, TEE, and TVE are then summed across all zones to obtain the corresponding 
building-level values; 

g. If natural gas is used for heating: 
i. Multiply THE (in kWh, as output by EnergyPlus) by the conversion factor from kWh 

to Smc (Standard cubic meters of gas); 
ii. Multiply the resulting value (in Smc) by the conversion factor from Smc to TEP 

(Tonnes of Oil Equivalent); 
iii. Sum TCE, TLE, TEE, and TVE to calculate the total electricity consumption, and 

convert it to TEP using the appropriate conversion factor; 
iv. Add the converted THE (in TEP) to the total electricity (in TEP) to get the total 

primary energy consumption; 
h. Elif electricity is used for heating: 

i. Sum THE, TCE, TLE, TEE, and TVE to calculate total electricity consumption, and 
convert it to TEP using the kWh-to-TEP conversion factor; 

The following conversion factors, obtained by official souces [18], [19], are considered for calculating 
these KPIs: 

• kwh_to_smc = 10.944 
• smc_to_tep = 0.000082 
• kWh_to_tep = 0.0008598 

Note: The Energy Need is calculated based on a model that (1) has been calibrated using indoor 
temperature data, but not using measured energy consumption data from building systems and (2) includes 
a simplified representation of HVAC systems, modeled as Ideal Loads Air Systems. Therefore, the Energy 
Need KPI does not represent the actual energy consumption of the building systems, but rather the 
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thermal energy demand of the building. As such, the purpose of this KPI is not to accurately predict real 
energy use under different scenarios, but rather to assess how thermal loads experienced by the HVAC 
systems change across scenarios. This is particularly important because these loads are highly sensitive to 
occupancy conditions – for example, internal gains and ventilation requirements can vary significantly 
depending on how spaces are used. 

3.1.1.4 Energy Cost (EUR) 

The main steps for calculating this KPI are: 

1. Obtain the annual values for THE, TCE, TLE, TEE, and TVE at the building level according to the 
Energy Need calculation procedure; 

2. If natural gas is used for heating: 
a. Multiply THE (in kWh, as provided by EnergyPlus) by the conversion factor from kWh to 

Smc. 
b. Multiply the resulting THE (in Smc) by the conversion factor from Smc to EUR, getting the 

heating energy cost (HEC). 
c. Sum TCE, TLE, TEE, and TVE to obtain the total electricity consumption, and multiply this 

sum by the conversion factor from kWh to EUR, obtaining the electricity energy cost (EEC). 
d. Sum HEC and EEC to get the total costs (in EUR). 

3. If electricity is used for heating: 
a. Sum THE, TCE, TLE, TEE, and TVE to obtain the total electricity consumption, and multiply 

this sum by the conversion factor from kWh to EUR. 

The following conversion factors, obtained by official sources [18], [20], [21], are considered for 
calculating these KPIs: 

• kwh_to_smc = 10.944 
• smc_to_EUR = 0.4987 
• kWh_to_EUR = 0.164 

Note: Based on the previous note, the purpose of this KPI is not to predict the exact cost resulting 
from the use of energy services in the selected scenario – which would be very critical without energy 
meters for each thermal zone, a monitoring operation that is very costly at the asset level, especially 
considering that in most cases dedicated meters are not even available at the building level. Rather, the 
aim is to compare the economic impacts of different occupancy scenarios on building management, in 
order to understand whether certain choices improve or worsen the economic requirements.  

3.1.1.5 CO2 Emissions due to Energy Use (kgCO2eq) 

The main steps for calculating this KPI are: 

1. Obtain the annual values for THE, TCE, TLE, TEE, and TVE at the building level according to the 
Energy Need calculation procedure; 

2. If natural gas is used for heating: 
a. Multiply THE (in kWh, as provided by EnergyPlus) by the conversion factor from kWh to 

Smc. 
b. Multiply the resulting THE (in Smc) by the conversion factor from Smc to kgCO2/eq, getting 

hypothetical emission due to heating use (HEE). 
c. Sum TCE, TLE, TEE, and TVE to obtain the total electricity consumption, and multiply this 

sum by the conversion factor from kWh to kgCO2/eq, obtaining hypothetical emission due 
to electricity use (EEE). 

d. Sum HEE and EEE to get the total costs (in kgCO2/eq). 
3. If electricity is used for heating: 
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a. Sum THE, TCE, TLE, TEE, and TVE to obtain the total electricity consumption, and multiply 
this sum by the conversion factor from kWh to kgCO2/eq. 

The following conversion factors, obtained by official sources [2], [22], are considered for calculating 
these KPIs: 

• kwh_to_smc = 10.944 
• smc_to_CO2 = 2.02 
• kWh_to_CO2 = 0.467 

Note: The same considerations outlined in the previous note also apply to the issue of quantifying 
environmental impacts. 

3.1.2 Scenario modeling method 

3.1.2.1 Scenario thinking 

A "what if" scenario is a hypothetical situation explored to understand the potential outcomes of different 
decisions or changes. It is often used in project management, strategic planning, and financial modeling to 
assess risks and opportunities. 

In the scenario described, the proposed "what if" cases involve variations in aspects related to the 
occupancy of the main building spaces, with the intent of asking questions such as: “What happens if I 
convert these classrooms into offices?”, “What happens if I change the capacity of the spaces?”, “What 
happens if I introduce a demand-based ventilation system?”, or “What happens if I reschedule the 
academic calendar and/or the space occupancy planning?”. 

Each of these questions implies a change in occupancy-related parameters, which in turn affects – 
sometimes significantly – the energy behavior of the building, as is well known and documented in the 
relevant scientific literature [14], [15], [16]. 

Example what-if questions, relevant in the context of university buildings, are documented in Table 5. 
 

Table 5: Example what-if scenarios in the context of occupant-based higher education building management. 

Scenario 
type 

Question 
statement 

Question Subject Question Action Scenario description 

Variations in 
occupancy 

What If the academic calendar 
or schedule structure 

is changed? Altering the academic calendar (e.g., shifting from a 
semester to a trimester or quarter system) affects 
space usage patterns and can lead to changes in 
energy demand and operational scheduling.  

Variations in 
occupancy 

What If working-from-home is introduced in offices? Large-scale adoption of WfH can reduce space 
demand, enable flexible strategies (e.g., hot-desking), 
lower operational costs, and produce environmental 
benefits (e.g., reduced commuting emissions). 

Variations in 
occupancy 

What If blended learning or 
partial distance learning 

are introduced? Similar to WfH, increased use of blended or remote 
learning reduces the need for physical space, 
supports flexible space planning, and contributes to 
environmental goals by decreasing travel-related 
emissions. 

Variations in 
occupancy 

What If many spaces cannot be used for a 
long time? 

Prolonged non-use of spaces can lead to energy 
waste if systems lack adaptive controls. Fixed 
schedules or inflexible systems (e.g., centralized 
heating) may continue to operate even when 
occupancy is low, thereby increasing inefficiency. 

Variations in 
occupancy 

What If some spaces cannot be used for a 
long time? 

Temporary unavailability of spaces (e.g., for 
maintenance) can disrupt space planning. Strategic 
scheduling and temporary relocations may be 
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Scenario 
type 

Question 
statement 

Question Subject Question Action Scenario description 

required to maintain functionality and avoid service 
interruptions. 

Variations in 
occupancy 

What If the maximum capacity 
of spaces 

is changed (i.e. 
increased)? 

Space capacity may be altered due to health 
guidelines (e.g., social distancing) or safety 
regulations (e.g., fire code compliance). Such changes 
affect scheduling, occupancy rates, and operational 
planning. 

Variations in 
occupancy 

What-if the intended use is changed (i.e. riskier)? Changing the function of a space (e.g., from 
classroom to laboratory) may conflict with adjacent 
uses or building systems. Spatial compatibility 
analysis and code compliance are essential for such 
transformations. 

Occupant-
centric 

controls 

What If lighting control is implemented through 
occupancy sensors or 

through daylight 
harvesting systems?? 

Automated lighting systems adjust according to 
occupancy and natural light availability, thereby 
reducing energy consumption while maintaining user 
comfort. Combining both strategies maximizes 
efficiency and optimizes daylight utilization. 

Occupant-
centric 

controls 

What if plug load control is implemented for 
electric equipment? 

Occupancy-based plug load controls can reduce 
energy waste from idle devices, particularly in spaces 
that are intermittently used, such as labs, classrooms, 
and offices. 

Occupant-
centric 

controls 

What if mechanical ventilation 
control 

are implemented 
through demand-

controlled ventilation? 

Demand-controlled ventilation adjusts airflow based 
on real-time occupancy, optimizing indoor air quality 
and reducing unnecessary energy use in 
underutilized spaces 

Occupant-
centric 

controls 

What if temperature control is implemented through 
smart thermostats? 

Smart thermostats optimize HVAC performance by 
learning usage patterns and adjusting temperatures 
accordingly, reducing energy consumption during 
unoccupied periods while maintaining comfort. 

Occupant-
centric 

controls 

What if peak demand 
management strategies 

are employed? Strategies such as load shifting, energy storage, and 
scheduling flexibility help reduce peak electricity 
demand, thereby managing energy costs and 
mitigating grid stress. 

Occupant-
centric 

controls 

What if demand-response 
programs 

are implemented? Participation in demand-response programs allows 
educational buildings to reduce energy usage during 
peak periods via pre-conditioning or setpoint 
adjustments. While beneficial, these strategies must 
strike a balance between energy savings and 
occupant comfort. 

 

3.1.2.2 Scenario types 

In the context of the DIGITMAN project, four categories of modifications to the building's current state 
were defined to model energy-related scenarios. These correspond to hypothetical actions that facility 
managers might undertake during the operational phase of the asset: 

1. Changes to the capacity of main spaces: modifying the allowable number of occupants in a 
given space, which may result from health and safety regulations, directly affecting energy 
needs, particularly in terms of ventilation, heating, and cooling loads. 

2. Modifications to space occupancy schedules: adjusting the temporal distribution of space 
usage, such as altering daily or weekly schedules, can influence system operation times and 
peak demand periods. 
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3. Repurposing of spaces: changing the intended function of a space (e.g., converting classrooms 
into offices or labs), which can lead to different usage profiles and environmental requirements, 
affecting system control and energy demand, due to variations in occupancy levels, equipment 
loads, and indoor environmental quality standards 

4. Shift to demand-driven ventilation strategies: Transition from constant air velocity ventilation, 
designed to meet regulatory requirements based on space dimensions, to demand-driven 
ventilation systems (variable air velocity), which adapt airflow based on spatial or occupancy-
based requirements. 

These categories can be combined within the same scenario, allowing for more complex scenarios. 

3.1.2.3 BEM editing 

To technically model each scenario, once it has been precisely defined, specific modifications are applied 
to the calibrated energy model of the building. This is done by manipulating EnergyPlus’ IDF input file 
using Python and the Eppy library. The model is modified to reflect the scenario's conditions as accurately 
as possible, after which the simulation is rerun to calculate updated KPIs. These are then compared either 
with the baseline scenario or with alternative scenarios. 

Specifically: 

1. When changing the maximum capacity of spaces, the People per Floor Area property of the 
IDF People object associated with the affected IDF Zone is modified to reflect the new 
occupant density (Figure 6). 

2. When modifying the occupancy schedule, a new schedule is created and assigned to the Number 
of People Schedule Name property of the IDF People object for the target zone. Additionally, 
the Schedule Name property of the IDF ElectricEquipment object linked to the same zone is 
updated, based on the modeling assumption that plug loads are directly proportional to 
occupancy (i.e., equipment use depends on the number of people present) (Figure 7). 

3. In cases of space repurposing, the same approach as in point 1 is adopted: the People per 
Floor Area property of the IDF People object is modified in line with the new intended use 
of the space (Figure 8). 

4. When shifting to demand-driven ventilation strategies, the following configurations are applied 
to the IDF DesignSpecification:OutdoorAir object linked to the zone: 

a. CAV-volume: For constant air velocity based on room volume, the 
Outdoor_Air_Method is set to 'Flow/Area' (Figure 9). 

b. CAV-person: For constant air velocity based on the maximum number of people, the 
Outdoor_Air_Method is set to 'Flow/Person' (Figure 10). 

c. VAV-person: For variable air velocity based on actual occupancy, the 
Outdoor_Air_Method is also set to 'Flow/Person'. In this case, the 
Outdoor_Air_Schedule_Name property is assigned the same schedule used for the IDF 
People object associated with the zone. This schedule contains hourly values ranging 
from 0 (no occupants) to 1 (maximum occupancy), which are interpreted as ventilation 
off and maximum ventilation, respectively. During unoccupied periods, a minimum air 
exchange rate is maintained to more accurately reflect real-world system behavior. 
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# CHANGE OCCUPANCY DENSITY 

for people in idf_scenario.idfobjects['PEOPLE']: 

    if people.Name.split('..')[1] in classroomsUIDs: 

# Set occupancy density +20% 

        people.People_per_Floor_Area = people.People_per_Floor_Area*1.2 

Figure 6: BEM editing for modeling scenarios. Increasing classrooms’ occupancy capacity by +20%. 

 
# CHANGE OCCUPANCY SCHEDULE 

schedules = idf_scenario.idfobjects['SCHEDULE:COMPACT'] 

people = idf_scenario.idfobjects['PEOPLE'] 

for person in people: 

    idfZoneName = person.Name.split('..')[1] 

    if idfZoneName in classroomsUIDs: 

        scheduleName = person.Number_of_People_Schedule_Name 

        for schedule in schedules: 

            if schedule.Name == scheduleName: 

                for field_name in schedule.fieldnames: 

                    if field_name in ('Name', 'Schedule Type Limits Name'): 

                        continue 

                    raw_val = schedule[field_name] 

                    try: 

                        num = float(raw_val) 

                        if num > 0: 

                            schedule[field_name] = 1 

                    except (ValueError, TypeError): 

                        pass     

# Set equipment schedule accordingly 

for equipment in idf_scenario.idfobjects['ElectricEquipment']: 

    if equipment.Name.split('..')[1] in classroomsUIDs: 

        equipment.Schedule_Name = equipment.Schedule_Name.replace('Eqp','Occ') 

Figure 7: BEM editing for modeling scenarios. Setting the occupancy rate equal to 100% for classrooms. 

 
# CHANGE OCCUPANCY DENSITY 

for people in idf_scenario.idfobjects['PEOPLE']: 

    if people.Name.split('..')[1] in classroomsUIDs: 

# Set occupancy density equal to 0.12 pp/m2 

        people.People_per_Floor_Area = 0.12 

Figure 8: BEM editing for modeling scenarios. Setting classrooms’ occupancy capacity for offices. 

 

# CHANGE MECHANICAL VENTILATION TYPE 

for outdoorAir in idf_scenario.idfobjects['DESIGNSPECIFICATION:OUTDOORAIR']: 

# Set Outdoor Air Method as CAV volume-based air changes 

    outdoorAir.Outdoor_Air_Method = 'Flow/Area’ 

Figure 9: BEM editing for modeling scenarios. Setting CAV-volume ventilation mode.  
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# CHANGE MECHANICAL VENTILATION TYPE 

for outdoorAir in idf_scenario.idfobjects['DESIGNSPECIFICATION:OUTDOORAIR']: 

# Set Outdoor Air Method as CAV person-based air changes 

    outdoorAir.Outdoor_Air_Method = 'Flow/Person’ 

Figure 10: BEM editing for modeling scenarios. Setting CAV-person ventilation mode. 

3.1.3 Multicriteria analysis method 

3.1.3.1 Simulation runs 
Once the IDF models have been edited by modifying the representative parameters of each scenario, a 
number of EnergyPlus simulations equal to the number of scenarios are run. Each simulation generates an 
EP result file in CSV format, which is processed by applying the operations described in Section 3.1.1 to 
calculate DIGITMAN’s KPIs: Utilization Rate, Occupancy Rate, Energy Need, Energy Cost, and CO₂ 
Emissions related to Energy Use. 

3.1.3.2 Data integration through knowledge graphs 
At this stage, a procedure is initiated to integrate the large volume of data and models involved in the 
analysis through the use of knowledge graphs. 

To apply the data integration methodology presented here, it was necessary to extend the DIGITMAN 
ontology (please see D1.1) with the following classes (Figure 11): 

• Document: refers to documents, models (e.g., IFC, IDF), and databases (e.g., CSV, DB) containing 
domain-specific information about the building; 

• Scenario: refers to the what-if analysis scenarios, i.e., virtual instances that describe the 
building’s condition under varying state variables, such as different usage patterns, retrofitting 
interventions, or environmental conditions. 

In addition, the following relationships between classes had to be introduced: 

• isDocumentOf: links a “Document” object to spatial entities, such as a “bot:Building”; 
• hasScenario: links a “Document” to a “Scenario” and/or an “eko:KPI” to the corresponding 

“Scenario”. 
 

 

Figure 11: Extension of DIGITMAN’s federated ontological framework for scenario modeling in knowledge graphs. 

The graph construction process is performed using the JSON-LD syntax presented in D1.1 and the 
BTwin library to convert the JSON data to a NetworkX graph network. The process follows these main 
steps: 

1. For each building, a bot:Building object is created; 
2. All related documents are then created as nodes and connected to this object, including: 

a. The IFC model; 
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b. The EnergyPlus IDF model representing the current state (calibrated model); 
c. The scenario-specific IDF models, one for each scenario; 

3. Each IDF model is linked to its corresponding Scenario node, which specifies the scenario ID and 
a textual description; 

4. Each IDF model is used in EnergyPlus to run the simulation, after which the resulting CSV file is 
saved and modeled as a Document, connected both to the bot:Building and the corresponding 
Scenario; 

5. For each CSV file and each KPI, a custom Python algorithm aggregates the data from the 
EnergyPlus output to compute the KPIs. These KPIs are then linked to both the bot:Building and 
the corresponding Scenario. 

Through this structure, queries on the knowledge graph can retrieve the KPI of a specific building under 
a specific scenario by following the sequence: bot:Building → eko:hasAssociatedObject → eko:KPI 
→ dgm:hasScenario. 
 

Figure 12, Figure 13, and Figure 14 provide an overview of some JSON-LD objects formatted according 
to DIGITMAN’s ontology before their conversion to the NetworkX graph.  

 
        { 

            "@id": "scenarios\\scenario0\\", 

            "@type": "dgm:Scenario", 

            "name": "Current Scenario", 

            "description": "This scenario represents the current state (modeled with 2024 data).", 

            "relationships": {} 

        }, 

        { 

            "@id": "scenarios\\scenario3\\", 

            "@type": "dgm:Scenario", 

            "name": "Classrooms +20% Capacity", 

            "description": "Increase classroom capacity by +20 %.", 

            "relationships": {} 

        }, 

        { 

            "@id": "scenarios\\scenario9\\", 

            "@type": "dgm:Scenario", 

            "name": "Closed Offices CAV-volume", 

            "description": "Closed office space with CAV control by volume flow.", 

            "relationships": {} 

        } 

Figure 12: Scenario objects modeled according to the JSONLD syntax. 

 
{ 

            "@id": "scenarios\\scenario9\\\\idf\\LCF0406.idf", 

            "@type": "dgm:Document", 

            "name": "IDF file of LCF0406 for scenario \"Closed Offices CAV-volume\" 

(scenarios\\scenario9\\)", 

            "relationships": { 
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                "dgm:isDocumentOf": [ 

                    { 

                        "@id": "LCF0406", 

                        "@type": "bot:Building" 

                    } 

                ], 

                "dgm:hasScenario": [ 

                    { 

                        "@id": "scenarios\\scenario9\\", 

                        "@type": "dgm:Scenario" 

                    } 

                ] 

            } 

        }, 

Figure 13: Document object modeled according to the JSONLD syntax. 

        { 

            "@id": "LCF0407-scenarios\\scenario0\\_OperationKPIs-WhatIf", 

            "name": "Operational KPIs for What If analysis in the DigitMan project.", 

            "@type": "dgm:KPISet", 

            "relationships": { 

                "eko:hasAssociatedObject": [ 

                    { 

                        "@id": "LCF0407", 

                        "@type": "bot:Building" 

                    } 

                ], 

                "dgm:hasScenario": [ 

                    { 

                        "@id": "scenarios\\scenario0\\", 

                        "@type": "dgm:Scenario" 

                    } 

                ] 

            }, 

            "dgm:hasKPIs": { 

                "kp_BuildingUtilizationRate": { 

                    "@id": "kp_BuildingUtilizationRate", 

                    "@type": "eko:KPI", 

                    "name": "kp_BuildingUtilizationRate", 

                    ], 

                        "eko:hasEvaluationTimestep": [ 

                            { 

                                "@type": "time:interval", 

                                "time:hasBeginning": "2024-01-01", 

                                "time:hasEnd": "2024-12-31" 

                            } 

                        ] 
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                    }, 

                    "nominalValue": { 

                        "@type": null, 

                        "value": 0.219, 

                        "unit": "ratio" 

                    } 

                }             

        } 

Figure 14: KPI object modeled according to the JSONLD syntax. 

The advantage of using this strategy lies in the ability to enrich the project's graph database – initially 
developed during WP1 – with new information as it becomes available and is computed. Moreover, this 
approach enables the integration of semantically organized and heterogeneous entities within a single 
database, encompassing both spatial and temporal dimensions: 

• Spatially, the graph can represent entities ranging from the portfolio level down to individual 
spaces.  

• Temporally, it encompasses multiple scenarios that not only reflect the current state but also 
hypothetical future conditions.  

This strategy also ensures a high degree of interoperability, as it brings together not only various 
scenarios but also all building-related entities, even when originating from different models. 

The following two figures illustrate the resulting graph: 

• Figure 15 shows the spatial hierarchy of two case studies selected within the project, 
constructed by aligning IFC and IDF models in the graph, following the sequence: bot:Site → 
bot:Building → bot:Energy_Zone → bot:Space.  

• Figure 16 presents instead an overview of a scenario graph generated for one of the project's 
case studies. In this figure, we can see two buildings located within the same bot:Site, each 
connected to its own models, scenarios, and KPIs according to the logic described above. 

 

 
Figure 15: Spatial hierarchy graph for DIGITMAN’s case study. 
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Figure 16: Scenario graph for a DIGITMAN’s case study. 

3.1.3.3 Dashboard-based data visualization 
Once all the information – KPIs and scenarios included –  have been integrated into the graph, specifically 
developed Python functions are used to: 

I. perform queries on the graph, and 
II. visualize the results through comparative charts. 

All relevant information is then made accessible via a user-friendly dashboard, which enables users to 
analyze the results without requiring specific digital expertise (Figure 17). A detailed description of the 
microservice is given in deliverable “D5.2 - Development of a comprehensive prototype tool and user 
guide for building managers”. 

The dashboard, developed using Plotly and Dash, is structured as follows: 

• On the left side, there is a filter panel with dropdown menus that allow users to select: 
o the bot: Site, 
o the bot:Building 
o the dgm:Scenario 

Each of these selections triggers callback functions that query the graph to retrieve and display 
the corresponding data. 

• Also on the left, there is a 3D viewer displaying the spaces of the TBIM model, color-coded 
zone by zone based on the results of the energy simulations. Users can explore the simulation 
outputs by accessing various EnergyPlus variables, such as heating energy, cooling energy, and 
lighting energy, among others. 

• On the right side, the analysis results are displayed. The top row shows, in blue, the KPIs related 
to the current state (corresponding to the calibrated model). The second row, in green, displays 
the KPIs associated with the scenario selected via the dropdown on the left, enabling a direct 
one-on-one numerical comparison with the current state. 

• At the bottom right, there is a toggle that enables normalization of the KPIs based on the 
building's gross floor area (functional, for example, when comparing different buildings), along 
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with a textual description of the selected scenario, and a radar chart that visually compares the 
current and hypothetical scenarios. 

 
Figure 17: Example EWI dashboard integrated in the DIGITMAN’s prototype tool. 
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3.2 Safety What-If Microservice 

3.2.1 KPIs calculation method 
KPIs adopted in the SWI microservice are those reported in deliverable “D4.1 - KPIs and predictive 
methods for safety tasks”, and associated with different spatial elements of the building. In particular, KPIs 
are categorized as follows, being associated with the related specific building space: 

• Width ratios (element, room, storey, building), as the ratio between the required and the 
effective width of the evacuation path/component. The value is not deemed when higher than 
1.  

• Length ratios (element, room, building), as the ratio between the required and the effective 
length of the evacuation path/component. For rooms, the ratio is assessed within the room 
itself (not mandatory for the fire safety code, just informative) and in respect to the whole 
evacuation path length from the room to the associated evacuation exit (i.e. by shortest path). 
The value is not deemed when higher than 1. 

• Independent exits (room), as the presence or absence of independent exits and Openings 
(room), as the presence or absence of adequate opening direction and handle type. These 
values is Boolean. The SWI could address some caveats in cases where no independent exits 
are present, i.e., to inform the stakeholder of additional analysis depending on the room use 
conditions. 

Elements refer to door, corridors and staircases, while rooms refer to the areas where occupancy 
conditions are constant over time (main building intended functions). 

3.2.2 Scenario modeling method 

3.2.2.1 Scenario thinking 

As done for the EWI microservice, a scenario-based logic was also adopted for the development of the 
Safety What-If (SWI) microservice to perform multicriteria what-if analyses. 

From a safety perspective, the occupancy of a building's spaces is clearly strongly correlated with the 
building’s safety performance, including that of the evacuation system and its subcomponents. This is 
because such systems are designed in accordance with the Fire Prevention Code, based on assumed 
occupancy data defined during the design phase and later verified throughout the asset’s operational life. 

As with the EWI analysis, the scenarios developed during the project explore "what-if" cases involving 
variations in building space occupancy, aiming to answer questions such as: “What happens, in terms of 
safety, if I convert these classrooms into offices?” or “What happens if I modify the maximum capacity of 
the spaces?” 

Each of these questions implies a change in occupancy-related parameters, which in turn can 
significantly affect the safety of the building. Examples of what-if questions relevant to university buildings 
are documented in Table 6, some of which correspond to the example scenarios also documented for EWI 
in Table 5. This is particularly interesting because the same scenario can be assessed by both EWI and 
SWI, from the energy and safety perspectives, respectively, thus extending the multicriteria approach 
beyond a single microservice and enabling cross-analysis between different microservices. 

 

Table 6: Example what-if scenarios in the context of occupant-based higher education building management (SWI). 
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Scenario 
type 

Question 
statement 

Question Subject Question Action Scenario description 

Variations in 
occupancy 

What If the maximum capacity 
of spaces 

is changed (i.e. 
increased)? 

Modifying the maximum capacity of rooms may be 
considered for future reuse strategies. However, 
such changes might not be feasible due to spatial 
constraints, emergency layout limitations, or 
incompatibility with adjacent spaces or the overall 
building configuration. Comparing planned and 
currently allowed capacities can help identify 
potential design conflicts or trigger alerts that may 
require broader renovation planning. This 
assessment can be conducted independently or 
alongside evacuation-related analyses. A topological 
approach may help resolve inconsistencies in spatial 
allocation and intended use. 

Variations in 
occupancy 

What-if the intended use is changed (i.e. riskier)? Changing the function of a space can alter occupancy 
conditions and increase the number of occupants, 
potentially introducing higher safety risks. These 
changes must be carefully evaluated, considering 
their impact on the overall safety of the building. 

 

3.2.2.2 Scenario types 

In the context of SWI, two categories of modifications to the building's current state were defined to 
model safety-related scenarios. These correspond to hypothetical actions that facility managers might 
undertake during the operational phase of the asset: 

1. Changes to the capacity of main spaces: modifying the allowable number of occupants in a 
given space, which may result from safety regulations, directly affecting the safety condition 
of spaces; 

2. Repurposing of spaces: changing the intended function of a space (e.g., converting classrooms 
into offices or labs), which can lead to different usage profiles and safety requirements. 

These categories can be combined within the same scenario, allowing for more complex scenarios. 
Also, they can be evaluated jointly with EWI scenarios. 

3.2.2.3 Editing the Building Safety Models 

To technically implement each SWI scenario, once it has been precisely defined, targeted modifications 
are applied to the Building Safety Model (BSM) of the building. This is achieved by manipulating the 
Topologic Skeleton graph – a spatial representation used as input for safety analyses (see “D4.1 – KPIs 
and predictive methods for safety tasks”) – via Python, using the topologicpy library The graph is edited 
to accurately reflect the altered spatial and occupancy conditions of the scenario, after which the 
simulation is re-executed to compute updated KPIs and perform the necessary safety checks. The results 
are then compared either to a baseline scenario or to other alternative configurations. 

Specifically: 

• When altering the maximum capacity of spaces, the Occupancy Density property of the 
Topologic Dictionary object -linked to the Topologic Vertex representing the space in the 
skeleton graph – is modified to reflect the updated density. For example, increasing the 
capacity of a classroom by 20% requires adjusting the occupancy density from 1.20 to 1.44 
persons per square meter (pp/m²) (Figure 18). 

• In scenarios involving a change of intended use, the same method is applied: the Occupancy 
Density of the relevant space vertex is adjusted according to the new function. For instance, 
converting a classroom into an office entails reducing the occupancy density from 1.20 people 
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per square meter to 0.40 people per square meter, reflecting the different usage profile (Figure 
20). 
 
 

# Increase occupancy density by +20% 

for node, data in skeletonGraph_NX.nodes(data=True): 

    if 'pr_OccupancyDensitySafety' in str(data): 

        if 'LectureHall' in data['pr_OccupancyType']: 

            data['pr_OccupancyNumberPeak'] = int(data['pr_OccupancyNumberPeak']*1.20) 

            data['pr_OccupancyDensitySafety'] = round(data['pr_OccupancyDensitySafety']*1.20,3) 

Figure 18: BSM editing for modeling scenarios. Increasing classrooms’ occupancy capacity by +20%. 

# Decrease occupancy density by -20% 

for node, data in skeletonGraph_NX.nodes(data=True): 

    if 'pr_OccupancyDensitySafety' in str(data): 

        if 'LectureHall' in data['pr_OccupancyType']: 

            data['pr_OccupancyNumberPeak'] = int(data['pr_OccupancyNumberPeak']*0.80) 

            data['pr_OccupancyDensitySafety'] = round(data['pr_OccupancyDensitySafety']*0.80,3) 

Figure 19: BSM editing for modeling scenarios. Decreasing classrooms’ occupancy capacity by -20%. 

# Convert classrooms to offices 

for node, data in skeletonGraph_NX.nodes(data=True): 

    if 'pr_OccupancyDensitySafety' in str(data): 

        if 'LectureHall' in data['pr_OccupancyType']: 

            data['pr_OccupancyDensitySafety'] = 0.40 

            data['pr_OccupancyNumberPeak'] =    

                     int(data['pr_OccupancyDensitySafety']*data['pr_NetArea]) 

Figure 20: BSM editing for modeling scenarios. Setting occupancy density for office spaces. 

3.2.3 Multicriteria analysis method 

3.2.3.1 Rationale of SWI tasks 
Fire safety assessment tasks are developed according to the fire safety code, thus being subject to specific 
verification and not acceptable values do not deem to satisfy the regulation requirements. Therefore, the 
multicriterial logic simply considers that all the KPIs defined in Section 3.2.1 should be positively achieved 
to provide this verification. In case one (or more) of them is not verified, the “what-if” scenario and its 
alternative design strategy cannot be considered as verified, nor applicable to the building. 

Similarly, the alternative scenarios assessed in combination with the “Energy What-if” microservice 
adopts the same logic. In case the SWI does not provide positive verification of the KPIs, no additional 
EWI should be provided, since the building retrofit conditions are not compliant with fire safety requests. 
Thus, the joint multicriteria logics between SWI and EWI are strictly funded on the fire safety compliance. 

3.2.3.2 Simulation runs 
Once the BSMs have been edited by modifying the representative parameters of each scenario, a number 
of Python simulations equal to the number of scenarios are executed. Each simulation generates a JSON 
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file containing the results of the safety checks for the simulated scenario, calculated with reference to the 
operations described in Section 3.2.1. 

3.2.3.3 Data integration through knowledge graphs 
At this point, a procedure is launched to integrate the extensive data and models involved in the analysis 
using knowledge graphs. 

To implement the proposed data integration approach, the DIGITMAN ontology (see deliverable D1.1) 
was extended with the following classes (Figure 21), some of which had already been introduced in the 
description of the EWI microservice: 

• Document: refers to documents, models (e.g., IFC, JSON), and databases (e.g., CSV, .DB) 
containing domain-specific information about the building; 

• Scenario: refers to the what-if analysis scenarios, i.e., virtual instances that describe the 
building’s condition under varying state variables, such as different usage patterns, retrofitting 
interventions, or environmental conditions; 

In addition, the following relationships between classes had to be introduced: 

• isDocumentOf: links a “Document” object to spatial entities, such as a “bot:Building”, 
“brick:Fire_Zone”, “bot:Space”, and “bot:Storey”, or interface entities, such as 
“top:Aperture”; 

• hasScenario: links a “Document” to a “Scenario” and/or an “eko:KPI” to the corresponding 
“Scenario”. 
 

 
Figure 21: Extension of DIGITMAN’s federated ontological framework for BSM scenario modeling. 

The graph construction process is carried out using the JSON-LD syntax introduced in D1.1 and the 
NetworkX library to convert JSON data into a graph network. Specifically, for EWI, the BTwin Python 
toolkit is used to align data from various sources in JSON-LD format, ensuring consistency with the project 
ontology, and to generate the resulting knowledge graph. 
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The workflow proceeds as follows: 

1. For each building, a bot:Building node is generated. 
2. All related documents are instantiated as nodes and linked to the corresponding building node, 

including: 
a. The IFC model; 
b. The Topologic graphs in JSON format representing the current BSM (skeleton and 

isovist graphs); 
c. The NetworkX graphs in JSON format representing the current BSM (passage, 

skeleton, and isovist graphs); 
d. The scenario-specific graphs (Topologic and NetworkX), one for each scenario. 

3. Each graph/model is linked to its corresponding Scenario node, which stores the scenario ID 
and a textual description. 

4. Each graph is used in Python to run the simulation. The resulting JSON file containing the safety 
check results is then stored and modeled as a Document node, linked to both the bot:Building 
and the corresponding Scenario. 

5. For each JSON file and KPI, a custom Python algorithm aggregates the results, linking the KPI 
to the corresponding graph element (i.e., bot:Building, brick:Fire_Zone, bot:Storey, 
bot:Space, or top:Aperture) and the corresponding Scenario. 

This structure enables queries on the knowledge graph to retrieve the KPI of a specific object under a 
given scenario by following the chain: bot:Building → eko:hasAssociatedObject → eko:KPI → 

dgm:hasScenario. 
Figure 22, Figure 23 and Figure 24 provide an overview of some JSON-LD objects formatted according 

to DIGITMAN’s ontology before their conversion to the NetworkX graph.  
 

        { 

            "@id": "scenarios\\scenario0\\", 

            "@type": "dgm:Scenario", 

            "name": "Current Scenario", 

            "description": "This scenario represents the current state (modeled with 2024 data).", 

            "relationships": {} 

        }, 

        { 

            "@id": "scenarios\\scenario3\\", 

            "@type": "btwin:Scenario", 

            "name": "Classrooms +20% Capacity", 

            "description": "Increase classroom capacity by +20 %.", 

            "relationships": {} 

        }, 

        { 

            "@id": "scenarios\\scenario9\\", 

            "@type": "btwin:Scenario", 

            "name": "Offices closed to public", 

            "description": "Closed office space.", 

            "relationships": {} 

        } 

Figure 22: Scenario objects modeled according to the JSONLD syntax. 
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{ 

            "@id": "scenarios\\scenario0\\\\graphs\\skeleton\\nx\\LCF0406-LCF0407.json", 

            "@type": "btwin:Document", 

            "name": "Skeleton NX graph of LCF0406 and LCF0407", 

            "relationships": { 

                "btwin:isDocumentOf": [ 

                    { 

                        "@id": "LCF0406", 

                        "@type": "bot:Building" 

                    }, 

                    { 

                        "@id": "LCF0407", 

                        "@type": "bot:Building" 

                    } 

                ], 

                "btwin:hasScenario": [ 

                    { 

                        "@id": "scenarios\\scenario0\\", 

                        "@type": "btwin:Scenario" 

                    } 

                ] 

            } 

        } 

Figure 23: Document object modeled according to the JSONLD syntax. 

 
{ 

            "@id": "LCF0406000008-scenario0_SafetyChecks_RoomLevel", 

            "name": "Safety checks at the room level for LCF0406000008.", 

            "@type": "btwin:KPISet", 

            "relationships": { 

                "eko:hasAssociatedObject": [ 

                    { 

                        "@id": "LCF0406000008", 

                        "@type": "bot:Space" 

                    } 

                ], 

                "btwin:hasScenario": [ 

                    { 

                        "@id": "scenarios\\scenario0\\", 

                        "@type": "btwin:Scenario" 

                    } 

                ] 

            }, 

            "btwin:hasKPIs": { 

                "sc_RoomLevel_WidthRatio": { 

                    "@id": "sc_RoomLevel_WidthRatio", 
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                    "@type": "eko:KPI", 

                    "name": "sc_RoomLevel_WidthRatio", 

                        "eko:hasEvaluationTimestep": [ 

                            { 

                                "@type": "time:interval", 

                                "time:hasBeginning": "2024-01-01", 

                                "time:hasEnd": "2024-12-31" 

                            } 

                        ] 

                    }, 

                    "nominalValue": { 

                        "value": true, 

                        "unit": "bool" 

                    } 

                }, 

                "sc_RoomLevel_LengthRatio": { 

                    "@id": "sc_RoomLevel_LengthRatio", 

                    "@type": "eko:KPI", 

                    "name": "sc_RoomLevel_LengthRatio", 

                    "relationships": { 

                        "eko:hasEvaluationTimestep": [ 

                            { 

                                "@type": "time:interval", 

                                "time:hasBeginning": "2024-01-01", 

                                "time:hasEnd": "2024-12-31" 

                            } 

                        ] 

                    }, 

                    "nominalValue": { 

                        "value": true, 

                        "unit": "bool" 

                    } 

                }, 

                "sc_RoomLevel_IndipendentExits": { 

                    "@id": "sc_RoomLevel_IndipendentExits", 

                    "@type": "eko:KPI", 

                    "name": "sc_RoomLevel_IndipendentExits", 

                    "relationships": { 

                        "eko:hasEvaluationTimestep": [ 

                            { 

                                "@type": "time:interval", 

                                "time:hasBeginning": "2024-01-01", 

                                "time:hasEnd": "2024-12-31" 

                            } 

                        ] 

                    }, 

                    "nominalValue": { 
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                        "value": true, 

                        "unit": "bool" 

                    } 

                }, 

                "sc_RoomLevel_Openings": { 

                    "@id": "sc_RoomLevel_Openings", 

                    "@type": "eko:KPI", 

                    "name": "sc_RoomLevel_Openings", 

                    "relationships": { 

                        "eko:hasEvaluationTimestep": [ 

                            { 

                                "@type": "time:interval", 

                                "time:hasBeginning": "2024-01-01", 

                                "time:hasEnd": "2024-12-31" 

                            } 

                        ] 

                    }, 

                    "nominalValue": { 

                        "value": true, 

                        "unit": "bool" 

                    } 

                }, 

                "sc_RoomLevel_FinalLengthRatio": { 

                    "@id": "sc_RoomLevel_FinalLengthRatio", 

                    "@type": "eko:KPI", 

                    "name": "sc_RoomLevel_FinalLengthRatio", 

                    "relationships": { 

                        ], 

                        "eko:hasEvaluationTimestep": [ 

                            { 

                                "@type": "time:interval", 

                                "time:hasBeginning": "2024-01-01", 

                                "time:hasEnd": "2024-12-31" 

                            } 

                        ] 

                    }, 

                    "nominalValue": { 

                        "value": true, 

                        "unit": "bool" 

                    } 

                } 

            }, 

        } 

Figure 24: KPI object modeled according to the JSONLD syntax. 

As seen for the EWI, the main benefit of this strategy lies in its capacity to continuously enrich the 
project’s graph database – originally developed during WP1 and later extended for the EWI microservice—
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with newly computed information as it becomes available. This approach enables the integration of 
semantically organized, heterogeneous entities within a single database, encompassing both spatial and 
temporal dimensions, while promoting a high level of interoperability by unifying not only the different 
scenarios but also all building-related entities, even those originating from distinct models. 

In this way, the same scenarios can be analyzed from both an energy perspective (EWI) and a safety 
perspective (SWI), supporting a systemic and multi-objective assessment of how occupancy changes 
affect the building environment. 

The resulting graph is illustrated in the two figures below: 

• Figure 25 shows the spatial hierarchy of the two case studies considered in the project. The 
hierarchy is built by aligning the IFC and BSM graphs within the knowledge graph and includes 
the elements bot:Site, bot:Building, bot:Storey, bot:Space, top:Aperture, and 
brick:Fire_Zone. 

• Error! Reference source not found. provides an overview of a scenario graph generated for the 
case studies, where two buildings located on the same block/site are shown - together 
with their fire zones, storeys, and spaces – each connected to its respective models, 
scenarios, and KPIs according to the logic described above. 

 

Figure 25: Spatial hierarchy graph for DIGITMAN’s case study. 

 

Figure 26: Scenario graph for DIGITMAN’s case study. 
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3.2.3.4 Dashboard-based data visualization 
As for the EWI, once all the information – KPIs and scenarios included –  have been integrated into the 
graph, specifically developed Python functions are used to: 

III. perform queries on the graph, and 
IV. visualize the results through comparative charts. 

All relevant information is then made accessible via a user-friendly dashboard, which enables users to 
analyze the results without requiring specific digital expertise (Figure 27). A detailed description of the 
microservice is given in deliverable “D5.2 - Development of a comprehensive prototype tool and user 
guide for building managers”. 

The dashboard, developed using Plotly and Dash, is structured as follows: 

• On the left side, there is a filter panel with dropdown menus that allow users to select: 
o the bot: Site; 
o the bot:Building; 
o the dgm:Scenario; 
o the analysis level, which can be “building”, “storey”, “room”, or “element” leve; 
o the name of the KPI to visualize (i.e., the “safety check”). 

Each of these selections triggers callback functions that query the graph to retrieve and display 
the corresponding data. 

• Also on the left, below the filters, a 3D viewer shows the spatial configuration of the TBIM 
model. Here, the elements of the BSM are color-coded based on the results of the safety 
checks: green for verified, red for unverified, and yellow to indicate potential application bugs 
or issues requiring further investigation. 

• The right side displays the analysis results. At the top, a textual description summarizes the 
scenarios under evaluation. At the bottom, a tabular report presents the outcomes of the 
selected analysis level, comparing the selected scenario with the current one. 

 
Figure 27: Example SWI dashboard integrated in the DIGITMAN’s prototype tool.  
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