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Executive summary 

The present public deliverable D3.2 CHRONICLE BIM-based digital twin framework 

involves the development of both physics-based and data-driven Digital Twin. The overall 

objective is to establish a framework that supports the building performance over its lifetime 

within the project solution.  

It provides the outcomes from task 3.2 Data-Driven Digital Twin Models, task 3.3 Physics-

Based Digital Twin Models and task 3.4 Integrated Building Digital Twin Framework.  

The Introduction section gives a summary report and the relationship with other tasks in 

the project. The following sections related to both the Digital Twins cover i) functionality 

overviews, ii) technical description, iii) methodological approach and iv) requirements and 

specifications. Additionally, section 5 describes the integration development carried out 

with the Common Data Environment (CDE). Finally, the preliminary test and results for 

different case studies are presented 

Conclusions chapter provides a summary of the main outcomes of the development of both 

DTs and their integration, along with the future steps.
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1. Introduction 

The full Digital Twin (DT) framework in the CHRONICLE project integrates both data-

driven and physics-based approaches to create a complete and dynamic model of 

buildings performance. 

The data-driven DT focuses on real-time data collection from the IoT devices to accurately 

capture the evolving behaviour of both occupants and HVAC systems. Meanwhile, the 

physics-based DT uses BIM-based models and dynamic thermal simulations to simulate 

ñwhat-ifò scenarios and plan for renovation strategies or optimization measures.  

The combination of both DT scopes ensures a holistic perspective on the buildingôs life cycle. 

Together with BIM technologies, this creates an innovative framework supporting 

CHRONICLE project. This development is essential for achieving key project objectives, 

such as Renovation Planner measures in WP3 and the User Interfaces (UIs) of the 

Enhanced Building Performance Assessment of WP4. 

1.1 Scope and objectives 

This report describes the development and integration of both the data-driven and physics-

based buildings Digital Twins (DTs) in CHRONICLE. It details the functionalities, technical 

descriptions, methodologies and requirements, concluding with initial tests and results 

presented as case studies. The engines aim at supporting several operational and 

renovation scenarios for pilot buildings. The study covers the design and implementation of 

individual DT models, while ensuring meaningful interaction through the CHRONICLE 

Common Data Environment (CDE). 

The main objectives are listed below: 

I. Develop Data-Driven Digital Twin Model 

¶ Define a data-driven methodology and develop the relevant components to model 
occupantsô behaviour expressed through occupancy & comfort profiles. 

¶ Define and develop an agnostic and data-driven methodology and develop the 
relevant components to model occupant specific operation for key assets including 
HVAC systems and electric water heaters. 

¶ Implement a KPI calculator for human-centric indicators based on the methodology 
defined in T2.3. 

¶ Develop a component facilitating a data-driven predictive maintenance approach for 
the assets mentioned above, based on historical data.  

II. Develop Physics-Based Digital Twin Models 

¶ Create 3D BIM-based models for pilot buildings. 

¶ Enable dynamic energy modelling to support lifecycle planning and performance 
optimisation. 
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¶ Predict Long-Term Performance over a certain period to anticipate maintenance 
needs and optimize efficiency 

III. Integrate Data-Driven and Physics-Based DTs 

¶ Establish the integration framework for the DTs and the CDE. 

¶ Ensure the requirement coverage for the CHRONICLE UCs defined  

¶ Design APIs to facilitate communication between DTs and other project tools. 

 

By achieving these objectives, the DT framework will be able to generate insights that help 

users with an informed decision-making process of building performance assessment. 

1.2 Interdependencies with other tasks 

The development for the DT Framework for CHRONICLE depends strongly on the pilot sites 

surveys including the BIM files and the building technical description, as well as the IoB 

deployment to be connected to the CDE. Additionally, the methodologies of WP2 must be 

completed.  Currently, the focus lies on the integration phase of the IoT devices and both 

Digital Twins are finalised. Figure 1 shows a chart mapping those tasks and their 

interdependencies. 

 

Figure 1. Interdependencies between project tasks 
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2. Data-driven Digital Twin  

2.1 Functionality Overview 

The current section reports the work and results of ñT3.2 ï Data-Driven Digital Twin Modelsò, 

focused on the development and delivery of the CHRONICLE Data-driven Digital Twin (DD-

DT). The data-driven component of the CHRONICLE Digital Twin framework is responsible 

for modelling the occupant behaviour and occupant-specific building operation in an 

agnostic, data driven manner. Specifically, the algorithms (machine learning models) 

comprising the DD-DT are dynamically trained based on real life data to extract comfort and 

electricity usage patterns, with minimal information on the actual device specificities. The 

DD-DT aims to introduce real-life aspects in building simulations and enhance the accuracy 

of the physics-based component of CHRONICLEôs integrated digital twin framework, 

eventually bridging the gap between simulated and actual energy performance. 

2.2 Technical Description  

2.2.1 Data driven Digital Twin Architecture 

The conceptual architecture of the DD-DT was first described in ñD2.1 CHRONICLE 

Business requirements, Use cases & System architectureò. As depicted in Figure 2, the 

conceptual architecture reflected the main constituents of the DD-DT and its interactions 

with other CHRONICLE components, namely the Physics-based DT (P-DT) and the 

Common Data Environment (CDE). 
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Figure 2. DD-DT conceptual architecture and interactions with CHRONCILE 
components 

2.2.2 Data driven Digital Twin Subcomponents  

Following the development activities of T3.2, these constituents were refined and their 

respective services, designed to address all CHRONICLE Use Cases (UCs), were 

developed and delivered. In its current version, the CHRONICLEôs DD-DT comprises four 

core collections of micro-services: (1) the Occupancy and comfort profiling; (2) the Asset 

profiling; (3) the Predictive maintenance; and (4) the Human-centric KPI calculation. 

The scope and functionalities of each collection along with its constituting microservices are 

introduced below.  

Occupancy and comfort profiling: The collection of the occupancy and comfort profiling 

microservices is responsible for detecting behavioural patterns and creating profiles 

reflecting the personalised comfort preferences and occupation schedules of the building 

occupants. Figure 3 provides an overview of the subcomponents and its modules.  

 

Figure 3. Occupancy and comfort profiling microservices 

Comfort refers to both thermal and visual comfort and a common methodological approach 

is followed for both aspects. As all constituents of the DD-DT, the occupancy and comfort 

profiling services use IoT data from environmental and occupancy sensors installed on site 

to infer the profiles in a data-driven manner. The occupancy and comfort profiles generated 

from this collection aim to be used among others to support the Human-centric KPI 

calculation, enhance the Physics-based DT simulations with actual preferences and 

behavioural patterns of the occupants, and eventually improve the accuracy of the 

CHRONICLE components by reducing the simulation gap. 

Asset profiling: The asset profiling microservices collection (see Figure 4) is responsible 

for predicting and/or forecasting the power consumption of major electrical loads based on 

historical data of their operation without prior knowledge of their technical characteristics 

and specificities.  
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Figure 4. Asset profiling microservices 

Each service of this collection has been designed to reflect a different type of large electric 

load with focus on the infrastructure available at the pilot sites, as defined from the auditing 

process conducted within T5.1. Specifically, three microservices have been defined 

addressing the operation of three types of systems: AC split systems with inverter, electric 

water heaters, and the complex air-to-water heat-pump system available at the Swiss pilot 

building, La Sosta. 

Predictive maintenance: The predictive maintenance collection is responsible for 

identifying irregularities in the historical data series of the major electric loads at the pilot 

sites which might be early indicators of malfunction or device degradation. As illustrated in 

Figure 6, four (4) services have been foreseen under this collection. However, the 

methodological approach is common for all asset types, as outlined in the Section 2.3.3. 

 

Figure 5. Predictive Maintenance Microservices 

Human-centric KPIs calculation: The human-centric KPI calculation microservices is the 

algorithmic implementation of the methodology defined within WP2 and more specifically in 

ñT2.3 Buildings for People Assessment Methodological Frameworkò.  
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Figure 6. Human-centric KPI calculation microservices 

Respectively to the KPIs categories defined within ñD2.2 ï CHRONICLE dynamic Level(s) 

approach for building and LC performance assessmentò, four calculators were designed as 

microservices to address each category and produce evidence based KPIs (data-driven, 

and BIM-based). More specifically, these categories are Comfort, Indoor Air Quality (IAQ), 

Well-being, and Social. As depicted in Figure 2, both occupancy models and comfort 

boundaries calculated by the occupancy and comfort profiling services are input 

requirements for the calculation of the Human-centric KPIs. As the methodology and the 

calculation formulas for the Human-centric KPIs has been reported in detail in D2.2, they 

are not discussed further in this report. 

The modelling and methodological approaches for the occupancy, comfort and asset 

profiling, as well as the fault detection based predictive maintenance are detailed in the 

following sub-sections. For some services that have been developed from scratchð

including occupancy, comfort and predictive maintenanceða literature review on existing 

solutions has also been conducted and analysed. 

2.3 Methodological Approach 

This section will include an overview of the methodology followed for the development of the 

different Data-driven Digital Twin subcomponents. 

2.3.1 Occupancy and Comfort Profiling Microservices 

Occupancy 

Literature review: Zhang et al. (W. Zhang et al., 2022) conducted an extensive review of 

the challenges and advancements in occupancy patterns prediction. The study grouped 

existing methods into Single-Room and Building-Level Occupancy profiling, as described 

below. 

Single-Room Occupancy Studies: Tien et al. (Tien et al., 2020) introduced a vision-based 

deep learning approach for detecting and classifying occupant activities in a single-room 

office environment. The study utilised a Convolutional Neural Network (CNN) to analyse 

camera-based images and generate real-time occupancy heat emission profiles, referred to 
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as Deep Learning Influenced Profiles (DLIP). These profiles informed building energy 

management systems, particularly for optimising HVAC operations. The model achieved an 

average detection accuracy of 80.62%, with the potential to improve energy efficiency by 

providing more accurate estimates of heat gains compared to static occupancy profiles. 

However, the study highlighted the need for further development to enhance accuracy and 

support multi-occupant detection. Jin et al. (Jin et al., 2021) addressed the challenge of 

optimising lighting system control in single-room office environments using a demand-

response approach. The research proposed a novel data-driven Model Predictive Control 

(MPC) method, leveraging a Temporal Sequential-based Artificial Neural Network (TS-ANN) 

to improve the accuracy of occupancy prediction. Traditional PIR sensor-based systems 

often suffered from false-offs, leading to discomfort and inefficiency. The proposed TS-ANN-

MPC method integrated historical occupancy data and time-sequential features, achieving 

a prediction accuracy of 97.4% and reducing false-offs from 79.5 occurrences per day (using 

traditional delay methods) to just 0.6 times per day. The study highlighted the method's 

potential for significant energy conservation while enhancing user comfort by minimizing 

lighting disruptions. Singh et al. (Singh et al., 2018) focused on estimating the number of 

occupants in a single room using multiple heterogeneous sensor nodes combined with 

machine learning models. The researchers deployed a Wireless Sensor Network (WSN) that 

included low-cost, non-intrusive sensors, such as CO2, temperature, illumination, sound, 

and motion sensors, configured in a star layout. Data collected over four days was analysed 

using several supervised learning algorithms, including Linear Discriminant Analysis (LDA), 

Quadratic Discriminant Analysis (QDA), Support Vector Machine (SVM), and Random 

Forest (RF). A unique feature derived from the slope of real-time CO2 values, calculated via 

linear regression, significantly improved model performance. The SVM with an RBF kernel 

achieved the highest accuracy of 98.4% and an F1 score of 0.953. Dimensionality reduction 

using Principal Component Analysis (PCA) also showed promise, with the reduced dataset 

maintaining reasonable performance metrics. The study concluded with plans to extend the 

model to larger workspaces and to incorporate time-based features in future research. This 

study's real data will be used in later sections of our document to validate our occupancy 

prediction methods. 

Building-Level Occupancy Models: Peġiĺ et al. (Peġiĺ et al., 2019) presented a 

comprehensive IoT-enabled solution for occupancy detection and prediction at the building 

level, aimed at improving the operational efficiency of smart buildings. The proposed system 

consisted of three primary components: (1) a fog computing-based indoor positioning 

system (BLEMAT) that used Bluetooth Low Energy for micro location tracking, (2) a data 

analysis pipeline for processing and fusing information from various building and networking 

systems to extract occupancy patterns, and (3) an LSTM neural network model to forecast 

occupancy across different building zones. Using a real-world dataset from a smart building, 

the authors validated the effectiveness of the system, demonstrating that it could deliver 

accurate and actionable predictions for occupancy management. This approach 

underscores the potential of integrating IoT technologies and advanced neural networks to 

enable energy-efficient, data-driven building management systems. Li et al.  (Li et al., 2020) 

examined the effectiveness of ML models in forecasting electricity and thermal load 

demands in a large, mixed-use university building. The study compared regression and 

classification ML models, utilising feature sets optimised with a genetic algorithm (GA). Key 

input variables included outdoor temperature, historical energy consumption, and agent-

https://www.worldscientific.com/doi/abs/10.1142/S0218213019600054
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based schedules reflecting broad occupant activities. Results indicated that regression 

models consistently outperformed classification models, particularly for electricity demand 

prediction. The study highlighted the importance of incorporating lagged demand variables 

and temperature data for accurate load modelling. Additionally, feature selection significantly 

enhanced model performance, emphasising that electricity and heat demand require distinct 

sets of features. The research also suggested that agent schedules provide valuable 

insights into occupancy-driven demand patterns, demonstrating the potential for expanding 

this approach to campus-level energy forecasting and operational efficiency. It is worth 

noting that the challenge of predicting building-wide occupancy can often be approached by 

decomposing it into the occupancy detection problems of individual rooms. By accurately 

estimating occupancy at the room level and aggregating this data, researchers can model 

the overall building occupancy more effectively. This approach not only simplifies the 

complexity of the building-level problem but also allows for more flexible and localised 

control strategies, contributing to enhanced energy efficiency and improved occupant 

comfort across the entire building. In our work, we adopt a similar approach. 

Machine Learning Occupancy Detection Algorithms: It comes as no surprise that ML 

algorithms have become integral in advancing occupancy detection for smart buildings, as 

they allow systems to adapt to dynamic occupancy patterns and make data-driven 

decisions. These algorithms are generally categorised into supervised and unsupervised 

methods, each tailored to address the unique challenges posed by various building 

environments. SVM algorithms (Cervantes et al., 2020) are effective in classification 

problems by finding the optimal hyperplane that separates different classes. In occupancy 

detection, SVM can distinguish between occupied and unoccupied states using 

environmental sensor data. However, SVM's performance can be sensitive to the choice of 

kernel and may struggle with highly complex data patterns. K-Nearest Neighbours (KNN) 

(e.g. (Wu & Wang, 2021)) is a simple, yet effective, algorithm for classifying occupancy by 

comparing new data points to their closest neighbours in the dataset. While KNN is easy to 

implement, it can be computationally expensive and less effective with large datasets or 

when dealing with high-dimensional feature spaces. RF (e.g. (Parzinger et al., 2022)) is an 

ensemble learning method that constructs multiple decision trees during training and outputs 

the mode of the classes (for classification) or the mean prediction (for regression). It is robust 

to overfitting and can handle a high number of input variables well. RF is particularly suitable 

for occupancy detection as it provides feature importance, helping to identify the most 

significant sensors influencing occupancy predictions. Deep Learning (DL) (e.g. (Sayed et 

al., 2022)) models, such as convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs), have also been employed for occupancy detection. These models can 

capture complex patterns in large datasets, particularly when dealing with temporal or spatial 

information. However, they require extensive computational resources and large amounts 

of labelled data for training, which can be a limitation in practical applications.  

ML model selection: In summary, the field of occupancy detection and prediction has 

evolved significantly, with advances from basic room-level studies to sophisticated, building-

wide models. The integration of ML algorithms has enabled more accurate and efficient 

occupancy detection. Each method comes with its strengths and limitations. However, RF 

stands out for its interpretability, robustness, and effectiveness in handling diverse datasets, 

making it a strong candidate for our research. Our focus on Random Forest (RF) (Breiman, 

1999) aligns with the literature's emphasis on balancing model complexity with real-world 
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applicability, ensuring that the DD-DTôs approach to occupancy profiling is both accurate 

and practical for deployment in smart building management.  

The concept of the algorithm is illustrated in Figure 7. In summary, the RF algorithm is an 

ensemble learning method that combines multiple decision trees to improve predictive 

accuracy and reduce overfitting. Each tree in the forest is trained on a randomly 

bootstrapped sample of the dataset, with a random subset of features considered for splitting 

at each node. This randomness ensures diversity among the trees, enhancing the model's 

robustness and generalisation capabilities. For occupancy detection, RF predicts whether a 

space is occupied by aggregating the predictions of individual trees through majority voting. 

The algorithm optimises splits using measures like Gini impurity or information gain and 

grows trees until a stopping criterion, such as a maximum depth or minimum samples per 

leaf, is reached. RF is particularly effective for complex, noisy datasets and can capture non-

linear relationships between features, making it well-suited for applications like smart 

building occupancy detection.  

 
Figure 7. Occupancy Detection using Random Forest (Chaudhari et al., 2024) 

Data collection and feature engineering: Based on previous occupancy prediction 

studies, data are mainly collected from sensor networks deployed in indoor environments, 

capturing real-time information on various environmental and occupancy-related 

parameters. The selection of sensors and the type of data collected depend on the specific 

objectives of the study and the characteristics of the monitored space. Sensorial networks 

that are often used for occupancy prediction include: 

¶ Environmental Sensors: Devices that measure variables such as temperature, 
humidity, and CO2 concentration. These metrics often correlate with occupancy due 
to the physical and metabolic impacts of human presence. 
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¶ Motion Sensors: Passive Infrared (PIR) sensors and similar technologies that detect 
movement within a space. While effective for capturing transient occupancy, their 
accuracy may decrease when occupants are stationary. 

¶ Digital Infrastructure: Data derived from systems like Wi-Fi logs or Bluetooth beacons 
that can infer occupancy through device connectivity patterns. 

¶ Lighting and HVAC System Data: Operational metrics from building systems that 
adjust dynamically based on occupancy levels, offering indirect indicators of 
presence. 

The target variable for occupancy models is the presence or count of people in a space. For 

binary classification tasks, as in CHRONICLE, occupancy is converted into two categories: 

occupied (e.g., one or more people present) or unoccupied (no people present). In other 

cases, regression models predict the actual number of occupants. To ensure the reliability 

of the dataset, rigorous preprocessing steps are applied, such as handling missing data, 

aligning timestamps from different sensors, and normalising measurements to account for 

sensor-specific variations. The quality and diversity of the collected data significantly 

influence the accuracy and robustness of the occupancy prediction model. 

Data Pre-processing: Data preprocessing is a critical step in ensuring that the dataset is 

clean, consistent, and suitable for model training. The preprocessing steps typically include: 

¶ Handling Missing Data: Missing values can occur due to sensor malfunctions 
or communication issues. These are addressed through strategies such as 
imputation (e.g., using mean or median values), interpolation, or, in cases 
where data loss is extensive, removal of affected samples or features. 

¶ Feature Engineering: This process involves creating new features or 
transforming existing ones to enhance the datasetôs predictive power. For 
example, aggregating sensor readings, such as averaging temperature 
measurements from multiple sensors, can reduce feature dimensionality while 
preserving critical information. Other techniques include encoding categorical 
variables, deriving temporal features (e.g., time of day), or computing rolling 
averages for smoothing. 

¶ Normalisation and Scaling: Features with different units or scales, such as 
temperature and CO2 levels, may need normalisation or scaling to ensure 
consistent input ranges for machine learning models. Methods like Min-Max 
Scaling or Z-Score Normalisation are commonly applied. 

¶ Target Transformation: Depending on the task, the target variable may need 
to be transformed to match the problem's requirements. For example, 
occupancy detection often involves converting raw counts of occupants into 
binary categories (e.g., occupied vs. unoccupied). In regression tasks, 
smoothing or rounding may be applied to address measurement noise. 

¶ Data Alignment and Synchronisation: In cases where data is collected from 
multiple sources or sensors, timestamps must be aligned to ensure 
consistency. This step may involve resampling data to a uniform time interval 
or aggregating data over specific periods (e.g., hourly averages). 



11 
 

 

Model evaluation criteria: Evaluating the performance of the trained model is a crucial step 

to ensure its reliability and effectiveness. Two criteria are employed to assess the occupancy 

modelôs ability to make accurate predictions: 

¶ Accuracy: Measures the overall correctness of predictions by calculating the 
percentage of correctly predicted instances out of the total predictions. 

¶ Confusion Matrix: Provides a detailed breakdown of the model's predictions, 
including true positives, true negatives, false positives, and false negatives. 
This helps identify specific areas where the model performs well or requires 
improvement. 

 

Comfort 

Literature review: An extensive state of the art review on thermal comfort was conducted 

earlier as part of the activities of the EU projects PARITY and SENDER and was extended 

in the framework of ACCEPT. As was established in these previous works, methodologies 

related to human body heat balance methods, for instance Fangerôs Predictive Mean Vote 

(PMV) (Fanger, 1970), and to adaptive comfort methods, such as ASHRAE 55 

(ANSI/ASHRAE, 2010) and EN 15251(EN15251, 2007), although widely used are not 

adopted in the CHRONICLE framework. The human body heat balance methodologies are 

considered too labour-intensive due to their large number of parameters adding 

unnecessary complexity to the CHRONICLE system. On the other hand, adaptive comfort 

methodologies are based on globally accepted standards and do not reflect the specificities 

of individual users, failing to capture the behavioural aspect discussed earlier. Thus, human-

centric indoor temperature bound extraction methodologies are considered instead. The 

selection of such methodologies has been based on simplified input parameters required to 

extract personalised comfort profiles, and more specifically, real life indoor temperature data 

collected at the pilot sites of the project. The state-of-the-art analysis conducted reveals a 

diverse list of methodologies which have been widely used to address similar problems 

including the analysis on nonlinear relationships of large datasets such as the ones 

considered within CHRONICLE. Some of these methodologies yielding good results include: 

RF models, Gradient Boosting Machines(T. Chen & Guestrin, 2016), and Symbolic 

Aggregate approximation (SAX)(Yu et al., 2019). 

Visual comfort in buildings science has been a subject of debate as it comprises multiple 

aspects beyond lighting. Although it has been proven that the human eye can perform 

satisfactorily under a wide range of lighting conditions, there are several variations regarding 

what constitutes visual comfort among differed individuals.  Characteristically, some of the 

aspects encountered in literature include sufficient daylight, lighting levels, glare prevention, 

and view out. Given that the majority of standards related to sufficient light and the indicators 

related to glare levels were developed for commercial applications, considering complex 

measurement set-ups, pre-defined work stations (e.g. desks) and standardised activities 

(e.g. reading), it is evident that they cannot be easily adjusted to residential spaces where 

neither the location nor the activity of the occupant can be defined so strictly. Thus, the visual 

comfort approach considered within CHRONICLE will be focused on extracting comfort 

boundaries related to sufficient indoor lighting levels, artificial and natural light, based on 
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occupant preferences. In the state-of-the art analysis, several studies have tried to pinpoint 

personalised visual comfort based on measured illuminance using diverse methodologies 

to derive comfort boundaries including: the Gaussian Naµve Bayes approach (Lindelºf & 

Morel, 2008), the Random Forest approach, the Support Vector Machines, and the K-

Neighbours Classification (Seo et al., 2021). 

ML model selection: Within the CHRONICLE framework, the methodological approach 

selected is an extension of the work already presented in other European Projects, namely 

SENDER and ACCEPT, and combines RF with Symbolic Aggregate Approximation 

(SAX). SAX is used for Comfort state categorisation while RF for training and prediction of 

comfort state. Introduced in 2003, SAX has become popular due to its simplicity and 

efficiency, which distinguishes it from other symbolic algorithms. SAX offers among others, 

data compression, and noise reduction in time-series data. SAX approach has been widely 

applied in image processing, bioinformatics, data mining and machine learning. It uses a 

Piecewise Aggregate Approximation (PAA) to transform a time series snippet into a string of 

characters with varying length and set of indexes. A sliding window is usually used, 

especially in large datasets. In the era of the IoT devices, researchers have started using 

SAX method with IoT data in order to reduce dimensionality and provide shape recognition 

making their usage more efficient (Veljanovska & Doran, 2024). SAX is a famous method to 

improve the performance of classification and clustering methods. As such, it is extremely 

useful in combination with classification algorithms like RF, which has been selected within 

CHRONICLE. To apply SAX method three major steps need to be followed: (1) data 

normalisation/scaling to transform numerical values into a comparable range; (2) 

dimensionality reduction via PAA, which divides the time series into equal-length segments, 

computes the mean value for each segment, and replaces the original data points with these 

means, reducing the overall data size; and (3) discretisation to map PAA segments to 

alphabetic symbols. 

2.3.2 Asset Profiling Microservices 

AC split units 

ML model selection: For the profiling of AC Split Units, Gaussian Process Regression 

(GPR) (Schulz et al., 2018) was selected due to its capability to capture complex, nonlinear 

relationships while also providing uncertainty quantification for each prediction. Unlike linear 

regression, which relies on a fixed functional form, or decision tree-based models, which 

may overfit and lack uncertainty estimation, GPR offers a probabilistic framework well-suited 

for modelling AC power consumption, where the relationship between inputs and outputs is 

dynamic and influenced by multiple interacting factors. The model was not developed from 

scratch but builds upon a previously prototyped GPR model within ACCEPT, which has been 

refined and adapted to meet the specific needs of the CHRONICLE project. The refinements 

primarily focus on incorporating advanced feature engineering techniques, implementing 

data normalisation, and optimising kernel selection and hyperparameter tuning, as outlined 

below. 

Feature engineering: To enhance the predictive capabilities of the model, relevant features 

have been engineered from the raw dataset. In particular, variables that capture the 
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operational behaviour of the AC units and the influence of environmental factors have been 

included. The key features selected are: 

¶ AC Status: a binary variable (0 for OFF, 1 for ON), indicating when the AC unit 
is operating; 

¶ relative humidity: as humidity affects perceived thermal comfort and cooling 
efficiency, this feature has been incorporated; 

¶ hour of the day: time of operation normalised to a continuous scale between 0 
and 1 to capture daily patterns;  

¶ temperature difference, outdoor ï indoor: to reflect the thermal load on the AC 
unit, influencing power consumption; and 

¶ temperature difference, indoor ï setpoint: to represent the deviation from the 
desired setpoint temperature, which directly affects energy usage. 

These features have been carefully selected to ensure that the model accounts for both 

environmental conditions and AC control behaviour. 

Data pre-processing: To ensure numerical stability and improve model convergence, all 

continuous input features are normalised using Standardisation (Z-score normalisation), 

which transforms the data to have zero mean and unit variance. This normalisation is defined 

as: 

ὢᴂ  ὢ  А Ⱦ „ȟ (1) 
 

where ὢᴂ is the normalised feature, ὢ is the original feature value, Õ is the mean of the 
feature, and ů is the standard deviation. 

For categorical time-related features, such as hour of the day, min-max scaling is used to 

map them to a range between 0 and 1: 

ὢᴂ  ὢ  ὢ     Ⱦ ὢ   ὢ Ȣ (2) 
Kernel selection: The choice of kernel in GPR determines the nature of the function the 

model can learn. The kernel function encodes assumptions about the smoothness and 

variability of the target function. The selected kernel for this model has been: 

ὑὼȟὼ ὅ ὑ ǲ ὼȟὼ ὑ ὼȟὼȟ (3) 
 

where: 

¶ C is a constant kernel that scales the overall variance, ensuring the model captures 
global variations in power consumption;  

¶ ╚╜╪◄▄ǲ►▪●░ȟ●▒ is the Matérn kernel with ⱨ Ȣ, chosen due to its ability to model 

both smooth and less-smooth functions; and  

¶ ╚╦▐░◄▄●░ȟ●▒ is the White Kernel, which accounts for noise in the data. 

The Mat®rn kernel is given by: 

ὑ ǲ ὼȟὼ  „
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where ὼ ὼ  is the Euclidean distance between input points, „ is the signal variance, ὰ 

is the length scale controlling how quickly correlation between points decreases, ’ is the 

smoothness parameter, set to 1.5 in this model, Ὼ is the modified Bessel function of the 

second kind, and ɜ’ is the Gamma function. 

The White Kernel models observation noise and ensures that the model does not overfit to 

minor fluctuations in the data. It is defined as: 

ὑ ὼȟὼ ‏„ , (5) 
 

where „  is the noise variance and ‏ is the Kronecker delta function, which equals 1 if Ὥ

Ὦ and 0 otherwise. This kernel ensures that each data point has an independent noise 
component, preventing the model from treating noise as an actual signal. 

The Mat®rn kernel has been selected over other common kernels, such as the Radial Basis 

Function (RBF) kernel, due to its ability to handle rougher variations in the data. The added 

White Kernel prevents overfitting by explicitly modelling noise, making the model more 

generalisable. 

Hyperparameters tuning: Hyperparameters such as the length scale, variance, and noise 

level are optimised using the log-marginal likelihood maximisation. The key 

hyperparameters and their initial bounds are: 

¶ length scale (■): initialised at 1.0 with bounds [ ȟ ȟ ensuring flexibility in 
capturing both short- and long-term variations; 

¶ signal variance (Ɑ ): optimised to adjust the scaling of the Matérn kernel, reflecting 
the expected variability in power consumption; 

¶ noise variance (Ɑ▪): Bounds set between [ ȟ ȟ  to account for potential 
measurement errors and inconsistencies. 

¶ Constant Kernel (╒): initialised at 1.0 with bounds [ ȟ ȟ to scale the overall 
function magnitude; and 

¶ number of restarts: the optimiser is run with 20 restarts to avoid local optima and 
improve robustness in parameter selection. 

Model evaluation criteria: To assess the predictive performance of the GPR model, two 

key evaluation metrics are used: 

¶ Mean Absolute Error (╜═╔): to measure the average absolute difference between 
predicted and actual values, providing an intuitive measure of accuracy, calculated 
as follows: 

ὓὃὉ  
ρ

ὲ
 ȿ ώ  ώ ȿ (6) 

¶ ╡ό Score (Coefficient of Determination): to evaluate how well the model explains the 
variance in the observed data 

Ὑ ρ  
В ώ  ώ 

В ώ  ώ 
 (7) 
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Electric water heater and Air-to-water heat pump 

Literature review: In the H2020-ACCEPT project, a simplified statistical forecasting model 

was developed to provide one-day-ahead power consumption predictions for electric water 

heaters. Due to the limited availability of consumption data, a rule-based statistical approach 

was implemented, similar to the methodology used in the H2020-PARITY project. This three-

step approach combined unsupervised clustering, statistical frequency analysis, and 

sequential power forecasting to identify expected consumption patterns. While this method 

was computationally efficient and easy to implement, it had limitations in adapting to user 

behaviour variations and detecting anomalies in water heater usage. Although effective for 

basic profiling, it lacked flexibility and predictive accuracy. 

The air-to-water heat pump profiling methodology focused on developing a forecasting 

system capable of generating one-day-ahead energy consumption predictions for complex 

HVAC systems. Given the limited availability of historical data and the nonlinear nature of 

heat pump operations, the approach involved a rigorous machine learning-based pipeline, 

including data pre-processing, feature extraction, algorithm selection, hyperparameter 

tuning, and validation. Various regression algorithms were evaluated, including Decision 

Trees, Support Vector Machines, and Bayesian Ridge Regression, revealing that traditional 

approaches struggled with limited training data and high forecasting granularity (15-minute 

steps). This led to the adoption of XGBoost (T. Chen & Guestrin, 2016), an ensemble 

learning method that significantly improved forecasting accuracy through an iterative 

learning process. To further optimise results, Optuna was employed for automated 

hyperparameter tuning, and a stacking model was introducedðwhere the Stochastic 

Gradient Descent (SGD) Regressor provided initial predictions, which were refined by 

XGBoost. Despite achieving reasonably good performance, challenges in data availability 

and overfitting remained key limitations, underscoring the need for more data-driven and 

hybrid approaches in future research. 

ML model selection: Within CHRONCILE, the Electric water heater and Air-to-water heat 

pump profiling services are built upon insights from the ACCEPT project. While the statistical 

and machine learning-based forecasting models developed in ACCEPT remain functional 

within CHRONICLE, the need for more adaptable, accurate, and data-driven approaches 

has led to the integration of a common Long Short-Term Memory (LSTM) model. The rule-

based statistical model for electric water heater profiling provided basic consumption pattern 

recognition but struggled to account for behavioural variations and anomalies. Similarly, the 

XGBoost-based approach for heat pump profiling improved forecasting accuracy compared 

to traditional regressors but lacked the ability to capture long-term dependencies in time-

series data. To address these limitations, CHRONICLE introduces LSTM models, a class of 

recurrent neural networks (RNNs) designed to retain memory over extended time periods, 

making them ideal for learning sequential dependencies in power consumption data. Unlike 

XGBoost, which relies on handcrafted time-lagged features, LSTMs inherently learn 

temporal correlations through their gated mechanisms (input, forget, and output gates). This 

enables the model to dynamically adapt to fluctuations in energy demand, identify recurring 

patterns, and improve anomaly detection in electric water heater and heat pump operations. 

As a result, CHRONICLE benefits from a hybrid modelling approach, where existing 
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statistical and tree-based methods remain in use, while LSTMs extend predictive 

capabilities, ensuring better adaptability to dynamic energy consumption behaviours in 

smart buildings. 

Feature engineering: To improve the predictive capabilities of the common LSTM model, 

relevant features have been extracted and engineered from the raw dataset. These features 

include: 

¶ asset power consumption: sequential power usage values at 15-minute 
intervals, capturing historical consumption behaviour; 

¶ outdoor temperature: outdoor temperature (measured or forecasted), 
influencing usage patterns; 

¶ hour of the day: a normalised representation of daily time intervals to capture 
routine consumption behaviours; and  

¶ day of the week: a categorical encoding to account for weekly consumption 
variations. 

The integration of these features ensures that the model captures both past power usage 

trends and external factors affecting electric water heater or the air-to-water heat pump 

consumption. 

Data pre-processing: To ensure effective model training and generalisation, the dataset 

undergoes rigorous pre-processing steps: 

¶ normalisation: continuous features such as power consumption and 
temperature forecasts are normalised using Min-Max Scaling to ensure stable 
gradient updates during training;  

¶ time-series sequence construction: input sequences are structured as 96-
timestep sequences (24 hours of 15-minute intervals), enabling the model to 
learn long-term dependencies in consumption patterns; and 

¶ train-test splitting: The dataset is split into training (80%) and testing (20%) 
subsets, maintaining sequential integrity to preserve time-dependent 
relationships. 

LSTM model architecture: The LSTM model has been designed to effectively process 

sequential power consumption data and generate next-day forecasts. The model 

architecture is summarised in Figure 8. 



17 
 

 

 

Figure 8. EWH and Air-to-Water Heat Pump Profiling ï LSTM model architecture 

The key architectural components include: 

¶ Input Layer: it accepts historical power consumption, temperature forecasts, hour of 
the day, and day of the week; 

¶ LSTM Layers: the model consists of two stacked LSTM layers, each with 50 units 
(neurons), allowing it to capture both short-term and long-term dependencies in 
power consumption trend; stacking multiple LSTM layers enhances the modelôs 
ability to learn hierarchical representations of time-series data (Gers et al., 2003); 

¶ Dropout Layers: to prevent overfitting, 20% dropout is applied after each LSTM 
layer, randomly setting some neuron outputs to zero during training, ensuring the 
model does not memorise noise in the dataset (Srivastava et al., 2014); 

¶ Dense Layers: Fully connected layers follow the LSTM layers, including a 25-unit 
dense layer with ReLU activation to introduce non-linearity and aid feature 
transformation; and 

¶ Output Layer: A single neuron with a linear activation function predicts the next dayôs 
power consumption. 

Hyperparameters tuning: Unlike Gaussian Process models, LSTMs do not require explicit 

kernel functions. Instead, the architecture itself learns temporal patterns through 

backpropagation and gradient-based optimisation. However, tuning hyperparameters such 

as sequence length, learning rate, and dropout rate is mandatory for effective performance. 

Key hyperparameters are optimised through grid search and cross-validation: 
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¶ Sequence Length: A sequence length of 96 timesteps (24 hours of historical data) 
has been selected based on domain knowledge of daily usage patterns and empirical 
testing; 

¶ Number of LSTM Units: Both LSTM layers contain 50 units, a common setting for 
balancing computational cost and predictive performance in medium-scale time-
series problems; 

¶ Batch Size: The model is trained with a batch size of 32, ensuring an efficient balance 
between convergence speed and memory usage; 

¶ Optimiser: The Adam optimiser (learning rate: 0.001) has been chosen for its ability 
to adaptively adjust learning rates per parameter, leading to faster convergence. 

¶ Dropout Rate: A dropout rate of 20% is applied to mitigate overfitting without overly 
constraining learning; and 

¶ Number of Epochs: The model is trained for 20 epochs, based on early stopping 
criteria to prevent unnecessary computations while ensuring optimal performance. 

Model evaluation criteria: To assess the predictive performance of the LSTM model, three 

key evaluation metrics are used: 

¶ Mean Absolute Error (╜═╔): as described in Equation (6); 

¶ ╡ό Score (Coefficient of Determination): as described in Equation (7); and 

¶ Mean Square Error (╜╢╔): to capture the squared deviations, penalising larger errors 
more than MAE, calculated as follows: 

ὓὛὉ  
ρ
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2.3.3 Predictive maintenance microservices  

Predictive maintenance in HVAC systems relies on the early identification of faults to prevent 

costly downtime and optimise system performance. Fault detection and diagnosis (FDD) 

algorithms play a crucial role in this process by continuously monitoring system behaviour, 

detecting anomalies, and diagnosing underlying issues before they evolve into major 

failures. Embedding these algorithms within a predictive maintenance analytics module, 

maintenance activities can be scheduled proactively based on actual system conditions 

rather than fixed intervals. In this section, a literature review and the CHRONICLEôs 

methodological approach for FDD are presented.  

Fault detection and diagnosis 

Literature review: In current literature, different approaches have been identified for fault 

detection that can be divided in three main categories: a) knowledge discovery approaches 

(ruled based), b) physics-based approaches, c) data-driven approaches, where ML 

algorithms are used (F. Zhang et al., 2023). 

In the rule-based approaches, the system faults can be identified according to predefined 

rules on their performance (Schein et al., 2006). To make FDD less ambiguous, more 

sophisticated techniques have been implemented, using advanced rule-based techniques 
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such as fuzzy logic (Dexter & Ngo, 2001). These approaches use either predefined 

thresholds, or adaptive ones, in order to distinguish faults from normal operation. First-

principle approaches, are part of this category and rely on the fundamental physical laws 

governing system behaviour. These principles are then translated into logical rules for 

detecting faults (Wang et al., 2012). Finally, there are also more sophisticated techniques 

called rule-based chart methods, where flowcharts, decision trees, or logic diagrams are 

used to encode the diagnostic rules (Li et al., 2012). To summarise, Rule-based approaches 

for FDD purposes, offer several advantages, such as simplicity, transparency, and low data 

requirements. They are easy to implement and understand, with a clear decision-making 

process. However, they also have limitations, including scalability issues as systems grow 

in complexity, limited adaptability to unforeseen faults, and the need for frequent rule 

updates to stay accurate and relevant. These factors can make maintaining rule-based 

systems challenging (Z. Chen et al., 2023). 

Physics-based approaches for FDD in HVAC and other energy systems, rely on modelling 

of the physical behaviour of the systems and their components to identify discrepancies that 

may indicate faults. These approaches utilise detailed mathematical and physical models to 

simulate the operation of systems under normal and/or faulty conditions. Simplified physical 

modelling approaches use the physical parameters that are already defined in a building 

energy simulation tool (Kim et al., 2019). One key advantage of physics-based methods is 

their accuracy, as they are derived from established engineering principles and directly 

model the interaction between system components. Additionally, these approaches do not 

require large amounts of historical data, unlike data-driven models, making them suitable 

for systems with limited operational history (F. Zhang et al., 2023). However, the complexity 

of developing these models and their high computational costs are significant drawbacks. If 

the model does not accurately reflect real-world conditions, the fault detection may be 

unreliable (Dexter & Ngo, 2001). 

Data ï driven approaches are the most popular for FDD, due to their scalability, automation, 

real-time capabilities, and ease of integration with existing systems. In this context, several 

approaches have been proposed in literature (F. Zhang et al., 2023). Data-methods for FDD 

can be distinguished in three main categories: a) supervised, b) unsupervised, and c) hybrid-

learning methods (Mirnaghi & Haghighat, 2020). Supervised MLs, are algorithms that use 

labelled datasets to be trained and predict (recognise) outcomes and patterns. Some of the 

most popular supervised methods are: RF, GBM / XGBoost, CNN and RNN, k-NN, SVM and 

Decision Trees (DTs). The main advantages of supervised ML algorithms are their high 

accuracy, effectiveness on large datasets and suitability for a wide range of applications. On 

the other hand, they are prone to overfitting and are highly dependent on feature engineering 

(Priyadharshini & Mathew, 2023). In contrast, Unsupervised algorithms learn patterns in data 

without labelled outcomes, as they try to find hidden structures in the input data, on their 

own. Some of the most popular ones, are the clustering algorithms (e.g. K-means, DBSCAN) 

and the dimensionality reduction ones (e.g. PCAs and autoencoders). Their main 

advantages are that they do not require labelled data, they are flexible and suitable for data 

exploration in large datasets. However, it is hard to evaluate their performance, due to lack 

of labelled data, they are sensitive to input parameters and to noise/outliers (Priyadharshini 

& Mathew, 2023). 
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Among the several supervised ML algorithms found in literature, neural networks and 

especially LSTM networks are really popular approaches. LSTMs are considered highly 

effective across a broad spectrum of sequential data tasks, including speech recognition 

and machine fault detection. Their ability to outperform other RNN architectures and 

conventional machine learning techniques in various applications has been well-

documented (Safwan Mahmood Al-Selwi et al., 2023). An illustrated example is presented 

by Borda et al. (Borda et al., 2023), who successfully implemented LSTM and Gated 

Recurrent Unit (GRU) approaches in order to perform fault detection for an HVAC system. 

Different LSTM models and architectures were tested and the obtained results presented. 

The anomalies of the specific system were recognised using particular error metrics 

(absolute error and error moving average) after the training process. The paper concludes 

that LSTM performs well in identifying HVAC faults, without extensive featuring engineering, 

and it can be extended to other energy systems (Borda et al., 2023). 

ML model selection: Based on existing literature, the methodological approach for the DD-

DTôs FDD in CHRONICLE was initially based on a Rule-based approach due to its ease of 

implementation. Since, the obtained results were unsatisfactory, a more robust methodology 

was adopted using an LSTM model. Both methodologies are briefly presented below. 

Feature Engineering: In both methodologies, as input features, timeseries data that directly 

influence the HVAC power consumption and operational behaviour, were selected. The 

power consumption of the HVAC is considered as the target value. A correlation matrix was 

also used to reveal the dependency of these input features to the HVAC consumption. The 

input features are the following:  

¶ Power Consumption History: Sequential power usage values at 15-minute 
intervals, capturing historical consumption behaviour. 

¶ Hour of the Day: A normalised representation of daily time intervals to capture 
routine consumption behaviours. 

¶ Day of the Week: A categorical encoding to account for weekly consumption 
variations. 

¶ Indoor Temperature: Temperature inside the premises where HVAC is located. If 
the indoor temperature is far from the setpoint temperature, the HVAC system will 
consume more energy to either heat or cool the space to reach the desired level. 

¶ Setpoint Temperature: The desired temperature set by the user. A lower setpoint in 
cooling mode or a higher setpoint in heating mode, generally results in increased 
power consumption. 

¶ Indoor Relevant Humidity: Indoor relevant humidity where HVAC is located 
obtained by the installed multi-sensors. Indoor relevant humidity directly influences 
the HVAC systemôs energy use, especially in cooling modes. If indoor humidity is 
high, the HVAC system will consume more energy to dehumidify the air and maintain 
the setpoint temperature. In dry conditions, energy consumption can be reduced as 
less energy is needed to remove moisture from the air. 

¶ Outdoor Temperature: Outdoor temperature for the specific location. In cooling 
mode, higher outdoor temperatures increase energy consumption as the system 
needs to work harder to cool the indoor space. In heating mode, the HVAC must 
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compensate for the difference between the outdoor cold and indoor setpoint 
temperature, thus consuming more energy. 

¶ Outdoor Relevant Humidity (%) for the specific location: High outdoor humidity 
means the system must remove more moisture from the air, which increases the 
energy required for cooling. If the humidity is low, the system may use less power for 
dehumidification but may still consume more energy to meet the desired indoor 
temperature. 

Rule-based FDD: At first a rule-based method was established to identify the variables that 

affect the HVAC power consumption. Rule-based methods provide clear, interpretable 

results that can identify normal versus abnormal operating patterns based on specific 

thresholds and conditions set.  The defined rules are based on the principle that, for a given 

HVAC system installed in a building, power consumption should remain relatively consistent 

when the same conditions, as specified in the input set, are met. If the power consumption 

difference for "similar" timesteps exceeds a predefined threshold, the HVAC operation is 

flagged as a "potential anomaly." While other factors (such as the number of people present 

in the room) may influence HVAC consumption, these factors are not available and are 

treated as black box variables. As such, some deviation from normal operation is anticipated. 

However, if this deviation persists in a consistent pattern, it could signal an underlying issue 

with the HVAC system. Therefore, if the number of "potential anomaly" timesteps exceeds 

a certain threshold, the device is flagged as faulty. 

LSTM-based FDD: Preliminary results of the rule-based FDD revealed the need for more 

reliable and sophisticated techniques. This led to the exploration of machine learning 

algorithms, which offer more robust and adaptable approaches for handling complex data 

patterns and improving accuracy in detecting anomalies. Following the state-of-the-art and 

after a thorough literature review, Long Short-Term Memory (LSTM) networks were 

eventually selected and implemented. LSTM, a type of recurrent neural network (RNN), 

have gained significant attention in recent literature for their ability to model sequential data 

and capture long-term dependencies. 

Data pre-processing: The data preprocessing steps applied in this model are identical to 

the ones presented in Section 2.2.2. For the sake of completeness, they are repeated below: 

¶ Normalisation: Continuous features (power, indoor and outdoor temperatures, 
setpoint temperature, indoor and outdoor relevant humidity) were normalised using 
Min-Max Scaling to ensure stable gradient updates during training. 

¶ Time-Series Sequence Construction: Input sequences were structured as 96-
timestep sequences (24 hours of 15-minute intervals), enabling the model to learn 
long-term dependencies in consumption patterns. 

¶ Train-Test Splitting: The dataset was split into training (80%) and testing (20%) 
subsets, maintaining sequential integrity to preserve time-dependent relationships. 

LSTM model architecture: The model architecture, illustrated in Figure 9, was finalised 

after several tests and comparison of their impact to modelôs results.  

Key components of the LSTM model include:  
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¶ Input layer: One of the most crucial parts of the LSTM model is the input dataset 
used. The raw input data shape before entering the LSTM model is a 3D input matrix 
with the following shape: (target_length, sequence_length, features). Sequence 
length and target length, hyperparameters will be explained analytically in the next 
section. From this 3D matrix the training and test datasets are created and are fed 
into the model. 

¶ LSTM layers: In the applied model, a 4-layer LSTM model was finally used, after 
numerous trials with more and less layers and neurons. It was observed that with 
higher layer number the results were not further improved, making the model 
unnecessarily complex. On the other hand, a lower number than 4 layers was 
insufficient to capture the HVAC patterns and make satisfying predictions. 

¶ Dropout layer: The selected dropout rate is 0.5, meaning that 50% of neurons are 
temporarily disabled during training. The dropout rate was selected after trying 
different ratios and validating the results. 

¶ L2 kernel regularisation: L2 kernel regularisation helps reduce overfitting by 
penalising large weights, adding stability to the model. A value of 0.05 was adopted 
after a few trials and result comparison. 

¶ Activation Function: Tanh was selected as activation function to introduce non-
linearity to the model, allowing it to learn complex relationships in the data. This 
parameter was selected as the most suitable one, by experimenting with all the 
available ones in python. 

¶ Batch Normalisation: Batch normalisation was used to normalise the input to each 
layer by adjusting the mean and variance and then scales and shifts it using learned 
parameters. This makes sure that each layer receives inputs with a similar 
distribution, which prevents large shifts in the distribution (known as ñcovariate shiftò) 
and allows the network to learn faster. It was applied since it further improved the 
results.  

¶ Return sequence: This argument allows each LSTM cell to return the full sequence 
(each timestepôs output), which is useful for stacking multiple LSTM layers. In this 
model is used for all layers except from the last LSTM layer so that each layer can 
pass on a sequence rather than a single output. 



23 
 

 

 

Figure 9. Predictive Maintenance, Fault Detection ï LSTM-model architecture 

Hyperparameters tuning: LSTM modelsô performance is sensitive to the choice of 

hyperparameters. These hyperparameters, such as the number of LSTM units, the number 

of layers, learning rate, batch size, and regularisation techniques, govern how the model 

learns from the data. Tuning these hyperparameters is crucial for achieving optimal 

performance and requires experimentation based on the dataset and task at hand. 

¶ Sequence length: One day is selected to capture the daily patterns of the HVAC 
consumption. Since the granularity of the used dataset is 15-minutes, 96 timesteps 
have been selected. 

¶ Target Length: After testing different target lengths, a number of 4 has been finally 
selected as it provided the best results.  

¶ Batch Size: The model is trained with a batch size of 128, as it had the best 
performance. 

¶ Optimiser: The Adam optimiser (learning rate: 0.001) has been chosen for its ability 
to adaptively adjust learning rates per parameter. 
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¶ Dropout Rate: A dropout rate of 20% has been applied to mitigate overfitting without 
overly constraining learning. 

¶ Number of Epochs: The model is trained for 40 epochs, based on early stopping 
criteria to prevent unnecessary computations. The parameters specified for early 
stopping are the following: (a) monitor ï this parameter specifies the metric to monitor 
for improvement; validation loss selected in this case; (b) min-delta ï this is the 
minimum change in the monitored metric that is considered an improvement; 0.0001 
was selected; (c) patience ï this is the number of epochs to wait for an improvement 
in the monitored metric before reducing the learning rate; 5 epochs were selected; 
(d) restore-best-weights ï  setting this parameter to ñTrueò, the model weights are 
restored to the state they were in at the epoch with the best monitored metric; True 
was selected. 

Fault detection: After the LSTM training and validation process, the Absolute Error (ὃὉ) 

and the Error Moving Average (Ὁὓὃ) metrics are calculated. The rule applied for fault 
detection is the following:  

ÉÆ ὃὉὭ ὉὓὃὭȟ ÆÁÕÌÔ ÄÅÔÅÃÔÅÄ ÁÔ ÔÉÍÅÓÔÅÐ Ὥ (9) 
 

This happens as the EMA metric, reflects the typical (expected) behaviour of the system 

over a certain period, helping to capture the baseline or normal performance. Therefore, 

whether the current error is an outlier or part of normal system variation is detected. If the 

error exceeds the average by a substantial margin, it's flagged as anomalous and 

indicates a fault condition.DD-DT Approach to Co-simulation 

Literature review: In past EU-funded projects (e.g. H2020 - BIMERR), co-simulation 

methodologies were explored to enhance the interaction between physics-based simulation 

tools and occupant behaviour models in obXML format (Hong et al., 2015) (generated by 

data-driven asset and comfort profiling servicesðsee Figure 10). These approaches aimed 

to reduce the gap between simulated and measured energy performance in buildings by 

integrating data-driven insights into the simulation process. The main methodologies 

employed in BIMERR included: 

¶ Building Controls Virtual Test Bed (BCVTB): A middleware platform enabling data 
exchange between EnergyPlus and external controllers (e.g., MATLAB models, 
Python-based services). While BCVTB facilitated some level of real-time interaction, 
it required complex configurations and lacked the flexibility needed for dynamic 
adaptation in energy profiling applications. 

¶ Functional Mock-up Units (FMUs): FMUs allowed EnergyPlus models to interact 
with other simulation engines and data sources through standardised interfaces. 
Despite their modularity, FMUs posed challenges in interoperability, often requiring 
custom adaptations to facilitate real-time interactions between profiling services and 
simulation models. 

¶ Custom Python-BCVTB Integrations: In certain cases, H2020 - BIMERR explored 
bespoke Python interfaces with BCVTB to enhance time-series exchange 
mechanisms between energy simulations and predictive models. However, these 
implementations were limited by BCVTBôs static communication structure, making it 
difficult to support continuous learning and adaptation. 
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Figure 10. Example of a co-simulation configuration in H2020 - BIMERR (left) and the 
FMU-based implementation approach (right, (Hong et al., 2016)) 

CHRONICLE DD-DT approach to co-simulation: While these approaches represented 

successful implementations in integrating data-driven insights into energy simulation 

workflows, they were constrained by rigid system configurations, latency in data exchange, 

and challenges in dynamic adaptation to real-world occupancy and comfort patterns. Within 

CHRONICLE, a co-simulation approach utilising the EnergyPlus Python EMS API (see 

Figure 11), which was introduced in later versions of EnergyPlus, has been explored. This 

method advances beyond previous BIMERR solutions by providing a direct and flexible 

communication channel between EnergyPlus (Crawley et al., 2001) and the microservices 

of the DD-DT, allowing real-time updates and adaptive learning. Unlike BCVTB or FMUs, 

the EnergyPlus Python EMS API allows native execution and control of simulations directly 

from Python, eliminating the need for middleware tools. The Python EMS API enables bi-

directional data flow, ensuring that profiling services continuously interact with EnergyPlus 

simulations to refine predictions and adapt simulations dynamically. 
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Figure 11. Python EMS API ï Allowing EnergyPlus simulations to interact with other 
simultaneously running models (e.g. DD-DT microservices) 

It is important to highlight that this co-simulation framework is not intended to replace any 

co-simulation approach that would be proposed by the developers of the integrated DT 

framework within CHRONICLE. Instead, it serves as a complementary effort delivered by 

the DD-DT developers to explore the capabilities of profiling services in interacting with 

physics-based simulation tools. The DD-DT developed within CHRONICLE is designed with 

a modular, interoperable, and scalable architecture, ensuring effortless, efficient, and 

smooth integration into various co-simulation frameworks, including but not limited to the 

EnergyPlus Python API and the IES-VE co-simulation approach. The following key design 

principles contribute to this seamless integration: 

¶ Standardised data exchange mechanisms: the DD-DT microservices use 
standardised data formats (e.g., JSON). This ensures that services can: (1) easily 
ingest simulation results from external physics-based engines; (2) efficiently send 
predictions and control decisions back to the simulation environment; and (3) 
maintain compatibility across different simulation tools, facilitating integration without 
extensive reconfiguration. 

¶ Decoupled, API-driven architecture: Unlike monolithic solutions that require hard-
coded dependencies, the DD-DT profiling services operate on a decoupled, service-
oriented architecture. This means that they can be plugged into different co-
simulation environments without modification. They interact through well-defined 
APIs, allowing for agnostic communication between models, simulation platforms, 
and real-world data sources. The integration effort is minimal, requiring only API 
endpoints and parameter mappings rather than complex middleware setups. 
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2.3.4 Technology stack and Implementation tools 

All microservices of the CHRONICLEôs DD-DT have been developed in Python 3.12, utilising 

backend technologies and python packages that are listed in Table 1. 

Table 1. Technology stack and implementation tools of DD-DT 

Technology/Package name Version License 

Occupancy and comfort profiling ï Occupancy 

fastapi (API exposure for occupancy profiling) 0.110.0 MIT 

uvicorn (asynchronous server for fastapi) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

pandas (data manipulation) 2.2.2 BSD 3 

scikit-learn (feature extraction, data normalisation and RF 
model for occupancy profiling) 

1.5.1 New BSD 

docker (containerisation for the microservice) 26.0.1 Apache 2.0 

Occupancy and comfort profiling ï Comfort 

fastapi (API exposure for comfort profiling) 0.110.0 MIT 

uvicorn (asynchronous server for fastapi) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

pandas (data manipulation) 2.2.2 BSD 3 

scikit-learn (feature extraction, data normalisation and RF 
model for comfort profiling) 

1.5.1 New BSD 

pyts (for SAX implementation) 0.13.0 BSD 3 

docker (containerisation for the microservice) 26.0.1 Apache 2.0 

Assets profiling ï AC split units 

fastapi (API exposure for AC units profiling) 0.110.0 MIT 

uvicorn (asynchronous server for fastapi) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

pandas (data manipulation) 2.2.2 BSD 3 
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scikit-learn (feature extraction, data normalisation) 1.5.1 New BSD 

tensorflow (LSTM-based profiling model for AC units) 2.7.10 Apache 2.0 

keras (high-level API for the LSTM model) 3.6.0 Apache 2.0 

docker (containerisation for the microservice) 26.0.1 Apache 2.0 

Assets profiling ï Electric water heaters 

fastapi (API exposure for electric water heaters profiling) 0.110.0 MIT 

uvicorn (asynchronous server for fastapi) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

pandas (data manipulation) 2.2.2 BSD 3 

scikit-learn (feature extraction, data normalisation) 1.5.1 New BSD 

tensorflow (LSTM-based profiling model for electric water 
heaters) 

2.7.10 Apache 2.0 

keras (high-level API for the LSTM model) 3.6.0 Apache 2.0 

docker (containerisation for the microservice) 26.0.1 Apache 2.0 

Assets profiling ï Air-to-water heat pumps 

fastapi (API exposure for heat pumps profiling) 0.110.0 MIT 

uvicorn (Asynchronous server for fastapi) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

pandas (data manipulation) 2.2.2 BSD 3 

scikit-learn (feature extraction, data normalisation) 1.5.1 New BSD 

tensorflow (LSTM-based profiling model for heat pumps) 2.7.10 Apache 2.0 

keras (high-level API for the LSTM model) 3.6.0 Apache 2.0 

xgboost (for a previous heat pumps modelling approach)  2.0.3 Apache 2.0 

optuna (for a previous heat pumps modelling approach) 3.5.0 MIT 

Docker (Containerisation for the microservice) 26.0.1 Apache 2.0 

Predictive maintenance ï Fault detection and diagnosis 

fastapi (API exposure for FDD) 0.110.0 MIT 
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uvicorn (asynchronous server for fastapi) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

pandas (data manipulation) 2.2.2 BSD 3 

scikit-learn (feature extraction, data normalisation, FDD) 1.5.1 New BSD 

tensorflow (LSTM-based profiling model for FDD) 2.7.10 Apache 2.0 

keras (high-level API for the LSTM model) 3.6.0 Apache 2.0 

docker (containerisation for the microservice) 26.0.1 Apache 2.0 

Human-centric KPI calculation ï Comfort, IAQ, Well-being, Social 

fastapi (API exposure for KPIs calculation) 0.110.0 MIT 

uvicorn (asynchronous server for FastAPI) 0.27.1 BSD 

pydantic (data validation & serialisation) 2.7.1 MIT 

ifcopenshell (BIM data extraction) 0.7.0 LGPL 3.0 

pandas (data manipulation) 2.2.2 BSD 3 

docker (containerisation for the microservice) 26.0.1 Apache 2.0 

 

2.4 Requirements and specifications 

2.4.1 Equipment & Infrastructure 

The requirements in terms of IoT equipment and pilot infrastructure identified for the full 

implementation of the DD-DT are collected in Table 2. These requirements are a summary 

of the data requirements for the calculation of the Human-centric KPIs, first defined in T2.3 

and reported in D2.2, and of the data inputs defined in Section 2.4.4, further analysed to 

provide concrete infrastructure requirements.  

Table 2. DD-DT ï IoT equipment requirements 

IoT device Requirement Equipment details 

Temperature & Relative humidity sensors Min. measurement granularity: 15min 

Motion sensors Min. measurement granularity: 15min 

Illuminance sensors Min. measurement granularity: 15min 
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IAQ sensors including one or more of the 
following (CO2, TVOC, PM2.5) 

Min. measurement granularity: 15min 

Occupancy sensor Min. measurement granularity: 15min 

Sound levels sensor Min. measurement granularity: 8 hours 

Energy meters per electric load (asset: HVAC 
and/or water heaters) 

Min. measurement granularity: 15min 

 

2.4.2 Requirements Coverage 

Table 3 summarises the functional requirements referring to the DD-DT, origin from ñD2.1 ï 

CHRONICLE Business requirements, Use cases & System architectureò and justifies how 

these requirements were covered in the component development. 

Table 3. DD-DT Functional Requirement coverage 

Req. 
ID 

Title Description Priority 
Coverage 
(Verification Means) 

FR-45 
Tenant occupancy 
models trained on 
IoT data 

The occupancy profiles generated 
based on the ML model should be 
trained on IoT data series collected 
from the pilot sites at a timestep of 
15 minutes. 

High 

Completed (see 
Section 2.4.4 for the 
I/O parameters, 
Section 2.3.1 for the 
ML occupancy 
profiling service, and 
Section 2.5.6 for the 
co-simulation setup) 
 

FR-46 
Predicted tenant 
occupancy  

The tenant occupancy should be 
predicted based on the ML model 
and trained on data from the co-
simulation set-up. 

High 

FR-47 
Tenant thermal 
comfort model 
trained on IoT data 

The thermal comfort profiles should 
be generated based on the ML 
model and on IoT data series 
collected from the pilot sites at a 
timestep of 15 minutes. 

High 

Completed (see 
Section 2.4.4 for the 
I/O parameters, 
Section 2.3.1 for the 
ML comfort profiling 
service, and Section 
2.5.6 for the co-
simulation setup) 

FR-48 
Forecasted tenant 
thermal comfort  

The thermal comfort of the tenant 
should be forecasted based on the 
ML model and on weather forecast 
data. 

High 

FR-49 
Predicted tenant 
thermal comfort  

The thermal comfort of the tenant 
should be predicted based on the 
ML model and on data from the co-
simulation setup. 

High 

FR-50 
Tenant visual 
comfort model 
trained on IoT data 

The visual comfort profiles should be 
generated based on the ML model 
and on IoT data series collected 
from the pilot sites at a timestep of 
15 minutes. 

High 
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FR-51 
Forecasted tenant 
visual comfort  

The visual comfort of the tenant 
should be forecasted based on the 
ML model and on weather forecast 
data. 

High 

FR-52 
Electric load profiles 
trained on IoT data 

The power profiles for different loads 
available at the pilot sites should be 
generated based on the ML model 
and on IoT data series collected 
from the pilot sites at a timestep of 
15 minutes. 

High 

Completed (see 
Section 2.4.4 for the 
I/O parameters, 
Section 2.3.1 for the 
ML asset profiling 
services, and Section 
2.5.6 for the co-
simulation setup) 

FR-53 
Forecasted electric 
loads 

The electric loads power 
consumption should be predicted 
based on the ML model and on 
weather data. 

High 

FR-54 
Predicted electric 
loads  

The electric loads power 
consumption should be predicted 
based on the ML model and on data 
from the co-simulation setup. 

High 

FR-55 
Human-centric KPI 
calculation 

The data-driven DT should be able 
to automatically calculate human 
centric KPIs calculated either on 
real-life data or on information 
extracted from the BIM of the 
household. 

High 

Completed (see 
Section 2.4.4 for the 
I/O parameters for 
the human-centric 
KPI calculation 
service) 

2.4.3 Licensing 

The CHRONICLE DD-DT is licensed as a closed-source software product. Its source code 

is hosted and maintained in a private GitHub repository. 

2.4.4 Interfaces and API documentation 

The CHRONICLE DD-DT is accessible via REST API calls, thus installation or downloading 

of any component is not required.  The input and output requirements for successful function 

calls to the DD-DTôs microservices are outlined in Table 4. 

Table 4. DD-DT ï Input and output requirements per microservice 

Occupancy and comfort profiling ï Occupancy 

Inputs and Outputs  

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 

Input: indoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 
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Input: indoor relative 
humidity  

% From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: CO2 

concentration  
ppm From: measured ï CDE (timeseries, 

timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: assets power 
consumption  

W From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: motion 
detection 

Binary (0 or 1) From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Output: predicted or 
forecasted 
occupancy 

Binary (0 or 1) To: CDE and/or P-DT (timeseries, 
timestep: 15 mins) 

API ï Interface 

Protocol Method URL 

HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳǁÓÐÁÃÅ55)$ǂƳÐÒÅÄÉÃÔʍÏÃÃÕÐÁÎÃÙ 

Occupancy and comfort profiling ï Comfort 

Inputs and Outputs 

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 

Input: occupancy 
(unoccupied or 
occupied) 

Binary (0 or 1)  From: DD-DT occupancy profiling 
service (timeseries, timestep: 15 mins) 

Input: indoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: outdoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: indoor relative 
humidity  

% From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 
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Output: thermal 
comfort boundaries  

OC To: CDE and/or P-DT (timeseries for 
upper and lower bounds, timestep: 15 
mins) 

Output: combined 
comfort boundaries  

N/A To: CDE and/or P-DT (timeseries for 
upper and lower bounds, timestep: 15 
mins) 

API ï Interface 

Protocol Method Payload format/example 

HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳǁÓÐÁÃÅ55)$ǂƳÐÒÅÄÉÃÔʍÃÏÍÆÏÒÔ 

Assets profiling ï AC split units 

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 

Input: AC status (off 
or on) 

Binary (0 or 1) From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: indoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: outdoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: setpoint 
temperature 

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: AC power 
consumption 

W From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Output: predicted or 
forecasted AC power 
consumption  

W To: CDE and/or P-DT (timeseries, 
timestep: 15 mins) 

API ï Interface 

Protocol Method Payload format/example 

HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳǁÁÓÓÅÔ55)$ǂƳÐÒÅÄÉÃÔʍÁÃʍÐÏ×ÅÒ 

Assets profiling ï Electric water heaters 
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Inputs and Outputs 

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 

Input: outdoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: Electric water 
heater power 
consumption 

W From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Output: predicted or 
forecasted Electric 
water heater power 
consumption  

W To: CDE and/or P-DT (timeseries, 
timestep: 15 mins) 

API ï Interface 

Protocol Method Payload format/example 

HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳǁÁÓÓÅÔ55)$ǂƳÐÒÅÄÉÃÔʍÅ×ÈʍÐÏ×ÅÒ 

Assets profiling ï Air-to-water heat pumps 

Inputs and Outputs 

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 

Input: outdoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: Air-to-water 
heat pump power 
consumption 

W From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Output: predicted or 
forecasted Air-to-
water heat pump 
power consumption  

W To: CDE and/or P-DT (timeseries, 
timestep: 15 mins) 

API ï Interface 

Protocol Method Payload format/example 
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HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳǁÁÓÓÅÔ55)$ǂƳÐÒÅÄÉÃÔʍÈÐʍÐÏ×ÅÒ 

Predictive maintenance ï Fault detection and diagnosis 

Inputs and Outputs 

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 

Input: AC status (off 
or on) 

Binary (0 or 1) From: CDE (timeseries, timestep: 15 
mins) 

Input: indoor 
temperature  

OC From: CDE (timeseries, timestep: 15 
mins)  

Input: outdoor 
temperature  

OC From: CDE (timeseries, timestep: 15 
mins) 

Input: setpoint 
temperature 

OC From: CDE (timeseries, timestep: 15 
mins) 

Input: indoor relative 
humidity  

% From: CDE (timeseries, timestep: 15 
mins)  

Input: outdoor relative 
humidity  

% From: CDE (timeseries, timestep: 15 
mins) 

Input: asset power 
consumption  

W From: CDE (timeseries, timestep: 15 
mins) 

Output: asset fault 
detection 

Binary (0 or 1) To: CDE (timeseries, timestep: 15 mins) 

API - Interface 

Protocol Method Payload format/example 

HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳǁÁÓÓÅÔ55)$ǂƳÄÅÔÅÃÔʍÆÁÕÌÔ 

Human centric KPIs calculation ï Comfort, IAQ, Well-being, Social KPIs 

Inputs and Outputs 

Input/Output name Units From/To CHRONICLE component 

Input: start and end 
date  

Timestamps From: Input parameters in the API call 
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Input: occupancy 
(unoccupied or 
occupied) 

Binary (0 or 1)  From: DD-DT occupancy profiling 
service (timeseries, timestep: 15 mins) 

Input: indoor 
temperature  

OC From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: indoor relative 
humidity  

% From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: illuminance 
level 

Lux From: measured ï CDE (timeseries, 
timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: CO2 

concentration  
ppm From: measured ï CDE (timeseries, 

timestep: 15 mins); simulated ï P-DT 
(timeseries, timestep: 15 mins) 

Input: TVOC 
concentration   

ɛg/m3 From: CDE (timeseries, timestep: 15 
mins) 

Input: BIM (including 
the necessary 
properties) 

File in IFC4 (see 
D2.2) 

From: CDE and/or P-DT (timeseries, 
timestep: 15 mins) 

Output: Comfort, IȷQ, 
Well-being, Social 
KPIs 

Various units (see 
D2.2) 

To: CDE or P-DT (single value or 
timeseries, timestep: 15 mins) 

API ï Interface 

Protocol Method Payload format/example 

HTTPS POST ÂÁÓÅ52,ƳǁÂÕÉÌÄÉÎÇ55)$ǂƳÃÁÌÃÕÌÁÔÅʍ+0)Ó 
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2.5 Preliminary tests and results 

2.5.1 Occupancy profiling ï application examples 

The occupancy profiling microservice was initially tested using a dataset from a real-world 

application for building occupancy prediction (a room, 6 m x 4.6 m with four office desks), 

available in the literature (Singh, 2018). The data have been acquired from a real-world 

sensor network deployed in the room, including: a CO2 concentration sensor (S5_CO2); two 

motion sensors (S6_PIR, S7_PIR); and four temperature sensors (S1_Temp, S2_Temp, 

S3_Temp, S4_Temp). The target variable for the model is the Room_Occupancy_Count, 

which is converted into a binary label: 1 for occupancy (one or more people in the room) and 

0 for no occupancy (empty room).  

To prepare the dataset for model training, the following pre-processing steps were 

performed: (1) any rows containing missing sensor values were removed from the dataset 

to ensure data quality; (2) the temperature readings from four sensors (S1_Temp, S2_Temp, 

S3_Temp, and S4_Temp) were averaged to create a single feature representing the roomôs 

mean temperature; this new feature, Temp_Mean, captures the overall temperature in the 

room while reducing the number of features; (3) the occupancy count was transformed into 

a binary target variable; rooms with one or more people were labelled as 1, and empty rooms 

were labelled as 0; (4) the dataset was split into two subsets: training set ï 80% of the data 

was used to train the RF classifier;  testing set ï 20% of the data was reserved for evaluating 

the model's performance. 

The RF classifier was trained using the aforementioned key features: (1) S5_CO2; (2) 

S6_PIR); (3) S7_PIR; and (4) Temp_Mean (average room temperature). The training 

process involved constructing multiple decision trees, each trained on a random subset of 

the data. The final prediction for each instance was determined by aggregating the 

predictions from all trees (majority voting). The performance of the RF model was evaluated 

using a variety of metrics, including accuracy, a confusion matrix, and feature importance.  

The RF model achieved an accuracy of 99.01% in predicting room occupancy. This high 

accuracy demonstrates the modelôs ability to distinguish between occupied and unoccupied 

states using the selected sensor features. 

The confusion matrix depicted in Figure 12 provides a detailed breakdown of the model's 

predictions. The values on the diagonal represent the correctly classified instances: True 

Negatives (No Occupancy) and True Positives (Occupancy). The off-diagonal values 

indicate misclassifications, with False Positives (incorrectly predicted as Occupied) and 

False Negatives (incorrectly predicted as Unoccupied). The overall performance can be 

assessed by analysing the number of correct versus incorrect predictions. In summary, out 

of the 2026 test samples, 1610 samples were correctly predicted as no occupancy (0), 11 

samples were incorrectly predicted as no occupancy, even though there were people 

present, 9 samples were incorrectly predicted as occupied (1), when the room was empty, 

and 396 samples were correctly predicted as occupied. The confusion matrix shows that the 

model has a low error rate, especially in terms of predicting no occupancy. 
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Figure 12. Confusion matrix for occupancy prediction ï 1st application example 

In Figure 13, the feature importance analysis shows the contribution of each feature to the 

model's predictions. The Temp_Mean feature had the highest importance score of 

approximately 0.45, indicating it as the most critical factor for occupancy detection. This was 

followed by the CO2 levels (S5_CO2) with an importance score of about 0.3, and then the 

motion sensors: S6_PIR with an importance score of around 0.2, and S7_PIR, which had 

the lowest importance score of about 0.07. These results suggest that while motion sensors 

contribute to occupancy prediction, temperature appears to be the most significant indicator 

in this context. 

 

Figure 13. Feature importance for occupancy prediction ï 1st application example 

The motion sensors, S6_PIR and S7_PIR, may exhibit lower importance compared to other 

features like Temp_Mean and S5_CO2 for several reasons: 

¶ Complementary Information: Motion sensors are typically designed to detect the 
presence of individuals within a defined area. However, their ability to accurately 
indicate occupancy can be limited. For instance, a motion sensor may not detect 
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occupancy if individuals are stationary or if they are present outside the sensor's 
detection range. In contrast, temperature readings and CO2 levels can provide more 
consistent indicators of overall occupancy levels. 

¶ Influence of Environmental Factors: The Temp_Mean feature likely reflects the 
cumulative environmental conditions of the space, which can be more indicative of 
occupancy levels. For example, when more people occupy a space, the temperature 
tends to rise, and CO2 levels increase due to human respiration. This relationship 
can provide a stronger signal to the model than the transient signals captured by 
motion sensors. 

¶ Overlapping Information: The features derived from temperature and CO2 levels 
may inherently capture the effects of occupancy more effectively than the motion 
sensors alone. As such, the model may prioritise these features when making 
predictions, deeming them more reliable for indicating whether the space is occupied. 

¶ Data Variability: If the dataset includes instances where the motion sensors were 
activated but did not correspond to actual occupancy (e.g., due to false positives or 
environmental factors triggering the sensors), this could contribute to their lower 
importance in the model. Conversely, temperature and CO2 levels might show a 
clearer and more consistent correlation with the presence of people. 

Overall, while motion sensors can provide valuable information for occupancy detection, 

their contribution may be overshadowed by the more stable and indicative environmental 

features like temperature and CO2 levels in the context of our model. 

In a second application example of the occupancy profiling microservice, our focus was on 

occupancy prediction in a residential setting using data collected from Hypertech's testbed. 

The dataset comprises motion sensor readings, temperature, humidity, and HVAC 

consumption data recorded over a one-week period with a 15-minute time step. The 

objective was to evaluate the proposed methodology's adaptability and effectiveness in a 

residential environment, where occupancy patterns often differ significantly from those 

observed in office buildings. 

To prepare the dataset for analysis, motion sensor readings were converted into binary 

values, with measurements below 0.5 set to 0 (no motion detected) and measurements of 

0.5 or higher set to 1 (motion detected). This step simplifies the representation of occupancy-

related activity. Since the data was initially recorded at a higher sampling rate than the 

required 15-minute intervals, for all variables (motion sensor, temperature, humidity, and 

HVAC consumption), the average value over each 15-minute interval was calculated. This 

ensures uniformity across the dataset and captures temporal trends without losing critical 

information. 

The RF classifier was trained using the processed dataset, with motion sensor data serving 

as the target variable (binarised for occupancy detection). The training set, comprising 80% 

of the data, was used to build the model, while the remaining 20% was reserved for 

evaluation. The model was trained on three key featuresðtemperature, humidity, and HVAC 

consumptionðusing ensemble techniques to enhance predictive accuracy and robustness. 

The trained RF model achieved an accuracy of 90% in predicting occupancy states. 

However, an analysis of the confusion matrix revealed that while the model correctly 

predicted most "no occupancy" instances, it struggled to identify "occupancy" cases, with 
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zero correct predictions for occupied states. This result can be attributed to the smaller size 

of the dataset in this application example, which may have limited the model's ability to learn 

patterns associated with the less frequent "occupancy" class. Additionally, the imbalance 

between the two classes likely influenced the model's performance, as it favoured the 

majority class ("no occupancy"). These findings underscore the importance of addressing 

data size and class balance in future iterations. 

The confusion matrix provides a detailed breakdown of the modelôs predictions. As shown 

in Figure 14, the model successfully predicted 122 instances of "no occupancy" (true 

negatives) and misclassified five "no occupancy" cases as "occupancy" (false positives). 

However, it failed to correctly identify any "occupancy" instances (true positives) and instead 

misclassified all eight as "no occupancy" (false negatives). This outcome highlights the 

model's bias towards the majority class ("no occupancy"), which is likely influenced by the 

smaller dataset size and the potential imbalance between the two classes. Such class 

imbalances can skew the modelôs predictions towards the more frequent class, reducing its 

ability to generalise for minority instances. Addressing this issue through techniques like 

oversampling, class weighting, or collecting additional data could improve future 

performance. 

 

Figure 14. Confusion matrix for occupancy prediction ï 2nd application example 

Feature importance analysis provides insights into the contribution of each feature to the 

modelôs predictions. As shown in Figure 15, the model identified temperature as the most 

influential feature, with an importance score of 0.51. This indicates that temperature data 

strongly correlates with occupancy states in the residential setting. Humidity followed with 

an importance score of 0.36, suggesting its secondary but significant role in occupancy 

detection. The HVAC consumption feature had a relatively lower importance score of 0.13, 

indicating it is less predictive of occupancy patterns in this dataset. These results align with 

expectations, as environmental variables like temperature and humidity are directly affected 

by human presence, whereas HVAC consumption may depend on other factors, such as 
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user preferences or external weather conditions. This analysis highlights the potential for 

optimising sensor deployment by prioritising the collection of high-importance features. 

 

Figure 15. Feature importance for occupancy prediction ï 2nd application example 

2.5.2 Comfort profiling ï application example 

The comfort profiling microservice was tested using real-world sensor data collected from 

the Hypertechôs testbed. The dataset spans two summer periods, from June 1st to August 

31st, in 2023 and 2024, with data recorded at 15-minute intervals. The objective of the 

microservice has been to predict the comfort boundaries based on occupancy states 

(occupied/unoccupied) extracted from the occupancy profiling microservice, environmental 

conditions measured by IoT devices, and external data sources. 

The dataset includes indoor temperature, outdoor temperature, indoor humidity, and 

predicted occupancy as input parameters. Indoor temperature and humidity data, all 

accessible through CHRONICLEôs CDE, were collected from multisensor devices installed 

in the building, while outdoor temperature data were retrieved from an external API. All data 

were recorded at 15-minute intervals over two summer periods. 

Before applying the SAX method, the data underwent pre-processing to ensure consistency 

and improve model accuracy. The first step involved filtering out time intervals where 

occupancy was zero, as thermal comfort was not meaningful in an unoccupied building. This 

helped eliminate noise in the dataset and ensured that predictions were relevant only when 

occupants were present. Once irrelevant timesteps were removed, scaling techniques were 

applied to the data. Scaling was crucial for enhancing the efficiency and accuracy of machine 

learning models by transforming features into a uniform range or distribution. This process 

ensured that all input parameters contributed meaningfully to the model, preventing any 

single feature from dominating the analysis due to differences in magnitude. 

After pre-processing, the SAX method parameters were defined to categorise the input data 

systematically. The SAX configuration included determining the number of bins (5), 

assigning corresponding alphabet symbols (óaô, óbô, é, óeô) defining comfort states, and 

computing a combined feature equation. The bins were then mapped to five thermal comfort 
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states: Cold, Cool, Comfortable, Warm, and Hot. The combined feature equation integrated 

indoor temperature, outdoor temperature, and indoor humidity, assigning specific weights to 

each variable based on its relative influence on thermal comfort (0.7, 0.1 and 0.2, 

respectively). This equation allowed the model to capture the combined effect of different 

environmental conditions on perceived comfort.  

The processed dataset, containing scaled numerical values, SAX symbols, and comfort 

states, was used to train the classification model. In more detail, the RF classifier was trained 

on the SAX-transformed dataset to predict thermal comfort states based on historical sensor 

readings. The dataset was split into training and testing subsets, with 80% of the data used 

for training and 20% for testing. The model was trained using indoor temperature, outdoor 

temperature, and indoor humidity as input features, while the SAX-defined comfort states 

served as the target variable. 

The performance of the model was evaluated using an accuracy metric and a confusion 

matrix. The confusion matrix, depicted in Figure 16, summarises the classification 

performance, showing correct and incorrect predictions. The accuracy of the model is 88%, 

indicating a high reliability in predicting thermal comfort states 

 

Figure 16. Comfort profiling microservice ï Confusion matrix 

Indicative results are presented in  

Figure 17 (50 timesteps shown). The true data are represented with blue óxô symbols, and 

the predicted ones with red óoô. It is obvious that in most cases the model predicts correctly 

the comfort states, meaning that the two symbols coincide. However, there are some cases, 

where the model fails to predict correctly, meaning that the two symbols diverge. Since the 

accuracy of the model is around 88%, only a few predictions are false. 
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Figure 17. Comfort profiling microservice ï True vs predicted comfort states 

Table 5 presents the classification of thermal comfort states based on three environmental 

parameters: indoor temperature, outdoor temperature, and indoor humidity. Each comfort 

state is associated with a specific range for each feature, as well as a combined feature that 

integrates all three variables using weighted coefficients. 

Table 5. Comfort profiling microservice ï upper and lower boundaries of each 
comfort state per feature 

Comfort state 
Indoor temp  
(w1 = 0.7)  

Outdoor temp 
(w2 = 0.1) 

Indoor hum 
(w3 = 0.2)  

Combined feature  

Min Max Min Max Min Max Min Max 

ócoldô - <24.14 - <24.7 - <32.5 - <26.02 

ócoolô 24.14 25.5 24.7 27.7 32.5 37.9 28.02 28.34 

ócomfortableô 25.5 26.4 27.7 32.8 37.9 41.7 28.34 29.98 

ówarmô 26.4 27.3 32.8 34.8 41.7 45.2 29.98 31.49 

óhotô >27.3 - 34.8> - >45.2 - >31.49 - 

2.5.3 AC split units profiling ï application examples 

The dataset used for preliminary tests of the AC split units profiling microservice was 

collected from Hypertechôs testbed, where IoT sensors continuously monitored the operation 

of AC split units over a period of 20 days during both the heating and cooling seasons. Data 

was logged at 15-minute intervals, capturing key environmental and operational variables 

that influence energy consumption and thermal performance. 

In the heating season, outdoor temperatures ranged between 2ÁC and 10ÁC, while in the 

cooling season, they varied between 29ÁC and 39ÁC. Indoor temperature measurements 

reflected the combined effect of AC operation, heat exchange with the environment, and 

internal thermal inertia. The temperature was constrained within a range of Ñ5ÁC around the 

designated setpoint, which was set to 21ÁC during the heating season and 24ÁC during the 

cooling season. When the AC was active, indoor temperature evolved dynamically, gradually 

approaching the setpoint in a nonlinear manner. During unoccupied hours when the AC was 

turned off, indoor temperatures drifted towards outdoor conditions, but never fully converged 

due to residual thermal mass effects. The dataset also included IoT sensor readings of 
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relative humidity, a key parameter affecting both perceived comfort and cooling efficiency. 

The time of day was encoded as a normalised continuous variable to capture daily usage 

patterns, while the day of the week was similarly transformed to account for periodic 

variations over the course of the week. Two additional variables were derived from the raw 

sensor data: the difference between outdoor and indoor temperature, which serves as an 

indicator of thermal load, and the difference between indoor temperature and the setpoint, 

which directly influences the AC workload. These engineered features provided deeper 

insight into the factors driving power consumption. The AC status was recorded as a binary 

variable, indicating whether the unit was operating or idle at each time step. The schedule 

was structured so that the AC remained off during early morning and midday hours when 

the space was unoccupied, while it was allowed to operate in all other periods. AC power 

consumption values were derived from IoT energy meters installed in the testbed. Energy 

usage was directly influenced by the deviation between the indoor temperature and the 

setpoint, with higher deviations leading to greater power draw. When the AC was turned off, 

power consumption remained at zero, while under maximum cooling or heating demand, the 

unit operated at full capacity, drawing up to 2000W. The AC power consumption and indoor 

temperature profiles for the heating and cooling seasons are illustrated in Figure 18 and 

Figure 19, respectively. 

   

Figure 18. AC power consumption and indoor temperature (heating season) ï 20 
days (left) and 2 days (right) 

  

Figure 19. AC power consumption and indoor temperature (cooling season) ï 20 
days (left) and 2 days (right) 

The correlation matrices for both seasons, depicted in Figure 20, highlight the relationships 

between the input features and AC power consumption. In both cases, indoor temperature 

and outdoor temperature exhibit a strong correlation, as expected, with the difference 

between indoor and setpoint temperatures playing a key role in determining energy usage.  
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Figure 20. Correlation matrix for input features and AC power consumption ï 
heating season (left) and cooling season (right) 

 

Figure 21. Pair plot for input features and AC power consumption ï heating season 
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The correlation patterns differ slightly between seasons, reflecting variations in 

environmental conditions and AC operation. The pair plots (Figure 21 and Figure 22) provide 

further insights into the relationships between features and AC consumption. In the heating 

season, the patterns indicate a clear influence of temperature differences and AC status on 

consumption, with a smoother distribution of values. In the cooling season, the spread of 

data points is slightly broader, suggesting more variability in energy consumption due to 

higher outdoor temperatures and increased cooling demand. 

 

Figure 22. Pair plot for input features and AC power consumption ï cooling season 

Model evaluation metrics indicate strong predictive performance for both seasons. For the 

heating season, the ὓὃὉ is 2.23, and the Ὑό score is 1.00, indicating near-perfect model 

performance. This suggests that power consumption in the heating period follows a highly 

predictable pattern based on the input variables. In contrast, for the cooling season, the ὓὃὉ 

increases to 3.26, and the Ὑό score slightly decreases to 0.98. While still highly accurate, 
this slight decrease may reflect greater variability in cooling demand, potentially due to 

fluctuations in humidity or other unmodeled factors. 

The actual versus predicted AC power consumption plots for two selected days in Figure 23 

illustrate the modelôs ability to capture consumption patterns accurately. In both heating and 

cooling seasons, the predicted values closely follow the actual consumption trends, with 
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only minor deviations. These deviations are further analysed through residual plots in Figure 

24, which show the distribution of errors as a function of predicted power consumption. The 

residuals remain well-distributed around zero, with no clear systematic bias, confirming that 

the model does not exhibit significant overfitting or underfitting. 

   

Figure 23. Actual vs predicted AC power consumption (2 days) ï heating season 
(left) and cooling season (right) 

 

Figure 24. Residuals vs predicted AC power consumption ï heating season (left) 
and cooling season (right) 

 

Figure 25. Residuals distribution ï heating season (left) and cooling season (right) 

The residual distribution plots in Figure 25 reinforce this conclusion, visualising the spread 

of prediction errors. The majority of residuals remain within a narrow range, particularly in 

the heating season, where predictions are highly precise. In the cooling season, residuals 

exhibit slightly more spread, reflecting the higher ὓὃὉ observed in the evaluation metrics. 
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In summary, the results demonstrate that the GPR model effectively learns the 

dependencies between environmental conditions, AC operation, and energy consumption. 

While the model performs exceptionally well in both heating and cooling periods, the cooling 

season exhibits slightly more variability, likely due to additional influencing factors. These 

findings confirm the suitability of GPR for modelling AC power consumption. 

2.5.4 Electric water heater profiling ï application example 

The dataset used for preliminary testing of the electric water heater profiling microservice 

was collected from actual metering and sensing devices installed in a residential building, 

covering the period from November 1st to March 31st for two consecutive years, 2023 and 

2024. The data was recorded at 15-minute intervals, capturing the electric water heaterôs 

power consumption, outdoor temperature forecasts, and time-related parameters to analyze 

usage patterns and improve forecasting accuracy. 

A short analysis on the collected data revealed that the power consumption values in the 

dataset were discrete and included 0, 700, 1200, and 2000 watts. In reality, the electric water 

heater operated in two actual states: ON and OFF, with a fixed power level of 2000 watts 

when active and 0 watts when inactive. However, since the dataset recorded the average 

power consumption per 15-minute timestep, intermediate values such as 700 watts or 1200 

watts appeared when the heater was activated for only a portion of the 15-minute period. 

For example, a recorded value of 700 watts indicated that the heater was running for 

approximately 5 out of 15 minutes, while 1200 watts suggested operation for 9 out of 15 

minutes during that timestep. Operational constraints of the heater were also reflected in the 

dataset: each activation lasted between 30 and 60 minutes, with a minimum cooldown 

period of three hours between consecutive activations. The dataset also included outdoor 

temperature forecasts, retrieved from an external weather API, representing expected 

ambient conditions at each timestep. Additionally, time-based features such as the hour of 

the day (ranging from 0 to 23) and the day of the week (encoded from 0 to 6, representing 

Monday to Sunday) were included to capture daily and weekly usage patterns.  

The correlation matrix in the left side of Figure 26 provides a numerical representation of the 

linear relationships between the different features of the dataset. Upon inspection, the 

correlation between power consumption and the hour of the day is only 0.01, which indicates 

an almost negligible linear relationship. This suggests that power consumption is not 

strongly dependent on the specific hour of the day when considered across the entire 

dataset. This contradicts an initial assumption that heating activations follow strong daily 

cycles based on fixed schedules. Similarly, the correlation between power consumption and 

outdoor temperature is also weak. This suggests that the electric water heaterôs operation 

is not directly influenced by environmental temperature, reinforcing the idea that user 

behavior and scheduling dominate activation patterns rather than external climate 

conditions. Despite these low correlation values, the pair plot provides additional insight. 

The pair plot (right side of Figure 26. Correlation matrix (left) and pair plot (right) for input 

features and electric water heater power consumption) shows that power consumption takes 

only four discrete values: 0, 700, 1200, and 2000 watts. The clustering of these values along 

the vertical axis in different scatterplots suggests that consumption follows a structured 

pattern but does not exhibit a clear linear trend with time-related or environmental variables. 
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One possible explanation for the weak correlations is that power consumption might be 

influenced by a more complex, non-linear combination of features rather than a single 

variable like hour of the day or temperature. The LSTM model used in this analysis is 

designed to capture sequential dependencies, meaning that past power consumption 

values, rather than instantaneous environmental factors, likely play a stronger role in 

determining future activations. 

     

Figure 26. Correlation matrix (left) and pair plot (right) for input features and electric 
water heater power consumption 

Following the methodology outlined in Section 2.3.2, the LSTM model was trained on the 

dataset described above. The model evaluation metrics, reported as MAE: 58.09, MSE: 

84,844.46, and RĮ: 0.6215, provide insights into the predictive performance of the LSTM 

model. The Mean Absolute Error (MAE) suggests an average prediction deviation of 

approximately 58 watts, which is relatively low considering the heater's fixed power levels. 

The Mean Squared Error (MSE) reflects the squared magnitude of errors, indicating that 

some prediction errors are significantly higher than others, likely due to unexpected 

variations in user behavior. The RĮ score of 0.62 suggests that 62% of the variance in power 

consumption can be explained by the model's input features, indicating moderate predictive 

accuracy. 

Figure 27 presents the training and validation loss curves over the course of 20 training 

epochs for the LSTM-based power consumption forecasting model. At the beginning of the 

training process, both the training loss, represented by the black line, and the validation loss, 

represented by the magenta line, decrease significantly. This sharp decline indicates that 

the model is rapidly learning patterns in the data and adjusting its internal parameters to 

minimise the difference between predicted and actual values. After approximately the fifth 

epoch, both loss curves stabilise, with the validation loss reaching a lower and steady value. 

This suggests that the model has effectively learned the relationship between the input 

features and the power consumption target. Throughout the entire training process, the 

training and validation loss curves remain close, without signs of divergence. This indicates 

that overfitting is not occurring, meaning the model generalises well to unseen data rather 

than simply memorising training samples. As the epochs progress, both losses continue to 
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show a gradual reduction, converging to a low and stable value by the end of the training 

process, meaning that further training would likely not yield significant improvements in 

model performance. Overall, the trends observed indicate that the model successfully learnt 

from the data without excessive complexity or overfitting. The chosen hyperparameters, 

including the number of LSTM layers, dropout rate, and learning rate, appear to be well-

tuned, allowing the model to capture relevant temporal dependencies in the dataset. 

 

Figure 27. Electric water heater profiling microservice ï training and validation 
losses over epochs  

Figure 28 illustrates the comparison between the actual and predicted power consumption 

of the electric water heater over a two-day period. The black line represents the actual power 

consumption recorded in 15-minute intervals, while the magenta line corresponds to the 

predicted consumption generated by the LSTM model. The figure reveals that the model 

captures the general pattern of power usage, particularly in identifying the periods of high 

and low consumption. The peaks, which correspond to instances when the water heater is 

actively operating, are well-aligned between actual and predicted values. However, some 

slight discrepancies can be observed in the exact timing and magnitude of certain peaks, 

indicating minor prediction errors. These deviations may result from variations in user 

behavior or other unmodeled influences on power consumption. 
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Figure 28. Actual vs predicted electric water heater power consumption ï timeframe 
of 2 randomly selected sequential days 

Figure 29 presents a similar analysis over a longer time window of 300 sequential timesteps, 

which corresponds to a period of approximately three days. The overall structure of the 

actual consumption pattern is accurately reflected in the predicted values, with the LSTM 

model successfully identifying the intermittent nature of the water heaterôs operation. The 

prediction follows the binary-like behavior of the device, alternating between near-zero 

consumption and peak power levels, which are associated with the heater turning on and 

off. While the model performs well in predicting most occurrences of activation, there are 

some cases where the predicted consumption does not exactly match the actual usage, 

either due to small shifts in activation times or slight differences in power levels. 

 

Figure 29. Actual vs predicted electric water heater power consumption ï timeframe 
of 300 randomly selected sequential timesteps 

2.5.5 Predictive Maintenance: FDD ï application examples 

The LSTM-based Fault Detection and Diagnosis (FDD) methodology was initially tested 

using a dataset from a Kaggle competition focused on HVAC fault detection. This dataset 

provided real-world operational data of HVAC systems, allowing an initial assessment of the 

modelôs ability to recognise patterns in power consumption and predict actual values with 

high accuracy. 
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Figure 30. FDDôs LSTM predictions on the Kaggle dataset for 1300 (left) and 300 
(right) timesteps 

The model's effectiveness in capturing HVAC power consumption patterns and predicting 

system behaviour was demonstrated in the winter test cases, where Figure 30 illustrates 

predictions across 1300 and 300 timesteps. The blue dashed line represents the actual 

HVAC consumption, while the yellow line shows the predicted values. The close alignment 

between these two curves confirms that the model successfully learns and generalises 

HVAC operational patterns. 

Following the methodology described in Section 2.3.3, fault detection was implemented by 

analysing Absolute Error (ὃὉ) and Error Moving Average (Ὁὓὃ). In Figure 31, detected faults 

are highlighted with red triangles. These faults indicate instances where the ὃὉ metric 

significantly exceeded the Ὁὓὃ threshold, suggesting an operational anomaly. The 
observed results aligned with findings from (Borda et al., 2023), reinforcing that the LSTM 

model effectively captures deviations from normal HVAC performance.  

 

Figure 31. Fault detection results based on AE and EMA for the Kaggle dataset 

To further validate the methodology, the model was tested on real-world data from the 

Hypertechôs testbed, where an AC split unit was used for cooling. The dataset covered the 

summer periods of 2023 and 2024 (June through August) and included sensor 

measurements from an apartment occupied by two residents. The feature set used for this 

dataset largely corresponded to that of the Kaggle dataset, ensuring consistency between 

the two test cases. However, additional rolling statistical variables were introduced to 

enhance prediction accuracy. Specifically, a moving average of outdoor temperature and 
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outdoor humidity was computed over a four-timestep window, improving the modelôs ability 

to capture short-term fluctuations in environmental conditions. 

   

Figure 32. FDDôs LSTM predictions on the Hypertechôs testbed dataset for two 
different timeframes (left and right) 

Following the feature engineering and data pre-processing steps outlined in Section 2.3.3 

,the model was trained for 20 epochs. Validation loss, a key metric for assessing model 

generalisation, initially stood at 3.6416 at the beginning of training but dropped to 0.1097 by 

epoch 12. This represented a 97% reduction, indicating that the model successfully learned 

the underlying patterns of HVAC system operation. Early stopping criteria were met at this 

stage, preventing unnecessary training and avoiding overfitting. 

Once training was completed, the model was evaluated on the test dataset, comparing its 

predictions against actual AC (HVAC) consumption values. The results are presented in 

Figure 32, where the blue dashed line represents predicted consumption, and the yellow 

line corresponds to actual values. These visualisations confirm that the model effectively 

captures the operational dynamics of the HVAC system. In the left plot, results for a 350-

timestep timeframe (approximately 3.5 days with a 15-minute granularity) demonstrate that 

predictions closely follow actual system behaviour. Another 350-timestep timeframe is 

visualised in right plot, reinforcing that the model maintains strong predictive accuracy 

across different timeframes. 

The final step involved fault detection based on ὃὉ and Ὁὓὃ comparison, as visualised in 

Figure 33. Faults were flagged whenever ὃὉ exceeded Ὁὓὃ, as indicated by the red 
triangles. These instances suggest that the system's behaviour deviated significantly from 

expected patterns, potentially due to sensor malfunctions, external disturbances, or HVAC 

performance degradation. 
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Figure 33. Fault detection results based on AE and EMA for the Hypertechôs testbed 
dataset 

In summary, the results confirm that the LSTM-based FDD microservice successfully 

distinguishes between normal and faulty operation. Unlike traditional threshold-based 

methods, which often fail to adapt to seasonal variations and transient anomalies, the 

proposed approach effectively accounts for time-dependent fluctuations, ensuring a more 

robust and adaptable solution. 

2.5.6 DD-DT co-simulation ï application example 

The co-simulation framework was deployed and tested at Hypertech's testbed. Initially, an 

automated IFC to IDF mapping process, origin from H2020-BIMERR, was applied to 

generate the input data file of EnergyPlus (IDF format). This process ensured that the 

building's geometric, boundary conditions and thermal properties, to name but a few, 

captured in IFC, are accurately mapped to objects and properties of the simulation engine. 

Results are illustrated in Figure 34. It is worth mentioning that both BIM and IoT data were 

retrieved from the CHRONICLEôs Common Data Environment (CDE). 
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Figure 34. IFC to IDF mapping process applied on a residential building of 
Hypertechôs testbed 

In this test case, EnergyPlus was set up to perform an energy simulation, while the 

occupancy, comfort and AC split unit power consumption profiling microservices 

continuously predicted occupancy states, thermal comfort levels, and expected power 

consumption of the AC unit, given as input simulation outputs. These predictions were then 

sent back to EnergyPlus at each simulation timestep to adjust its calculations accordingly. 

In more detail, the EnergyPlus Python API facilitated the data exchange between the 

simulation engine and the profiling services. At each timestep, EnergyPlus retrieved 

environmental conditions, which were then passed to the DD-DT profiling services via API 

calls. The profiling models processed the data and returned predictions that were integrated 

back into the simulation. This process ensured that the EnergyPlus simulation adapted to 

conditions that aim to reduce the gap between simulated and measured performance. 

The co-simulation workflow was implemented in Python. The following lines of code 

demonstrate how the EnergyPlus model retrieves environmental data, queries the profiling 

services, and updates its internal conditions dynamically. 

As outlined in the following script, the simulation was initialised by loading the EnergyPlus 

IDF and weather files. The EnergyPlusAPI module provided access to EnergyPlus' internal 

variables, enabling direct manipulation of HVAC operation states. 
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The script below presents two functions (definitions): (1) for retrieving relevant variables from 

EnergyPlus, including indoor temperature, relative humidity, CO2 concentration, AC status, 

and setpoint temperature; and (2) for invoking the  DD-DT profiling services, which process 

the retrieved information and return predictions. The ÇÅÔʍÓÉÍÕÌÁÔÉÏÎʍÄÁÔÁƽƾ function 

extracted real-time environmental conditions from EnergyPlus, while the 

ÑÕÅÒÙʍÍÉÃÒÏÓÅÒÖÉÃÅƽƾ function sent this data to the appropriate profiling microservice and 

retrieved predictions. 
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As outlined in the following script, at each simulation timestep, EnergyPlus called the 

profiling services, and their outputs were integrated back into the simulation. The occupancy 

profiling service determined if the building was occupied or not. The comfort profiling service 

estimated a comfort index based on indoor environmental conditions, and the AC profiling 

service predicted the expected power consumption of the AC split unit. EnergyPlus 

dynamically adjusted HVAC operation mode based on occupancy status and updated the 

AC unit's power consumption based on predictions from the AC profiling service. 
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The co-simulation of the Hypertechôs testbed was conducted for an entire year, comparing 

two scenarios: one using deterministic occupant behaviour schedules and another 

incorporating the DD-DT profiling services for occupancy, comfort, and AC split unit power 

consumption. The objective was to evaluate the extent to which the DD-DT-enabled 

approach reduced the gap between simulated and measured energy consumption. 

Table 6 presents the annual heating and cooling energy consumption for the AC split units, 

as obtained from (1): the baseline EnergyPlus simulation using deterministic schedules; (2) 

the DD-DT and EnergyPlus co-simulation; and (3) the measured energy consumption from 

the testbed. 

Table 6. Co-simulation preliminary results ï Hypertechôs testbed 

Scenario Annual AC heating 
consumption 

Annual AC cooling 
consumption 

Annual AC total 
consumption 

Baseline EnergyPlus 
Simulation 
(Deterministic 
Schedules)  

2470 kWh 3150 kWh 5620 kWh 

EnergyPlus and DD-DT  
co-simulation 

2190 kWh 3010 kWh 5200 kWh 

Measured consumption 2120 kWh 2940 kWh 5060 kWh 

Reduction in simulated-
measured gap (%) 

11.3% 4.4% 7.5% 

 

The introduction of DD-DT profiling services into the co-simulation framework improved 

simulation accuracy by reducing the deviation between simulated and measured energy 

consumption. The baseline simulation overestimated heating demand by 16.5%, assuming 

continuous operation during predefined occupancy schedules. The DD-DT co-simulation 

reduced this error to 3.3% by dynamically adjusting heating based on real-time occupancy 

profiling. For cooling, the baseline simulation underestimated demand by 7.1%, failing to 

account for adaptive comfort behaviours such as manual thermostat adjustments. The DD-

DT co-simulation reduced this gap to 2.4% by incorporating real-time comfort profiling. 

Overall, the total HVAC consumption gap dropped from 15.5% to 2.8%, demonstrating that 

integrating data-driven profiling significantly improves simulation accuracy by capturing 

occupancy-driven variations and adaptive comfort preferences that deterministic models fail 

to reflect. 
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3. Physics-Based Digital Twin 

3.1 Functionality overview 

As described in D2.1 CHRONICLE Business requirements, use cases & System 

architecture (HYPERTECH, 2024), the Physics-Based Digital Twin is one of two core sub-

components within the Digital Twin Framework. The main functionality is a comprehensive 

dynamic simulation software for Building Design and Energy Performance analysis. This 

component mainly relies on its physics engine called APACHE1 (Application for Air-

Conditioning and Heating Engineers) further described in the 3.2 Technical description 

In particular, the overall Physics-Based Digital Twin of CHRONICLE project consists of three 

sub-components as follows:  

¶ IFC Import tool: it facilitates the import of suitable BIM files into the physics-based 
digital twin modelling tool (specific conditions are further described in section 0   

 
1 https://www.iesve.com/software/apache 

https://www.iesve.com/software/apache


59 
 

 

¶ Requirements and specifications). 

¶ BIM-Based Building Performance Simulator: this sub-componentôs role begins 
after the building geometry is finalised, either through the IFC import directly, or within 
the IES engine itself if required. The physics-based engine will be used to simulate 
the performance of the building. 

¶ Energy & Sustainability KPIs Calculator: the building simulation results will be 
further utilised to perform specific assessments of the building, such as the different 
renovation scenarios to be provided by the Renovation Planner. 

 

 

Figure 35. Key Elements of the Physics-Based Digital Twin 

3.2 Technical description 

This section presents the detailed technical specifications of each component of the physics-

based Digital Twin. 

3.2.1 IFC Import Tool  

Constructing the target buildingôs geometry within the energy modelling software is the 

first and one of the most time-intensive aspects of developing a physics-based model. 

Many software packages have their own built-in tools to create buildings geometries and 

assigning relevant properties (i.e. envelope, thermal gains, occupancy profiles, HVAC 

configuration...). This can make it hard for different programs to work together and exchange 

data smoothly. Therefore, an IFC import tool has been proposed which enables users to 

obtain a geometry file from their chosen design software package and import it in IES engine. 

Within the CHRONICLE project, a tool known as Model Translation engine (MTE) has been 

enhanced with improved IFC import capabilities. This development builds upon previous 

work related to WP5 in BIM4REN2 project (Antoine Dugu®, Tardioli, Barbano, Mark De Wit, 

& Philippe Alamy, 2021). It expands on its methodologies and applications to upgrade the 

digital modelling, the BIM data integration, and the performance analysis within the 

CHRONICLE framework. The work for this development was carried out under WP3, in 

particular T3.3, which focused on creating 3D models on IES software based on BIM files.  

 
2 https://bim4ren.eu/ 

https://bim4ren.eu/
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The Model Translation Engine (MTE), developed by IES, is a software library and 

programming interface. It is a stand-alone prototype which facilitates the generation of rich 

data models for energy simulation. The MTE is not designed for direct user interaction 

because of itôs primary functionalities, but rather serves as a component of the physics-

based engine in CHRONICLE. Figure 36 below summarises the input formats of the MTE 

as well as the general outputs from the engine. 

 

 

Figure 36. MTE Functional Flow 

3.2.2 BIM-based simulation engine 

The dynamic simulation models (DSM) are created either from the direct import of the IFC 

files in the MTE software library (explained above in 3.2.1) or in the IESô historic software 

called Virtual Environment3, designed for energy modellers. These models are used to be 

simulated with IES performance engine called Apache.  

During WP3, we have conducted a thorough investigation into the feasibility and 

performance of using IFC files generated by the IES engine on the cloud platform for running 

and managing simulations efficiently.    

 
3 https://www.iesve.com/software/virtual-environment 
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Figure 37. IES simulation engine Functional Flow 

3.2.3 Energy & Sustainability KPIs Calculator  

This sub-component calculates key Energy and Sustainability KPIs for the CHRONICLE 

solution. It uses data from the previous sub-component to generate high-fidelity KPIs for a 

given input, helping users assess their building's performance. By leveraging simulation 

results, it enables a thorough evaluation of the building, including testing renovation 

scenarios from the Renovation Planner. This serves as a decision-support tool for users to 

plan effective renovation strategies 

  



62 
 

 

3.3 Methodological Approach 

The overall workflow of the physics-based DT is shown in Figure 38. 

Firstly, the BIM model data file was processed through the MTE to create a file that is 

compatible with our simulation engine. (.apr files). The IFC models were updated regularly 

within the software development process to be adjusted to our engine as well as to BEM 

purposes. An alternative option (option 2 below) is the used of the BIM files into the VE 

software.  

Next, the file created is converted in the Physics-Based Engine called Apache and explained 

in 3.2.2. The following step was to run this on the Cloud and generate results for data 

postprocessing in ISCAN4, that serves as a time series data platform and will be also used 

to collect the IoT data from the CDE to feed in the dashboard ChroViewPlus in WP4. Finally, 

data results can be retrieved from there via API or .csv files.  

Regarding the batch process, the IES simulation engine will perform a parametric process 

which enables creation and batch run of a series of simulations. This mechanism allows us 

to make individual parameter changes prior to simulation and send outcomes to the 

Renovation Planner and the corresponding use cases.  

 

 

Figure 38. CHRONICLE's Physics-based DT Workflow 

  

 
4 https://www.iesve.com/products/iscan 

https://www.iesve.com/products/iscan
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3.4 Requirements and specifications 

The BIM industry lacks universal standards for thermal modelling, which creates a large 
number of difficulties for interoperability (Ouellette, 2022). Furthermore, different software 
vendors can implement BIM files in different ways which leads to inconsistencies in how 
thermal properties, building elements, and spaces are represented (IFC files can vary 
considerably in structure, complexity, and data representation). Therefore, we have created 
and regularly updated our guidelines below, which are provided to serve as a general 
orientation and are subject to further assessment and refinement as needed: 

¶ The MTE IFC support schema. This is the Integration of Standardized Data 
Formats, which primarily focuses on geometry to ensure compatibility and accurate 
representation of building elements. 

¶ The IFC Mapping. These guidelines refer to Translating Building Data for Analysis, 
where IES attributes have been systematically mapped against IFC, ensuring that the 
necessary thermal and energy-related properties are correctly interpreted and 
transferred between systems.  

3.4.1 Integration of Standardized Data Formats 

The MTE (Model Translation Engine) tool has developed a guide to add support for importing 

models using the IFC file format. This section covers the minimum required and optional IFC 

elements that are supported along with key attributes and some implementation notes. 

¶ IfcSite 

The IfcSite element is required. It is strongly recommended to set the model location through 

the RefLatitude (-90 to +90) and RefLongitude (-180 to +180) attributes. Without a position 

for the site, the solar model for the simulated model will be incorrect. 

¶ IfcBuilding 

An IfcBuilding, contained within an IfcSite, defines a grouping of spaces that share one or 

more heating & cooling systems. A building outer fa­ade consists of either external surfaces 

(boundary to air) or party wall (boundary to another building). 

The IfcBuilding element is required. There are currently no attributes processed for a 

building. We could consider supporting Pset_BuildingUse:MarketSubCategory (mapped to 

gbXML's buildingTypeEnum, for example). 

¶ IfcBuildingStorey 

The IfcBuildingStorey element is required, we are currently only processing spaces that 

reside within an IfcBuildingStorey. There are no attributes processed for an 

IfcBuildingStorey. 

¶ IfcSpace 

The IfcSpace element is required. Complex or Partial space elements are not supported. A 

space forms the key element of energy simulation and represents a bounded volume in a 

building. 



64 
 

 

For MTE, it is mandatory that the Space be fully enclosed by bounding surfaces, either 

through RelSpaceBoundary representation or through IfcProductDefinitionShape geometry. 

A space without geometric boundaries is not a valid space definition. When a space is 

defined through IfcRelSpaceBoundary geometry, MTE will assess whether it is correctly 

bounded. If this geometry test fails, the space is not considered valid. Notes on model 

geometry requirements for MTE: 

o All surfaces must be planar to a tolerance of 1 mm 

o All space boundaries must form a closed volume to an accuracy of 1 mm 

o The MTE supports either centre-line or inner surface bounding geometry 

o The MTE can handle either 1st level or 2nd level space boundaries 

o The categorisation of a surface (wall, floor, ceiling) is determined by its slope 
and a global transition angle (defaulted to 70.0 degrees) 

 

¶ IfcRelSpaceBoundary 

Geometry definition through an IfcRelSpaceBoundary will attempt to add the 

IfcOpeningElement for any corresponding physical IfcWall/IfcWallStandardCase element 

instances that belong to that surface. 

MTE does not currently apply any thermal definition from IfcWall/IfcWallStandardCase 

elements to IfcRelSpaceBoundary surfaces (such as 

Pset_WallCommon:ThermalTransmittance, or IfcWall's IfcMaterialLayerSet). This may be 

reviewed in a future iteration. 

¶ IfcProductDefinitionShape/IfcRepresentationShapeItem 

If a Space is defined through 3D IfcProductDefinitionShape geometry (3D 'Body' 

representation), no relationship exists to IfcWall instances and no openings are currently 

mapped to the space representation geometry. Therefore we recommend the use of 

IfcRelSpaceBoundary geometry for thermal analysis scenarios. 

¶ IfcShadingDevice 

MTE does not currently support the IFCv4 IfcShadingDevice element. This may be reviewed 

in a future iteration. 

3.4.2 Translating Building Data for Analysis 

Mapping IFC properties into the IES engine was a complex process developed to ensure 

that the buildingôs data (such as materials, dimensions, thermal properties) are correctly 

understood and used for analysis. The goal of the final engine is to be able to retrieve a 

correct data model from the CDE to the physics-based models.  

The main goal of the IFC mapping was developed to cover the minimum requirements 

necessary for IES thermal model, which contains thousands of attributes. Given that BIM 

files were not yet available for all project pilots during the Physics based development 

activities, and the specific scenarios to be run were undefined at that stage, this process 

was essential to pave the way for obtaining the minimum required data model.  
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Figure 39. IFC Mapping sample 
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3.5 Preliminary tests and results  

The investigation on Task 3.2 has helped us to enhance and streamline the process behind 

turning IFC files into Building Energy Models (BEM) with the following steps: 

¶ Import Geometry for Spaces: This step refers to the extraction of geometric data 
from an IFC file to define the specific spaces within a building or an apartment. The 
spaces need to be entirely defined by shape, area, volume and the boundary 
conditions 

o Ideal Method: Using IfcRelSpaceBoundary This route allows having a clear 
relationship between spaces and the surrounding elements (like walls, floors, 
and ceilings). It represents how spaces interact with surrounding elements. 

o Fallback Method: Using IfcSpace objects when IfcRelSpaceBoundary is 
unavailable. This method may lack boundary conditions  

¶ Generate Simulation Objects for Space Geometry: convert extracted IFC spatial 
data into BEM-compatible objects. Identifying shared surfaces and adjacency 
relationships. 

¶ Determine Building Location (Latitude / Longitude) so that we are capable to 
extract geolocation data and therefore use accurate weather conditions 

¶ Apply Energy Attributes from IFC by extracting relevant energy-related parameters 
from IFC properties. 

The following sections below show the results of the workflow completed for the BIM-based 

Digital Twin following the hybrid approach explained above. The ifc files were refined in order 

to align with IESô Physics-based DT simulation mechanism through multiple iterations. The 

testbed in Greece and the Spanish Pilot have been directly imported into our software library 

of the MTE using the BIM data model in IFC format. Meanwhile, the Danish and Swiss Pilots 

have been modeled with the IES VE, utilizing the IFC file as a source of information.  

Table 7: Physics-based Digital Twin models 

   Pilot Site  Typology Lead Case Studies Results 

A 
Testbed, 
Greece 

Lab Facilities HYP  Successfully developed  

B  
Testbed, 
Lithuania 

University Campus KTU Geometry failed 

1 
Balsa del 
Ebro, Spain 

Social Housing 
Zaragoza 
Vivienda 

Successfully developed 

2 
Herning 
Denmark 

Social Housing FB Successfully developed 

3  
La Sosta 
Switzerland 

Retirement Homes AEM Successfully developed 

4 
Dun Emer, 
Ireland  

Social Housing OCualann  To be developed in demo phase, WP5 

5 
Aspra Spitia 
Greece  

Residential District Mytilenos To be developed in demo phase, WP5 
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3.5.1 Testbeds 

Hypertech testbed 

Figure 40 depicts a detailed representation of the Hypertech Lab facilities. After several 

iterations, the IFC file has been successfully imported into our engine library. 

 
 

Figure 40. BIM-based DT of HYPERTECH Testbed 

The following results were simulated after importing the model, focusing on both the builidng 

level energy loads and the environmental conditions within individual rooms. These outputs 

provide valuable insights into the baseline energy building's performance.  

In particular, the results extracted include: energy demands of key systems, such as heating, 

cooling, and ventilation; as well as environmental factors like temperature, humidity, and 

CO2 concentration at room level. The detailed outputs parameters are listed below together 

with the timeseries display. As explained in the methodology section, the simulation is 

executed on the Cloud and the generated results are uploaded into iSCAN. 

¶ Energy / building level 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ%ÎÅÒÇÙʏƗ ʏÔÏÔÁÌ%ÎÅÒÇÙʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ%ÎÅÒÇÙʏƗ ʏÔÏÔÁÌ%ÌÅÃÔÒÉÃÉÔÙʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ%ÎÅÒÇÙʏƗ ʏÔÏÔÁÌ3ÙÓÔÅÍʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ%ÎÅÒÇÙʏƗ ʏÔÏÔÁÌ,ÉÇÈÔÓʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ%ÎÅÒÇÙʏƗ ʏÔÏÔÁÌ'ÁÓʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ%ÎÅÒÇÙʏƗ ʏÂÏÉÌÅÒÓ%ÎÅÒÇÙʏƾ 
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Figure 41 Energy Building Level Results for Hypertech Testbed 

 

¶ Room level 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÁÉÒ4ÅÍÐÅÒÁÔÕÒÅʏƗ ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÒÏÏÍ#/ʧ#ÏÎÃÅÎÔÒÁÔÉÏÎʏƗ 

ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÍÅÁÎ2ÁÄÉÁÎÔ4ÅÍÐÅÒÁÔÕÒÅʏƗ 

ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÒÅÌÁÔÉÖÅ(ÕÍÉÄÉÔÙʏƗ ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÈÅÁÔÉÎÇ0ÌÁÎÔ3ÅÎÓÉÂÌÅ,ÏÁÄʏƗ 

ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÃÏÏÌÉÎÇ0ÌÁÎÔ3ÅÎÓÉÂÌÅ,ÏÁÄʏƗ 

ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÐÅÏÐÌÅ'ÁÉÎʏƗ ʏʣʣʣʣʣʣʣʩʏƾ 

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÎÕÍÂÅÒ/Æ0ÅÏÐÌÅʏƗ ʏʣʣʣʣʣʣʣʩʏƾ  

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÃÏÏÌÉÎÇ3ÅÔÐÏÉÎÔʏƗ ʏʣʣʣʣʣʣʣʩʏƾ  

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÈÅÁÔÉÎÇ3ÅÔÐÏÉÎÔʏƗ ʏʣʣʣʣʣʣʣʩʏƾ  

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÈÖÁÃ:ÏÎÅ#ÏÏÌÉÎÇ3ÅÔÐÏÉÎÔʏƗ 

ʏʣʣʣʣʣʣʣʩʏƾ  

ÄÁÔÁʍÈÅÌÐÅÒÓƚÁÄÄʍÏÕÔÐÕÔʍÖÁÒÉÁÂÌÅƽÏÕÔÐÕÔÓƗ ʏ2ÏÏÍʏƗ ʏÈÖÁÃ:ÏÎÅ(ÅÁÔÉÎÇ3ÅÔÐÏÉÎÔʏƗ 

ʏʣʣʣʣʣʣʣʩʏƾ  
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Figure 42 Load and room level Results for Hypertech Testbed 

 

Additionally, we have implemented the weather service from iSCAN. This is a 

comprehensive weather monitoring system that delivers weather updates 

 

 

 

Figure 43 Weather data is from iSCAN service 
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KTU Testbed 

This testbed, due to its high complexity and multiple spaces, required significant finetuning 

and more iterations to fit the Physics-based Digital twin requirements which provided an 

opportunity to test the CHRONICLE system on more detailed and complex geometries as 

well.  

However, three IFC files were tested for import, and all of them failed due to issues related 

to space boundaries and geometry processing: 

¶ BIMLT-BK-AA-STUDENTU63A_KAUNAS-ARCHITECTURE-V2-101023-IFC4.ifc 

Failed due to issues with relspaceboundaries and spaces. 

- Specific error: Failed to make Space 33 (IfcSpace-2vw34bK69C8QAgQL7vpd6R). 

- Cause: Cutting line issue. 

 

Figure 44 KTU test bed geomtry failure 

¶ KTU_BIMLT-BK-AA-STUDENTU63A_KAUNAS-ARCHITECTURE-V2-091023.ifc 

Similar failure with relspaceboundaries and spaces. 

- Specific error: Failed to make Space 33 (IfcSpace-2J_pe2si_mB4QmrXEwTu_y). 

- Cause: Cutting line issue (same as above) 

 

¶ MLAB-ARCH-IFC4_RSB.ifc 

Exception occurred in relspaceboundaries. Errors in geometric conversion, specifically in 

TopoDS::Face and IfcCurveBoundedPlane. 

Additional issues: Boolean operation failure and Failed to make Space 33 (IfcSpace-

2vw34bK69C8QAgQL7vpd6R). Cause: Cutting line / atrium space issue. 

MLAB-ARCH-IFC4_RSB also had additional geometric processing failures (boolean 

operations, TopoDS::Face). 
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3.5.2 Balsa del Ebro, Spain 

Figure 45 depicts a detailed representation of the Spanish pilot in Zaragoza. After several 

iterations, the IFC file has been successfully imported into our engine library. 

 

  
Figure 45. BIM-based Digital Twin of Zaragoza Vivienda  

¶ Building level 

The next results were simulated after importing the IFC model, focusing on the builidng 

level energy loads rooms. These outputs provide valuable insights into the baseline 

whole energy building's performance.  

Particularly  as an example, the results below include the heating boilers load as well as 

the total energy. The detailed outputs parameters per dwelling will be evalutaed during 

the demo phase in WP5. As explained in the test bed section, the simulation is executed 

on the Cloud and the generated results are uploaded into iSCAN. 

 

 

Figure 46. Energy Building Level Results for Balsa del Ebro 
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3.5.3  Herning Social Housing Denmark 

The IFC provided for this pilot at this stage of the project was not suitable for the thermal 

and energy modeling required. Specifically, the geometry was modelled as a single building 

(though being multiple) and lacked defined boundaries. As a result, the model was built from 

scratch in IES software to meet the necessary specifications for thermal and energy 

analysis. 

¶ Model Creation  

The apartment buildings are located at Valdemarsvej 1, 7400 Herning, Denmark. 

Comprehensive architectural drawings were also provided, featuring side views, plan views, 

and elevation views, as illustrated in the figure. 
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Figure 47. Floor Plans 

 

Figure 48. Fa­ade of a building 

We utilized all available data provided for the pilot. This included its HVAC systems, and the 

age of the structure, as well as other relevant information like monthly energy bills, 

architectural drawings, construction drawings, lighting systems, etc. The model will need to 

be further updated during the demo phase using the renovated data 

The building commenced construction in 1960-1969 but has gone through recent 

renovation. This timeframe accounts for its notably well-maintained condition, featuring 

excellently insulated spaces, modern HVAC systems, LED lighting and mechanical 

ventilation.  

iCD 3D model construction was completed to replicate the unrenovated buildings design 

which is required for project purposes. Figure below shows the Apartment building as an 

energy model. 

 

 

Figure 49. 3D View of Danish Apartment Building Energy Model 

  

¶ Internal Gains, Process Energy and Occupancy 
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Regarding internal gains, in the absence of specific information on equipment loads, we 

relied on ASHRAE templates, which we believe accurately represent the current equipment 

loads. Additionally, for auxiliary energy, we calculated the required energy based on the 

provided information. In order for the baseline model to reach the actual consumption, 

equipment and auxiliary loads had to be adjusted slightly to find the optimum values. Lighting 

energy was calculated based on the information received for LED lights installed across all 

areas of the building. 

 

Table 8: Herning Social Housing Lighting power 

Space type Type Power density / Total power 

Apartment LED 1.87 W/mĮ 

 

Table 9: Herning Social Housing Other Power 

Space type Type Power density / Total power 

Apartment Auxiliary 1.0 W/mĮ 

 

¶ Building Envelope 

 

Table 10: Herning Social Housing Building Envelope U-values 

Surface Description U-Value  

External wall 1.6 

Ground floor  0.45 

Roof  2.3 

External window  1.64 

 

¶ System Set-points 

The HVAC systems were assumed to be operational from 05:00 to 07:00 and 17:00 to 06:00 

for the Apartment. Thermostats set-points have been modelled as shown in Table. 

 

Table 11: Herning Social Housing Baseline Building System set-points. 

Space Heating setpoint (ÁC) 

Apartment 19 

 

¶ HVAC Systems Summary  
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Table 12: Herning Social Housing HVAC Systems Summary 

System Information 
Condition Regarding Energy 

Performance 

Heating 
Generation 

Gas Boilers Excellent 

DHW Generation Gas Boiler Excellent 

Ventilation Mechanical Good 

Lighting LED Excellent 

 

¶ Simulation Results 

 

Table 13: Herning Social HouseSimulation results 

{ƛƳǳƭŀǘŜŘ tŀǊŀƳŜǘŜǊ ±ŀƭǳŜ  

Metered Electricity Consumption (kWh) 485692.6 

Simulated Electricity Consumption (kWh) 489818.0 

Percentage Difference (%) 0.8 

COϜ Emission (kgCOϜ/year) 71023.6 

 

 

 

Figure 50. Annual Metered Electricity vs Simulated 
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3.5.4 La Sosta Switzerland 

As there was no IFC file available for this pilot at this stage of the project, the model was 

built from the initial stage in IES software to meet the necessary specifications for thermal 

and energy analysis. 

¶ Model Creation  

The apartment building is located at Lugano, Switzerland. Comprehensive architectural 

drawings were provided as illustrated in Figure 51 and Figure 52. 

 
















