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Abstract

This study presents a hybrid digital twin system designed for real-time indoor air quality
(IAQ) monitoring and filtration optimization within a residential environment. Using a
network of low-cost sensors, physics-based simulations, and machine learning models, the
system dynamically replicates the indoor environment to enable continuous assessment
and optimization of key pollutants, including particulate matter, volatile organic com-
pounds, and carbon dioxide. The system architecture integrates mass balance and decay
models, computational fluid dynamics simulations, regression models, and neural network
algorithms, all evaluated under both filtering and non-filtering conditions. A graphical
user interface allows users to interact with the system, test air purifier placements, and
visualize air quality dynamics in real time. The results demonstrate that, within this system,
simpler models, such as linear regression, outperform more complex architectures under
data-limited conditions, achieving test-set coefficients of determination ranging from 0.97
to 0.99 across multiple IAQ parameters. At the same time, the hybrid modelling approach
enhances interpretability and robustness. Overall, this digital twin system contributes to
smart building management by offering a scalable, interpretable, and cost-effective solution
for proactive IAQ control and personalized decision-making.

Keywords: computational fluid dynamics; digital twin; hybrid modelling; low-cost sensors;
machine learning; smart buildings; indoor air quality

1. Introduction
Indoor air quality (IAQ) is increasingly recognized as a key driver of personal exposure

and health risk, as people spend considerable time indoors [1]. A wide range of indoor
air pollutants, particularly particulate matter (PM) and gaseous compounds, originate
from activities such as cooking, heating, cleaning, and human occupancy, while outdoor
pollution may also infiltrate indoor environments [2–4]. Indoor microenvironments exhibit
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firm spatial and temporal heterogeneity: emissions are episodic, ventilation rates fluctuate
with behavior and weather, and geometry and furnishings shape airflow and deposition [5].
As a result, concentrations of PM, volatile organic compounds (VOCs), and carbon dioxide
(CO2) can change rapidly within and between rooms, complicating the monitoring and
understanding of pollutant dispersion [4,6]. High indoor (and outdoor) concentrations of
these pollutants are associated with various health effects. Elevated levels of CO2 have
been linked to impaired cognitive function, increased risk of headaches, fatigue, and long-
term health deterioration [7]. Similarly, exposure to PM, particularly PM2.5 (aerodynamic
particle diameter less than 2.5 µm) and ultrafine fractions (diameter < 100 nm), is connected
to respiratory and cardiovascular morbidity and mortality: short-term peaks exacerbate
asthma and chronic obstructive pulmonary disease and can trigger arrhythmias and is-
chemic events, while long-term exposure increases risks of chronic bronchitis, reduced lung
function, stroke, and lung cancer via pathways involving oxidative stress and systemic
inflammation [8–11]. Traditional IAQ monitoring with reference-grade instruments is
accurate but expensive and geographically sparse, limiting continuous, room-level cov-
erage [12]. Low-cost sensors (LCS) enable dense, distributed networks. Yet, performance
is often constrained by measurement noise, cross-sensitivities to temperature/humidity,
aging-related drift, and inter-unit variability, making results highly context and calibration-
dependent [13–16]. As a result, deployments face a trade-off between accuracy and scale;
achieving both demands sensor fusion, online calibration/drift correction, and physics-
guided quality control. This gap motivates a hybrid digital twin that combines dense LCS
data with mechanistic models and machine learning (ML) to deliver robust, scalable IAQ
monitoring and control.

Digital twins (DTs) create dynamic virtual replicas of physical systems that are con-
tinuously updated with real-time sensor data, enabling predictive modeling, resource
optimization, and enhanced decision-making [17,18]. In contrast to traditional static simu-
lations, DTs support bidirectional data exchange, enabling not only monitoring but also
informed adjustments to the physical system [19]. This capability is particularly relevant
in the built environment, where DTs are used for applications ranging from occupancy
detection and Heating, Ventilation, and Air Conditioning (HVAC) optimization to building
energy management and IAQ control [20]. Studies indicate that applying DT technologies
in buildings can lead to energy savings typically reported in the range of 20–30%, while
also reducing operational costs and improving indoor environmental quality [20–23].

Relevant is the emergence of hybrid DTs that integrate physics-based models with
data-driven ML and deep learning (DL) algorithms. This hybridization enables accurate,
real-time predictions while preserving the interpretability and domain knowledge embed-
ded in physical laws [24–26]. Physics-informed ML models, such as those using state-space
methods and Gated Recurrent Units, can capture nonlinear, temporally dependent behavior
in sensor data with improved accuracy and generalizability compared to purely ML-based
approaches [27,28]. Notably, recent studies have demonstrated that CO2-based occupancy
detection models grounded in physical principles outperform conventional ML models
by eliminating the need for room-specific customization, thereby enhancing scalability
across diverse environments [29]. In addition to occupancy modeling, Computational
Fluid Dynamics (CFD) plays a foundational role in IAQ assessment, providing a better
understanding of airflow and pollutant dispersion in 2D and 3D spaces [30]. On the one
hand, standalone CFD models are computationally intensive, limiting their real-time use;
however, they can still serve as valuable tools for describing airflow patterns to stakehold-
ers and for validating simplified physics-based models. In this context, physics-informed
approaches bridge the gap between purely data-driven models and detailed numerical
simulations, preserving scalability and interpretability. To address these challenges, this
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study integrates low-cost sensing technologies with physical and data-driven modeling.
Emphasis is placed on sensor selection, calibration, and performance evaluation, including
accuracy, reliability, and drift mitigation through manufacturer calibration and data-driven
validation. The framework incorporates physical models, such as mass-balance formula-
tions for indoor pollutant dynamics and CFD simulations, to examine airflow and particle
transport. These models are coupled with ML to improve the interpretability and robust-
ness of IAQ predictions. Within this framework, CFD is used to visualize airflow and
pollutant dispersion and to support ventilation optimization by identifying stagnation
zones, assessing ventilation effectiveness, and evaluating alternative ventilation and air
purification strategies. This enables informed optimization of window ventilation and air
filter placement, particularly in naturally ventilated environments. To ensure robust and
generalizable predictions, multiple ML approaches are evaluated. Linear regression (LR)
provides a transparent and reliable baseline under limited data; tree-based ensembles, such
as Random Forests (RF), capture nonlinear relationships with high stability; and neural
networks, including LSTM models, model temporal dependencies in IAQ data. Comparing
these methods within a unified framework enables a systematic assessment of robustness,
interpretability, and predictive performance under realistic sensing constraints.

This study aims to develop and evaluate a DT framework for investigating IAQ in
residential environments. The proposed hybrid DT integrates four complementary compo-
nents: LCS networks, CFD simulations, physical models, and ML techniques. This work
focuses on a residential indoor environment under natural ventilation, aiming to capture
temporal and spatial variability in key IAQ parameters and to evaluate the impact of air pu-
rification strategies. By employing robust, scalable, and interpretable modeling approaches,
the proposed system overcomes key limitations of prior studies, including low spatial
resolution, high calibration demands, and limited real-time applicability. Through bidi-
rectional interaction between physical data and models, the DT provides a foundation for
future autonomous and adaptive IAQ management, supporting sustainable and intelligent
building operation while contributing to environmental and public health objectives.

2. Materials and Methods
All experimental, modeling, and data-analysis methods employed in this study follow

established practices reported in the scientific literature. The overall methodology and
the specific phases of the study, ranging from experimental setup to DT deployment, are
summarized in the flowchart provided in Figure S1 of the Supplementary Information
(SI). No formal ISO or EN measurement standards were explicitly applied during the
experimental campaign.

2.1. Experimental Setup and Data Collection

The study was conducted in a bedroom located on the first floor of an occupied
family home (Figure 1), situated in a suburban neighborhood approximately 20 km from
Zagreb, Croatia. Detailed photographs of the study site and a geographical overview of
the location are provided in Figure S2 of the SI. The floor plan shown in Figure 1 is a
schematic that illustrates the relative position of the test room within the house. Ventilation
was characterized using measured window-opening events and experimentally derived
air-exchange rates rather than geometry-based airflow modeling. Furthermore, the north–
south orientation of the house was not considered a controlling variable in this study, since
outdoor air quality was directly monitored using an outdoor sensor representative of the air
entering the room, independent of wind direction or solar exposure. The house is situated
at the crossroads of a main road and a dead-end street. Nearby, there are two factories: one
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producing pharmaceuticals and the other laser-cutting metal sheets. Traffic in the area is
significantly lighter compared to busy city center streets.

 

Figure 1. Study site: 2D plan of the house showing the ground floor layout and the location of the
test room, which is situated on the first floor.

For IAQ data collection, six LCS were used: four from Wings ICT (Wings ICT Solutions,
Athens, Greece) and two from LabService Analytica (LabService Analytica srl, Anzola
Emilia (BO), Italy). The accuracy, calibration procedures, and measurement uncertainty of
these sensors have been documented in previous studies [31]. Briefly, the Wings devices
exhibit typical accuracies of ±10–15% for PM (PM2.5 and PM10), ±50 ppm for CO2, ±0.5 ◦C
for temperature, and ±3% for relative humidity, while the LabService Analytica sensors
show comparable or slightly improved performance, with PM uncertainties below ±10%
and CO2 accuracy within ±30–50 ppm. In addition to these LCS, Xiaomi door and window
sensors (Xiaomi Inc., Beijing, China) were used to detect window openings and closings. A
Basler (Basler AG, Ahrensburg, Germany) camera was employed to monitor street traffic
outside. All data from the sensors and the camera were captured using a Raspberry Pi
(Raspberry Pi Ltd., Cambridge, UK), a small single-board computer designed for embedded
applications. Using Bluetooth and custom software developed in Python 3.10 (Python
Software Foundation, Wilmington, DE, USA), the Raspberry Pi collected and processed
data, enabling integration with sensor and video inputs.

Outdoor environmental conditions were monitored using a Wings outdoor device
(Wings ICT Solutions, Athens, Greece), which measures gaseous pollutants (NO2, O3,
SO2, CO, NO, and CO2), PM (PM1, PM2.5, PM10), meteorological variables (temperature,
relative humidity, and atmospheric pressure), and noise levels; a complete list of measured
parameters is provided in Table S4.

The indoor sensors were positioned using a Cartesian room-based coordinate system
(X, Y, Z), with the origin at the lower corner of the room at floor level. Six sensors were
installed at two horizontal locations in the room: near the window (X = 115 cm, Y = 137 cm)
and near the center (X = 310 cm, Y = 225 cm). At each horizontal location, sensors were
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deployed at three heights to capture vertical gradients: 13 cm, 100 cm, and 145 cm above the
floor. The complete set of sensor coordinates was therefore given in Table S1. The test room
was unfurnished and remained unoccupied throughout the measurement campaign to
minimize uncontrolled indoor emission sources. The room was equipped with a split central
heating system; however, the heating was not operated during the study period to avoid
introducing additional thermal or airflow disturbances unrelated to window ventilation
or air purification. Indoor temperature and relative humidity were therefore not actively
controlled and were governed by passive factors, including solar gains, heat exchange
with the building envelope, outdoor temperature variations, and air exchange through
window opening and natural infiltration. During periods when the room was closed,
indoor PM concentrations primarily reflected residual particles from prior ventilation
events, background infiltration through the building envelope, and minor resuspension
from interior surfaces rather than ongoing indoor activities. No intentional indoor pollutant-
generating activities were conducted during the study.

Sensors from both providers recorded measurements every minute from 23 November
2024 to 19 December 2024. The exact sensor placements are detailed in Table S1 of the SI.
All indoor and outdoor sensors used in this study were factory-calibrated by the respective
manufacturers prior to shipment. Calibration was performed using the manufacturer’s
standard procedures and reference instrumentation under controlled laboratory conditions.
No additional on-site calibration was conducted before deployment. The expected accuracy
ranges and measurement uncertainties of the sensors have been previously validated and
are summarized in the SI (Tables S2 and S3). Only one window was used during the
study. The second window was used for traffic observation, with a camera mounted on
it aimed at the street to monitor traffic conditions. An outdoor Wings sensor was placed
on the balcony above the window to monitor outdoor air quality representative of the
air entering the room. This location was selected due to architectural constraints and the
absence of suitable power outlets or secure mounting options at window height. The
balcony position provided stable installation conditions and unobstructed airflow, and
the small vertical offset was not expected to affect the representativeness of the measured
outdoor concentrations significantly.

All the data collected in this study are presented in Table S4 in the SI, along with the
exact measurement units and parameters. Once measurements began, only a few activities
were conducted in the room due to space limitations. These included opening the window,
conducting experiments related to the mass balance model (explained in Section 2.3, and
repositioning the air-filtering unit. One objective of the DT was to evaluate how the filtering
unit’s position affects IAQ. To purify the room air, we used the iTherapy air purifier (Kristalna
ideja, Model 100, Split, Croatia), which has an intake velocity of 2.8 m/s, an outflow velocity
of 1.5 m/s, an outflow area of 62.1 cm2, and an airflow rate of 33.53 m3/h. The air purifier
features, as per the producer’s description, a five-layer filtration system: a pre-filter to remove
PM2.5, dust, and fibers; an antibacterial layer targeting allergens and viruses; nano silver
membranes for capturing 0.3-micron particles; a cold catalytic layer for decomposing harmful
chemicals; and a vitamin C composite layer to neutralize odors. The filtering unit was placed
inside the room and turned on after the first week of measurements, allowing baseline air
quality to be captured without its influence. This approach ensured that any changes observed
after activation could be attributed to the filter’s impact. The air-filtering unit was repositioned
daily and tested at 14 predefined locations in the room at two installation heights (50 cm
and 150 cm above the floor). All filter placements were defined using the same room-based
Cartesian coordinate system (X, Y, Z) as for sensor deployment, and the full list of coordinates
is provided in Table S5 of the SI. The filter material was replaced twice during the measurement
cycle as part of a separate analysis for future tasks.

https://doi.org/10.3390/atmos17020184

https://doi.org/10.3390/atmos17020184


Atmosphere 2026, 17, 184 6 of 22

2.2. CFD Simulations in Indoor Spaces

The CFD methodology adopted in this study follows established best practices for in-
door airflow and pollutant dispersion modeling, as documented in the IAQ literature. The
airflow and particle transport within the experimental room were simulated using SimScale
(version 2.0 SimScale GmbH, Munich, Germany), a cloud-based CFD platform. SimScale
utilizes an OpenFOAM backend for its numerical solvers. In this study, the “simscaleBuoy-
antBoussinesqSimpleFoam” solver was employed, which applies the Boussinesq approxi-
mation to account for buoyancy-driven air motion due to temperature gradients. The simu-
lation time was set to 5000 s, with a time step (deltaT) of 5 s, and results were written every
100-time steps. This temporal configuration allowed the observation of transient airflow de-
velopment and steady-state behavior. The airflow was modeled as a Newtonian fluid with
constant physical properties defined as follows: dynamic viscosity (ν): 1.5295 × 10−5 m2/s,
reference density: 1.1965 kg/m3, thermal expansion coefficient (β): 0.00343 K−1, reference
temperature: 293.15 K (20 ◦C), laminar Prandtl number (Pr): 0.713, turbulent Prandtl
number (Prt): 0.85, and specific heat capacity (Cp0): 1201.29 J/kg·K. These parameters cor-
respond to typical indoor air conditions and were used to accurately model convective heat
transfer and buoyancy effects. The turbulence was modeled using the Reynolds-Averaged
Navier–Stokes (RANS) approach.

The k–ω SST (Shear Stress Transport) model was selected for its robustness in resolving
both near-wall and free-shear-layer turbulence. The computational domain was discretized
using a three-dimensional unstructured finite-volume mesh generated in SimScale. The
final grid consisted of approximately 13.25 million control volumes. The mesh was created
using the Standard meshing algorithm with automatic sizing, curvature-based refinement,
physics-based meshing, and automatic boundary layers, employing a hex-dominant core.
Mesh quality metrics were within acceptable ranges, with a maximum non-orthogonality
of 84.6 (average 7.8) and a maximum skewness of 2.5 (average 0.1). This grid resolution was
selected to capture key indoor airflow structures relevant for the qualitative visualization
of airflow and particle transport. While the k–ω SST turbulence model was employed
and near-wall resolution followed recommended best practices, the y+ parameter was not
explicitly evaluated and is therefore not reported. A formal grid-independence study was
not performed in this work. The CFD simulations were used primarily for qualitative
visualization and comparative assessment of airflow and particle transport patterns rather
than for fully grid-converged quantitative prediction. Confidence in the numerical grid was
based on high mesh resolution, acceptable mesh quality metrics, physics-based meshing
with automatic boundary layers, and the use of the k–ω SST turbulence model, follow-
ing established best-practice guidelines for indoor airflow simulations. The CFD model
represents a naturally ventilated indoor environment without a mechanically forced air
supply or exhaust. No explicit inlet or outlet velocity boundary conditions were prescribed.
Airflow within the room was driven by buoyancy forces from temperature gradients and
by localized momentum sources from the air-filtering unit. All solid surfaces, including the
walls, floor, and ceiling, were modeled as no-slip boundaries. The window opening was
treated as an opening-type boundary condition, allowing bidirectional flow in response to
the local pressure field, thereby enabling natural air exchange with the outdoor environ-
ment without imposing fixed inflow or outflow rates. The resulting flow fields were also
consistent with experimentally observed ventilation behavior, supporting the suitability of
the selected grid for the intended purpose. Following the airflow simulations, a Lagrangian
particle tracking phase was conducted to further analyze the influence of the simulated
flow field on particle dispersion and deposition. In this stage, particle traces were generated
during post-processing using SimScale’s Particle Trace filter to visualize airflow pathways
and transport patterns within the room. The traces represent massless tracer points that
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follow the computed velocity field and were seeded at user-defined locations within the
fluid domain. These particle traces were used solely for qualitative visualization and do not
represent physically injected particles with prescribed mass, number, or size distribution.
The motion of each particle was governed by aerodynamic drag and buoyancy forces,
with one-way coupling assumed, meaning the particles followed the flow field without
influencing it. Because the SimScale particle model does not account for particle-wall inter-
actions, such as adhesion or rebound, wall-friction effects were neglected. Consequently,
particle velocity magnitudes near solid surfaces may appear higher than expected because
frictional deceleration and deposition are not accounted for. Despite this limitation, the
simulation reliably describes bulk-flow particle interactions and enables identification of
regions characterized by strong recirculation, turbulence, and particle suspension, which
are essential for understanding pollutant behavior in indoor environments.

The CFD simulations were not used to compute a formal optimization metric; in-
stead, they served as a qualitative tool to assess ventilation effectiveness and spatial
optimization by comparing airflow structures and particle transport across different air
purifier placements.

2.3. Physical Models

In this study, we incorporated the indoor aerosol model (IAM) based on the mass-
balance equation. This was applied to indoor PM concentrations and to the decay of CO2

concentration [5]. The mathematical form of the IAM is defined in Equation (1) [32] where
the change rate of the indoor concentration I is governed by the outdoor concentration O,
the penetration factor P, and the ventilation rate λ. The model also accounts for particle
loss due to ventilation (i.e., λI) and deposition (i.e., λdI). Finally, S represents an effective
indoor source term that accounts for all indoor contributions not explicitly modeled by
ventilation and deposition processes, including human activity, resuspension, or other
unmodeled disturbances:

dI
dt

= PλO − λI − λd I + S. (1)

To determine the model parameters [33], two experiments were performed using
candles as sources of indoor pollution. In the first experiment, candles were burned for
two hours in a closed room. They were then extinguished, and the window was opened.
This setup allowed for the estimation of λ. In the second experiment, the same procedure
was followed, but the room remained closed for 24 h to determine λd. A visual explanation
of the method is provided in Figure S3. The candle experiments were conducted solely
for parameter calibration purposes. During the decay phases used to estimate λ and λd

the indoor source term was set to S = 0 after extinguishing the candles. These calibration
experiments were independent of the main measurement campaign.

Once the relevant time-series data were collected using LCS, LR was applied to esti-
mate the ventilation rate and the deposition rate λ and λd as described by [33]. Assuming
steady-state concentrations indoors and outdoors, the penetration factor P can be estimated
as shown in Equation (2):

P =
(λ + λd)I

λ × O
. (2)

These values were subsequently included as features in the training of ML models.
This analysis was conducted for both PM10 and PM2.5. Figure S4 presents the results
of the IAM simulations, showing temporal changes in air exchange and the impact of
indoor sources. Notably, large spikes in the indoor source term or significant changes
in dI/dt correspond to events such as candle burning, indicating PM10 production from
combustion [5].
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While the mass balance model is well suited for modeling aerosols, CO2 behavior
is better captured using a modified and simplified version for the IAM, as shown in
Equation (3) [34]:

Ct = Cext + (C0 − Cext)× e−nt (3)

Here, Ct is the CO2 concentration at time t, C0 is the initial concentration, Cext is the
outdoor (steady state) concentration and n is the CO2 decay constant that dictates the air
change rate (i.e., ventilation rate). To determine the value of n, an experiment like the
previous one was conducted. Candles were burned until extinguished, and the window
was then opened to allow ventilation. CO2 concentration decay was tracked, and the
constant n was calculated using Equation (3), with all other variables known. This decay
model is incorporated into the dataset used for training gas prediction models.

2.4. Hybrid Integration of Physical and Data-Driven Models

The proposed DT follows a hybrid modeling strategy in which physical and data-
driven components play complementary roles. Physical models are first used to describe
fundamental IAQ processes and to inform data interpretation. Mass-balance equations
are used to derive physically meaningful quantities, such as ventilation rates, deposition
rates, penetration factors, and effective indoor source terms, which are then incorporated
as engineered features in ML models. In parallel, CFD simulations are employed to resolve
airflow structures and particle transport patterns within the room. While CFD results are
not directly coupled to the ML models, they provide qualitative insight into ventilation ef-
fectiveness, spatial variability, and the influence of air purifier placement. This information
supports the interpretation of sensor data and helps contextualize model predictions. The
ML models are trained on measured sensor data augmented with features derived from the
physical models, allowing the hybrid framework to retain physical interpretability while
benefiting from the predictive capability of data-driven approaches. Embedding physically
meaningful constraints and features into the learning process enhances robustness by
reducing sensitivity to measurement noise, sensor bias, and limited data availability. Inter-
pretability is improved by linking model inputs and outputs to well-understood physical
processes governing ventilation, pollutant transport, and air purification. At the same time,
computational efficiency is maintained by combining lightweight physical models and
offline CFD analysis with relatively low-complexity ML models, enabling near–real-time
operation suitable for scalable DT applications.

2.5. Data Preparation

All data were consolidated into a single dataframe, which served as the basis for
subsequent preprocessing and analysis. We implemented physical models to construct a
hybrid modelling framework. The process began with applying the mass balance model
to PM10 and PM2.5. Using measured indoor and outdoor concentration time series and
previously estimated parameters (λ, λd and P), Equation (1) was rearranged to compute
the effective indoor source term S. Although the room was unoccupied and no intentional
indoor emission activities occurred during the study, S captures residual indoor contri-
butions from unmodeled effects, such as particle resuspension, airflow disturbances, or
the operation of the air-filtering unit. This calculation was performed exclusively during
periods when the window was open, to account for air exchange. When the window
was closed, the term representing outdoor air concentration was omitted, as small air
infiltration was assumed. The decay method model was applied, which is only relevant
under conditions of active air exchange between the indoor and outdoor environments.
Indoor pollutant concentrations were measured at three time points: 1, 5, and 10 min after
the window was opened. These intervals were selected because the indoor environment
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reached a steady state within 10 min, beyond which concentration changes were negligible.
This steady state represents environmental equilibrium, and the indoor concentration C
changes when the window is opened. The model was further refined by incorporating
the air-filtering unit’s operational status and spatial position. Euclidean distances were
computed between the filtering unit and each sensor based on their spatial coordinates.
A binary operational factor normalized these distances: 1 when the unit was active and 0
when inactive. When the unit was not operational, the distance term was omitted because
it did not affect sensor measurements.

In addition to feature engineering, data preprocessing included outlier removal using
a sliding 3-day window. Observations falling below the 1st percentile or above the 99th
percentile were discarded. Missing values were imputed using the IterativeImputer from
scikit-learn, which treats the imputation task as a sequence of regression problems, itera-
tively modeling each feature with missing values as a function of the others to improve
accuracy [35]. Furthermore, lag features were introduced for all measurements from both
indoor and outdoor LCS to capture the temporal dependence of current readings on previ-
ous values. To assess the influence of temporal patterns such as the day of the week and
hour of the day, two sinusoidal features were created: day_sin and hour_sin. These features
employed a cyclic representation of time, with hour_sin ranging from midday to midnight
and day_sin ranging from Monday to Sunday, capturing daily and weekly periodicity [36].
Finally, the dataset was divided into two subsets based on the operational status of the
air-purifying unit: one in which it was active and one in which it was not.

2.6. Model Training

In this study, 70 models were developed using Python 3.10 and its associated libraries,
primarily scikit-learn (version 1.6) [35] and PyTorch (version 2.1.2) [37]. For each of the
seven parameters monitored: PM10 (aerodynamic particle diameter less than 10 µm), PM2.5,
temperature, relative humidity (RH), pressure, total volatile organic compounds (TVOC),
and CO2, two distinct datasets were employed: one corresponding to scenarios with the
filtering unit operational and one without it. Five regression models were evaluated: Linear
Regression (LR), Random Forest Regression (RF), XGBoost, Multi-Layer Perceptron (MLP),
and Long Short-Term Memory (LSTM). The five regression models were selected to provide
a representative comparison across different modeling paradigms. Linear models were
included as interpretable baselines, while tree-based and ensemble models were selected
for their ability to capture nonlinearities and feature interactions common in IAQ data. This
combination allows evaluation of the trade-off between model simplicity, interpretability,
and predictive performance within the proposed hybrid modeling framework.

Data preprocessing included feature scaling for all models except RF and XGBoost,
which are not sensitive to feature scaling. Model hyperparameters were optimized via grid
search implemented with the scikit-learn library. Cross-validation was employed during
hyperparameter tuning to ensure robust model evaluation; therefore, a separate validation
set was not constructed. The datasets were split into training and test sets at 80/20, with
80% of the data allocated to training and 20% to testing.

For the dataset without the filtering unit, the training set comprised 24,733 data
points, and the test set 6184. In contrast, the dataset with the filtering unit contained fewer
observations: 5291 for training and 1323 for testing. The datasets differ because we recorded
the exact times when the filtering unit was on and off. The reduced volume of data in the
filtering scenario reflects periods when the unit was operating, while the rest of the time
it was off. Such disparities can significantly influence model performance, particularly
complex algorithms that require larger datasets for practical training. The final input to
each model included outdoor sensor measurements, all preprocessed features (e.g., lag
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variables and temporal features), and outputs from mass-balance models. The model’s
targets were indoor sensor readings, resulting in six distinct output variables.

2.7. Prophet Model Setup

To assess the feasibility of time-series forecasting using only sensor data, the Prophet
algorithm, developed by Facebook’s research team [38], was applied. Prophet decomposes
a time series into trend, seasonality, and holiday components, allowing flexible modeling
of periodic or event-driven variations. Its robustness to missing data and outliers makes
it suitable for sensor-based applications. A separate Prophet model was trained for each
indoor sensor using default settings, mirroring the setup of other ML models.

2.8. System Architecture and Deployment

The DT is implemented as a modular, scalable web-based application, deployed to a
Kubernetes cluster to ensure reliability, dynamic scalability, and maintainability. Its archi-
tecture is structured around two main components: the Backend Service and the Frontend
Service, which interact seamlessly to provide a responsive and robust user experience. The
backend service encapsulates DT’s core functionality. It is built on the FastAPI framework
and manages data processing pipelines, integrates with external systems, and orchestrates
computational logic. The backend is containerized and deployed as pods within the Kuber-
netes cluster, with horizontal pod autoscaling activated to dynamically allocate resources
based on CPU usage, memory consumption, and API request load. Services are exposed
through Kubernetes-native Service objects, enabling both intra-cluster communication and
secure external access [39]. The frontend service delivers the user interface and is responsible
for displaying model outputs and managing user interactions. Static files (HTML, CSS, JS)
are hosted via a reverse proxy, such as Nginx. This service is also containerized and runs in
its own pods, enabling isolated scaling and deployment. It communicates directly with the
backend via API endpoints, ensuring synchronized data flow between user inputs and model
predictions. The application relies on Kubernetes-native internal networking and service
discovery to ensure efficient communication between backend and frontend components.
External traffic is routed via an ingress controller, which distributes traffic based on defined
path or domain-based rules, supporting both performance optimization and secure access [40].
A Continuous Delivery (CD) pipeline automates the entire application lifecycle from building
and testing to deployment, ensuring consistent, rapid updates. Integration with version
control systems enables traceable and reproducible deployments, accelerating iteration cycles
while maintaining system stability. This architecture demonstrates the system’s readiness for
real-world deployment, not only as a research prototype but as a production-level solution
with robust DevOps integration and comprehensive performance observability.

2.9. Model Evaluation

The trained models were evaluated using three standard performance metrics: Co-
efficient of Determination (R2), Root Mean Squared Error (RMSE) and Mean Absolute
Error (MAE). R2, also known as the goodness of fit measure, quantifies the proportion of
variance in the dependent variable explained by the independent variables in the model. It
is computed as shown in Equation (4), where yi denotes the measured value, ŷi represents
the corresponding model prediction, yi is the mean of the measured values, and n is the
total number of samples. Higher R2 values indicate better predictive performance.

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (4)
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Since R2 alone may not fully capture model accuracy, RMSE and MAE were also
utilized, as defined in Equations (5) and (6), respectively. Both metrics are error-based and
should ideally be as low as possible. RMSE penalizes larger errors more heavily, making it
suitable when larger deviations are especially undesirable.

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (5)

MAE =
1
n

n

∑
i=1

|yi − ŷi | (6)

3. Results and Discussion
In this section, we present the created tool, use cases, and simulation results.

3.1. The Created Tool

The GUI provides an intuitive and interactive environment for configuring simulation
scenarios, visualizing results, and optimizing IAQ interventions. On the left side of the
screen, users can define environmental parameters such as:

• Indoor and outdoor air quality data;
• Nearby traffic conditions (categorized into cars, trucks, buses, and motorcycles);
• The operational status of the window, which represents the sole ventilation mechanism

in the simulation.

A central feature of the system is the ability to manually specify the air purification
unit’s position within the 3D-scanned model of the experimental room. Users can enter
coordinates (X, Y, Z) to place the air purification device, with the origin (0, 0, 0) at the
corner where the small window meets the door. This functionality enables flexible testing of
multiple spatial configurations to assess how placement affects predicted indoor pollutant
concentrations. Once the input parameters are configured, users can initiate the simulation
by clicking the “Run” button. The simulation output is displayed on the right side of
the interface, presenting two sets of predicted values: one for the “Filter” scenario (air
purification unit active) and one for the “No Filter” scenario (air purification inactive)
(Figures S6 and S7). This dual-output view facilitates direct comparison of the filtration
unit’s effectiveness under various spatial and environmental conditions.

To enhance user engagement and knowledge transfer, a chatbot is integrated above
the results section. The chatbot automatically receives simulation outputs and provides
personalized recommendations to improve IAQ based on the user’s configured scenario.
The GUI includes three main tabs that support different visualization modes:

• The first tab displays the 3D-scanned room model, allowing users to visualize the
layout and potential placements for air purification units.

• The second tab (Figure S5) shows the CFD simulation of air fluctuation patterns.
• The third tab (Figure S6) presents the CFD simulation of particle distribution dynamics.

These CFD visualizations complement the numerical outputs by providing an intuitive
understanding of airflow and pollutant dispersion in relation to filter placement.

Overall, this case demonstrates the practical utility of the air purification DT for
evidence-based IAQ management. By enabling users to configure multiple air purification
unit positions, run simulations, and directly observe the predicted impact on pollutant
concentrations, the platform serves as a valuable decision-support tool for researchers,
building managers, and environmental engineers.
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3.2. Comparison of Environmental Parameters Regarding Air Purification Using the Digital Twin

Figure 2 presents a statistical comparison of indoor environmental parameters across
the entire measurement campaign, separated into periods when the air-filtering unit was
inactive and when it was active. Each box plot represents the distribution of all recorded
values under the respective operating conditions. The median values shown in the figure
were calculated across all six sensors, ensuring that the results reflect the overall indoor
environment rather than a single device’s readings. To quantify the improvement achieved
by the air purifier, percentage reductions were calculated using the median values shown in
Figure 2, comparing periods when the purifier was inactive and active. The results clearly
indicate that the air purification system had a notable effect on particulate matter concen-
trations, as expected, since the primary goal of air purification is to remove particulate
pollutants. Other environmental variables exhibited more moderate or negligible changes.

Figure 2. Comparative Analysis of Indoor Environmental Parameters with and without Air Purifica-
tion (Median Across Six Sensors).
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Both PM2.5 and PM10 concentrations decreased significantly when the air purifier
was active. Median values decreased markedly, and the overall distributions were more
compact, suggesting effective removal of fine and ultrafine particles by the filtration unit.
The reduction in variability also indicates more stable IAQ conditions under filtration. For
CO2, the difference between the two conditions was less pronounced. Although median
concentrations were slightly lower with the filter operating, the distributions overlapped
considerably. This suggests that CO2 levels are primarily influenced by occupancy and
ventilation rather than filtration efficiency. A similar trend was observed for TVOCs, with
the air purifier use resulting in lower median concentrations and a narrower range. This
indicates partial removal or adsorption of VOCs by the purification device, likely due to
the presence of activated carbon or similar adsorptive media within the system. In contrast,
temperature, humidity, and pressure remained relatively stable across both conditions.
Minor differences observed are likely due to normal fluctuations in indoor climate control
rather than to the air purification process itself. The observed reduction in PM2.5 and
PM10 concentrations during air purifier operation is consistent with previous studies in
residential indoor environments, which report substantial PM removal when portable air
cleaners are used under natural or mixed-ventilation conditions. Similar reductions in
median PM concentrations have been reported, highlighting the effectiveness of portable
filtration devices in suppressing elevated indoor particle levels [41,42].

3.3. CFD Simulations

To investigate air flow dynamics and particle behavior within the experimental room,
CFD simulations were performed using SimScale. The simulations aimed to visualize
and quantify airflow patterns and their influence on particle transport under controlled
ventilation conditions. Figure 3 presents the velocity magnitude distributions within the
room across the X, Y, and Z planes. The top row corresponds to the flow field after 2500 s,
while the bottom row shows the evolution after 5000 s. The color contours illustrate spatial
variations in air velocity, highlighting regions of recirculation and stagnation. Over time,
the airflow distribution becomes more homogeneous, with turbulent mixing zones forming
near the inlets and outlets. These turbulent zones enhance air exchange and improve the
dispersion of airborne substances.

To further examine PM dynamics, 10 µm particles were introduced into the simulated
domain. Figure 4 shows the resulting particle trajectories after 5000 simulation seconds,
visualized in the X, Y, and Z planes. Each trajectory corresponds to the motion of an individ-
ual particle, colored by its instantaneous velocity magnitude. The results reveal complex,
swirling flow structures indicative of turbulence-driven particle motion. Turbulent regions
are associated with reduced deposition rates and increased particle resuspension, leading
to locally higher particle concentrations.

These findings suggest that ventilation effects, such as those induced by mechani-
cal air exchange systems or open windows, can increase suspended PM concentrations
while simultaneously reducing gaseous pollutant concentrations, such as CO2. However,
SimScale currently lacks wall–particle interaction modeling. Consequently, near-wall ve-
locity magnitudes are higher than expected because the software does not account for
frictional velocity reduction at solid boundaries. This limitation should be considered
when interpreting near-wall particle dynamics. The airflow structures and particle trans-
port patterns identified through CFD simulations are consistent with previous numerical
studies of naturally ventilated indoor spaces, which similarly emphasize the influence
of room geometry, ventilation openings, and purifier placement on airflow organization
and particle dispersion [43,44]. In this study, filtration optimization refers to a qualitative,
CFD-informed evaluation of air purifier placement and operation rather than a formal
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numerical optimization, with the aim of identifying configurations that promote effective
airflow interaction and pollutant removal.

 

Figure 3. CFD simulations of air velocity. The first row shows the state of the room after 2500 s, and
the second row after 5000 s, with the columns representing X, Y, and Z. Black rectangles indicate the
window opening representing the primary ventilation boundary condition. For easier orientation,
the red dot indicates the room’s door.

 

Figure 4. Particle movement during CFD simulations. For easier orientation, the red dot indicates the
door to the room.

3.4. Machine Learning Model Results

The performance of all models was evaluated under two conditions of the air purifying
unit: on and off. Tables 1 and 2 summarize the results of model predictions on the test
dataset for each measured parameter. Model performance was assessed using the R2,
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RMSE, and MAE. When the air purifying unit was off (Table 1), the LR and XGBoost models
consistently outperformed other approaches across most parameters. Both achieved high R2

values, typically above 0.9, and the lowest RMSE and MAE. Deep learning models such as
the LSTM and MLP exhibited higher errors and lower R2 values, particularly for humidity
and temperature, where the LSTM model produced large deviations (R2 < 0). The results
suggest that during periods of unfiltered air, the system dynamics were more complex, and
the simpler regression models better captured the dominant linear relationships.

Table 1. Results of model predictions on the test set when the air purifying unit was off.

Parameter Metric LSTM MLP LR RF XGBoost

CO2

R2 −0.28 −0.82 0.99 0.68 0.99
RMSE 88.26 105.22 0.01 44.35 5.53
MAE 68.23 77.19 0.02 28.37 3.04

R2 0.52 0.97 0.99 0.74 0.93
TVOC RMSE 60.57 16.05 0.10 44.73 23.14

MAE 34.16 10.37 0.05 22.75 9.56

R2 0.64 0.98 0.99 0.99 0.99
PM2.5 RMSE 6.18 1.56 0.03 0.45 0.66

MAE 3.91 1.12 0.01 0.16 0.16

R2 0.61 0.97 0.98 0.99 0.99
PM10 RMSE 6.57 1.7 0.56 0.31 0.85

MAE 3.65 1.19 0.45 0.13 0.27

R2 0.59 −3.47 0.99 0.97 0.99
Temperature RMSE 0.94 3.09 0.06 0.27 0.08

MAE 0.71 2.25 0.02 0.15 0.05

R2 0.33 −11.63 0.99 0.98 0.99
Humidity RMSE 1.41 6.14 0.03 0.27 0.05

MAE 1.15 4.38 0.08 0.19 0.03

R2 −62.16 −3.66 0.99 0.99 0.99
Atm Pressure RMSE 41.52 11.27 0.07 0.05 0.09

MAE 13.56 7.75 0.3 0.02 0.03

When the air purifying unit was on (Table 2), all models showed improved predictive
accuracy, with LR achieving the best overall performance across all measured parameters
(R2 ≈ 0.99 and RMSE < 0.1 for most cases). The activation of the filtering device led to more
stable environmental conditions, reflected in lower data variability and smaller prediction
errors. Although RF and XGBoost maintained competitive performance, their results were
slightly inferior to LR, indicating that simpler models can effectively generalize under
steady-state condition

Figure 5 shows a comparison of measured and predicted values on the test dataset
using the regression model that achieved the highest predictive performance across all
monitored parameters, as evaluated by R2, RMSE, and MAE. Mean hourly data are pre-
sented. The green-shaded regions represent periods when the air purifying unit was active,
while the red-shaded regions correspond to periods when it was off. The predicted values
for both conditions (filter on and filter off) closely follow the actual measurements, par-
ticularly during the filtering phases. The largest discrepancies were observed in CO2 and
TVOC concentrations during transient periods, likely caused by rapid changes in indoor
air exchange and occupant activity.
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Table 2. Results of model predictions on the test set when the air purifying unit was on.

Parameter Metric LSTM MLP LR RF XGBoost

CO2

R2 0.35 0.82 0.99 0.78 0.94
RMSE 65.12 28.41 0.01 9.23 4.81
MAE 47.83 15.64 0.02 5.33 3.02

R2 0.48 0.89 0.99 0.95 0.96
TVOC RMSE 44.1 10.72 0.05 7.85 8.14

MAE 24.52 6.14 0.03 4.25 5.08

R2 0.51 0.90 0.99 0.97 0.98
PM2.5 RMSE 4.32 1.02 0.02 0.38 0.42

MAE 2.95 0.88 0.01 0.14 0.16

R2 0.47 0.86 0.99 0.98 0.98
PM10 RMSE 5.31 1.28 0.04 0.25 0.36

MAE 2.85 0.93 0.02 0.11 0.18

R2 0.42 0.79 0.99 0.96 0.97
Temperature RMSE 0.66 1.52 0.03 0.18 0.09

MAE 0.49 1.10 0.01 0.12 0.05

R2 0.31 0.75 0.99 0.97 0.97
Humidity RMSE 0.35 0.82 0.99 0.78 0.94

MAE 65.12 28.41 0.01 9.23 4.81

R2 47.83 15.64 0.02 5.33 3.02
Atm Pressure RMSE 0.48 0.89 0.99 0.95 0.96

MAE 44.10 10.72 0.05 7.85 8.14

Figure 5. Comparison of measured and predicted parameters for air purifier ON and OFF conditions
on the test set.
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Overall, the results demonstrate that the LR model provides robust, stable predictions
across both operational regimes. The strong performance of simpler and tree-based models
under data-limited conditions observed in this study is consistent with previous IAQ
prediction research, which has shown that LR and ensemble methods often outperform
deep learning architectures when training data are limited or noisy [45,46]. The presence
of the air purifying unit significantly improved the predictive accuracy across all metrics,
confirming its stabilizing influence on IAQ parameters. Short-term increases in PM and
TVOC concentrations during air filter operation coincide with periods of elevated outdoor
pollution and increased natural ventilation, indicating that external pollutant ingress can
temporarily exceed the filtering unit’s removal efficiency.

3.5. Prophet Model Performance

The Prophet model was tested to assess the potential of classical time-series forecasting
for IAQ prediction. However, the model’s performance was suboptimal (Figure S7). The
limited dataset size and the spatial uniformity of the experimental room led to highly
correlated sensor readings, preventing the model from detecting meaningful temporal
patterns. As a result, all sensors produced nearly identical forecasts with poor predictive
accuracy. Therefore, Prophet was not included in the final DT framework.

3.6. System Architecture, Scalability, and Spatial Optimization

The proposed DT architecture is designed to operate in a cloud-based, distributed
manner, enabling scalable deployment across multiple indoor environments. Sensor data
acquisition, preprocessing, and model inference can be performed independently for each
monitored space, while centralized cloud resources support data storage, model training,
and visualization. This modular structure allows the system to scale from a single room to
larger buildings or multi-room environments without fundamental changes to the modeling
framework. The use of LCSs, lightweight physical models, and computationally efficient
ML algorithms further supports scalability by minimizing hardware and computational
requirements. In parallel, spatial optimization within the framework is informed by CFD-
based analysis of airflow and particle transport patterns. The CFD results demonstrate
that air purifier placement influences airflow organization, recirculation zones, and particle
suspension, which in turn affects pollutant removal effectiveness. By comparing airflow
structures and particle trajectories for different purifier locations, the simulations provide
qualitative guidance on favorable placement strategies and support the interpretation of
sensor measurements, highlighting the importance of spatial configuration in maximizing
air purification performance.

3.7. Graphical User Interface and Health-Related Implications

The developed graphical user interface (GUI) provides an accessible front end to the
DT, enabling users to interactively explore IAQ conditions, model predictions, and system
states. The GUI supports intuitive visualization of measured and predicted parameters and
allows users to compare scenarios, such as air purifier ON and OFF, facilitating practical
interpretation without requiring technical expertise. While the current implementation
focuses on near–real-time visualization and exploratory analysis rather than closed-loop
control, the architecture supports future extensions toward real-time decision support and
automated intervention. From a health perspective, the observed reductions in PM and
stabilization of gaseous pollutant concentrations during air purifier operation indicate
improved IAQ relative to baseline conditions. Although direct health outcomes were not
measured, these improvements are relevant given established evidence linking lower PM
and VOC exposure to reduced respiratory and cardiovascular health risks. The results,
therefore, suggest potential health benefits associated with the proposed system through
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improved exposure conditions. A formal health impact assessment or cost–benefit analysis
was beyond the scope of this study; however, the combination of LCSs, cloud-based
deployment, and computationally efficient models indicates a favorable cost-to-benefit
ratio for scalable IAQ monitoring and management applications.

3.8. Limitations and Future Development

While the proposed DT demonstrates the feasibility and benefits of a hybrid physical–
data-driven approach for IAQ monitoring, several limitations should be acknowledged.
The experimental campaign was conducted in a single residential room under natural-
ventilation conditions, which limits direct generalization to larger buildings or to mechani-
cally ventilated environments. In addition, the study relied on manufacturer-calibrated
LCS without long-term recalibration, and potential sensor drift was not explicitly compen-
sated for over extended deployment periods. Future work will focus on the continuous
development of the framework by integrating external data sources, such as meteorolog-
ical data, outdoor air quality networks, and occupancy-related information, to improve
predictive robustness and contextual awareness. Long-term deployments will enable the
implementation of automated drift detection and compensation techniques, including peri-
odic reference calibration, cross-sensor consistency checks, and physics-informed correction
schemes. Scalability to other indoor environments, including multi-room apartments, of-
fices, and public buildings, will be explored by extending the distributed cloud-based
architecture and adapting the modeling framework to different ventilation systems and
spatial configurations. These developments will further enhance the applicability of the
proposed DT for real-world IAQ management.

4. Conclusions
This study developed and evaluated a hybrid DT framework for residential IAQ moni-

toring and analysis, demonstrating its functionality through a 26-day field deployment. The
proposed system integrates LCS networks, physics-based models (mass balance and CFD),
and ML techniques within a scalable, cloud-based architecture. Results show that, within
the proposed framework, simpler ML models can outperform more complex architectures
under data-limited conditions, with LR providing stable, accurate predictions across multi-
ple IAQ pollutants as targets. Sensor measurements and statistical analysis indicate that
operating the air-purifying unit is associated with lower median PM concentrations than
baseline conditions, as shown in the boxplot, confirming its effectiveness in improving IAQ
under the studied conditions. The hybrid modeling approach enhances interpretability
and robustness by embedding physically meaningful information into data-driven com-
ponents while maintaining computational efficiency suitable for near–real-time operation.
CFD-based airflow and particle-trace simulations provide qualitative insight into pollutant
transport and show that air purifier placement affects airflow patterns and particle removal
efficiency, underscoring the importance of spatial configuration.

Overall, the proposed system addresses key limitations of existing IAQ solutions by
combining dense sensing, physics-informed interpretation, and data-driven prediction
within a unified DT framework. While the study is limited to a single residential room
under natural ventilation, the results demonstrate the approach’s potential as a decision-
support tool for IAQ management. Future work will focus on multi-room scalability,
long-term sensor drift compensation, integration with mechanical ventilation systems,
incorporation of external data sources, and extended validation in larger and more diverse
indoor environments.
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Room; Figure S7. Results of the Prophet model on the test set; Table S1: Sensor placement in the
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devices; Table S4. List of all measured parameters, Table S5. Filtering unit placement in the room.
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Abbreviations
The following abbreviations are used in this manuscript:

IAQ Indoor Air Quality
IAM Indoor Aerosol Model
API Application Programming Interface
DT Digital Twin
CFD Computational Fluid Dynamics
PM Particulate Matter
PM1 Particulate Matter with aerodynamic diameter ≤ 1 µm
PM2.5 Particulate Matter with aerodynamic diameter ≤ 2.5 µm
PM10 Particulate Matter with aerodynamic diameter ≤ 10 µm
VOC Volatile Organic Compounds
TVOC Total Volatile Organic Compounds
CO2 Carbon Dioxide
CO Carbon Monoxide
NO2 Nitrogen Dioxide
NO Nitric Oxide
O3 Ozone
SO2 Sulfur Dioxide
ML Machine Learning
DL Deep Learning
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LCS Low-Cost Sensors
LR Linear Regression
RF Random Forest
RH Relative Humidity
SST Shear Stress Transport
SI Supplementary Information
LSTM Long Short-Term Memory
MLP Multi-Layer Perceptron
GUI Graphical User Interface
HVAC Heating, Ventilation, and Air Conditioning
MAE Mean Absolute Error
RMSE Root Mean Squared Error
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