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1. Introduction
Indoor Air Quality (IAQ) is a primary determinant

of occupant health, cognitive performance, and the
transmission of airborne pathogens [1, 2, 3]. Klepeis
et al. [4] showed that individuals spend approximately
80% to 90% of their time within built environments.
Gao et al. [5] also noted that surveys indicate people
spend at least 80% of their time indoors, citing the
foundational work of Klepeis et al. (2001). Given this
significant exposure, maintaining optimal IAQ is a
global health imperative, particularly as air pollution
is linked to roughly seven million deaths annually
[6]. Furthermore, built environments are significant
drivers of global resource use, with HVAC systems
accounting for nearly 40% of global energy consump-
tion [1, 7].
Current IAQ monitoring typically relies on sparse,

wall-mounted sensors or urban air quality stations.
However, these physical networks face significant
economic and technical hurdles; urban monitoring
stations can cost 200,000 USD to construct and 30,000
USD annually to maintain [6]. In practical applica-
tions, the limited number of sensors often results
in “blind spots,” failing to detect localized pollutant
hotspots or stagnant “dead zones” [8, 9]. Moreover,
most existing control systems operate under a “well-
mixed” assumption, treating a room as a single uni-
form node [5, 10].
In reality, indoor airflow exhibits significant spa-

tiotemporal heterogeneity, meaning a single sensor
reading rarely represents the pollutant concentration
at an occupant’s breathing level [1, 10]. Effective IAQ
management requires a transition to frameworks ca-
pable of reconstructing the full 3-dimensional (3D)
pollutant field in real-time. High-fidelity modeling is
essential to prevent “over-ventilation” (which wastes
energy) and “under-ventilation” (which compromises
safety), allowing HVAC systems to adapt to dynamic
occupancy and shifting pollutant distributions [1, 8].

2. Proposed Framework
Computational Fluid Dynamics (CFD) is the stan-

dard tool for capturing detailed 3D airflow, but its
high computational cost—requiring hours to simu-
late mere minutes of airflow—limits its use in real-

time control [1, 5]. To bridge this gap, research has
shifted toward data-driven surrogate models, includ-
ing Artificial Neural Networks (ANN), Convolutional
Neural Networks (CNN), and Graph Neural Networks
(GNN) [2, 10]. Recent advancements in operator
learning, such as Deep Operator Networks (Deep-
ONet) andFourierNeuralOperators (FNO), have intro-
duced the ability to learn mappings between infinite-
dimensional function spaces, enabling resolution-
invariant predictions at arbitrary spatial coordinates
[11, 5, 1].
Despite the speed of data-driven models, most ex-

isting surrogates operate as “black boxes” that lack
physical consistency, often failing to obey fundamen-
tal conservation laws such as mass and momentum
[12, 3]. In addition, purely virtual reconstructions
can deviate from empirical reality due to unresolved
sub-grid dynamics. There is a need for a hybrid layer
using physical sensors to provide real-time corrective
values. Furthermore, the calibration of virtual sens-
ing must require minimum effort across varying con-
texts, such as rooms with or without complex interi-
ors and obstructions. This will benefit the calibration
of virtual sensors as changes in interior configura-
tions or occupants without the need for thousands of
new simulations. Thus, there remains a critical need
for a framework that combines CFD-level physical
accuracy with the rapid inference speeds required
for real-time building automation.
This study proposes a hybrid monitoring frame-

work based on a Physics-Informed Deep Operator
Network (PI-DeepONet) for the real-time spatiotem-
poral reconstruction of 3D IAQ [1, 5]. By embedding
governingphysical laws (Navier-Stokes and advection-
diffusion equations) directly into the model’s loss
function, the framework ensures physical consis-
tency even with sparse data [12, 1]. The goal is to
implement a hybrid concept where real-time physi-
cal sensor data is used to dynamically correct the out-
puts of the PI-DeepONet. The “neighbor aggregation”
mechanism allows the model to treat the physics-
informed prediction as a global baseline while using
local sensor readings to refine high-frequency varia-
tions and resolve stochastic disturbances [6, 13].
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Fig. 1: Schematic of the proposed PI-DeepONet framework. The workflow proceeds from left to right: (1) Data
Generation (left) extracts high-fidelity fields from CFD simulations. (2) The DeepONet Architecture (center)
processes inputs via two parallel networks: a Branch Net encoding flow variables (Temperature, Velocity,
CO2) and a Trunk Net encoding spatiotemporal coordinates (𝑥,𝑦, 𝑧, 𝑡). These are combined to generate the
Predicted CO2. (3) The Physics Engine (right) enforces physical laws by computing the advection-diffusion
PDE residual. The model is trained by minimizing a composite Total Loss (L𝑡𝑜𝑡𝑎𝑙 ) comprising data, boundary,
sensor fusion, and physics losses, ensuring the output respects both empirical data and mass conservation
laws.

3. Methodology
The proposed framework integrates high-fidelity

CFD data, operator learning, and sparse sensor obser-
vations into a unified real-time monitoring system.
The workflow consists of three core components: (1)
Data generation via CFD, (2) Offline training of the
PI-DeepONet, and (3) Real-time correction using a
sensor fusion module.

3.1 Case Description and CFD Dataset Settings
A realistic three-dimensional indoor domain rep-

resenting a hotel guest room was modeled, explic-
itly resolving HVAC supply and return vents and
interior furniture as flow obstructions. Transient
CFD simulations were conducted to capture the un-
steady evolution of airflow and thermal fields and
to generate a high-fidelity reference dataset for PI-
DeepONet model development. The simulations em-
ployed a URANS framework to balance physical fi-
delity and computational tractability for parametric
studies. Numerical verification was ensured through
mesh-independence assessment, while validation
was conducted by comparing predicted indoor vari-
ables against measurements obtained from an iAQ
Sensor Pro (AirVisual). A structured Design of Exper-
iments was defined by systematically varying supply
air temperature setpoints, inlet airflow rates, occu-
pants and interior configurations with and without

furniture to ensure coverage of representative indoor
operating conditions.

3.2 Sensor Fusion Mechanism
While PI-DeepONet provides a physically robust

global baseline, it may deviate due to unmodeled
stochastic disturbances. To bridge the gap be-
tween simulation and reality, we employ a “neigh-
bor aggregation” fusion mechanism. Real-time data
from sparse physical sensors are compared with the
model’s predictions at corresponding locations. The
calculated residuals are then interpolated locally to
correct the predicted field in the vicinity of the sen-
sors, allowing the system to capture dynamichotspots
that the offline model might miss while maintaining
global physical validity.

4. Conclusion
This study introduces a novel PI-DeepONet frame-

work for real-time, 3D IAQmonitoring. By hybridiz-
ing operator learning with physical constraints and
sensor fusion, the system overcomes the computa-
tional bottleneck of CFD and the accuracy limitations
of pure data-driven models. Future work will focus
on deploying the framework in a live building man-
agement system (BMS) to demonstrate closed-loop
energy optimization.
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