
A long short-term memory physics-informed neural network 
model for CO2-based natural ventilation rate estimation

Sen Miao * , Marta Gangolells , Blanca Tejedor
Department of Project and Construction Engineering, Group of Construction Research and Innovation (GRIC), Universitat Politècnica de Catalunya, 
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A B S T R A C T

The occupant-released CO2 tracer gas approach has been widely used for ventilation rate esti
mation. This approach is non-invasive, low-cost, and does not interfere with the occupants’ ac
tivities. However, the CO2 measurement noise and CO2 generation uncertainties can significantly 
affect the accuracy of the estimated ventilation rates, while the dynamics of the natural venti
lation rates could challenge the stability of the estimators. As commonly applied techniques, the 
moving average filter and the extended Kalman filter have their own advantages and limitations 
in addressing these issues. To further address the challenges in the natural ventilation rate esti
mation, this paper proposes a novel model named “NVR-PINN”, based on the long short-term 
memory-physics-informed neural network and validates it with a case study. The proposed 
model combines the strengths of the moving average filter and the extended Kalman filter, 
demonstrating better practical values. It is capable of handling both CO2 measurement noise and 
CO2 generation uncertainty, effectively capturing the temporal dynamics of the natural ventila
tion rate, while processing the entire time series observation with a defined sequence window to 
yield more stable and consistent estimates. The analysis of the case study also revealed useful 
evidence for relevant research with regard to the applicability of existing ventilation rate esti
mation techniques.

List of abbreviations

MAF Moving average filter
EKF Extended Kalman filter
LSTM Long short term memory
PINN Physics informed neural network
NVR Natural ventilation rate
IOT Internet of Things

1. Introduction

Indoor air quality is one of the most important aspects of indoor environmental quality. Ventilation is the most common and 
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effective way to maintain good indoor air quality. Relevant building standards, such as EN16798-1 [1] and ASHRAE 62.1 [2], specify 
the minimum ventilation rates required for different types of spaces, taking into account the characteristics and needs of the occupants. 
However, unlike mechanical ventilation systems, which operate at a controlled and stable ventilation rate, natural ventilation is driven 
by both buoyancy and wind effects, and is influenced by relevant building characteristics such as facade orientation and window 
geometry [3,4]. Therefore, the natural ventilation rate (NVR) often need to be estimated through field measurements.

The occupant-released CO2 tracer gas approach is the most widely used method for ventilation rate estimation [5,6]. This approach 
uses CO2 as a tracer gas to estimate the airflow rate based on the change in indoor CO2 concentration over time using a mass balance 
equation (ASTM, 2018). Compared with direct measurements using airflow meters or other tracer gases such as SF6, the CO2 tracer gas 
approach has many recognized advantages: it is non-invasive, low-cost, and most importantly, it does not disturb the indoor occupants 
due to the extensive setups for measurements [5,6]. Owing to these advantages, this method has been widely used to estimate 
ventilation rates in various naturally ventilated buildings, such as apartments [7,8], offices [9,10], and schools in particular [11–15].

Nevertheless, this approach has several limitations. Firstly and most importantly, the precision of the CO2 measurement device has 
a substantial impact on the estimation results. Commercial CO2 sensors typically have a measurement error of ±50 ppm. The accuracy 
of the estimated ventilation rates can be significantly affected if the measurement noises are not properly addressed [5,16,17]. 
Commonly adopted solutions are to average the CO2 observations over a period of time (e.g., 10 min) or to use a moving average filter 
(MAF) to filter out the noise in the CO2 observations. [13–15,18–21]. These methods are simple and effective. However, they may 
compromise the time resolution and potentially misinterpret the results, as the measurement uncertainties are not properly addressed 
in a real sense. Moreover, the occupant-released CO2 tracer gas method takes into account the amount of CO2 generated by the oc
cupants in the space. However, the CO2 generation rate has uncertainties due to individual differences and activities of occupants. 
These methods do not account for the uncertainties associated with CO2 generation.

The Bayesian filter (recursive Bayesian estimation) is an effective tool for addressing these limitations. As important members of the 
Bayesian filter family, the Kalman filter and extended Kalman filter (EKF) have been widely used to handle measurement noise since 
they were proposed in the 1960s, while they have also been used to estimate natural ventilation rates in various scenarios such as 
educational buildings and residential buildings [16,22–24]. However, the Kalman filter is based on the linear system, which is more 
suitable for steady-state estimation (i.e., stable, constant ventilation rates) rather than dynamic natural ventilation rates. The extended 
Kalman filter approximates a nonlinear system based on the Kalman filter, which has better stability for dynamic systems. However, 
since it is still based on “one-step-ahead” recursive prediction and updates, it is very sensitive to abrupt changes in CO2 observations 
due to sudden window openings or changes in occupancy.

In fact, machine learning techniques have been widely used for modeling nonlinear dynamic systems. The long short-term memory 
(LSTM) model, a type of recurrent neural network designed specifically for sequence modeling, has demonstrated excellent capabilities 
in indoor CO2 modeling [25–27]. However, the LSTM model is purely data-driven based on supervised learning, requiring a large 
amount of labeled data for training. Unlike state-space models such as the mass balance model, the LSTM model cannot learn to es
timate the ventilation rates without observed ventilation rate data. In recent years, an emerging model named physics-informed neural 
network (PINN) has become a promising solution to this problem [28,29]. This technique incorporates governing physical laws (e.g., 
the mass balance equation) into the loss function. It learns to approximate the solution of differential equations, functioning as an 
advanced solver that integrate data-driven learning with physical laws. However, to the best of the author’s knowledge, no research 
has yet explored applying such techniques to estimate the natural ventilation rate.

Therefore, this paper proposes an LTSM-PINN model, named "NVR-PINN," for natural ventilation rate estimation. This model 
combines the advantages of the existing moving average filter (MAF) and the extended Kalman filter (EKF), providing more reliable 
natural ventilation rate estimation under the same conditions, while accounting for CO2 measurement noise and uncertainty in the CO2 
generation rate. Certainly, these results contribute to both scientific knowledge and practical applications on this research topic.

Following this introduction, Section 2 elaborates on the methodology, Section 3 describes the case study, Section 4 analyzes and 
discusses the results, and Section 5 summarizes the conclusions and recommendations.

Fig. 1. Schematic diagram of the occupant-released CO2 tracer gas approach.
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2. Methodology

This section provides a step-by-step explanation, from the occupant-released CO2 tracer gas approach (Section 2.1), to existing CO2- 
based natural ventilation rate estimation techniques of the transient mass balance model (Section 2.2), moving average smoother 
(Section 2.3), and extended Kalman filter (Section 2.4). At the end, the proposed NVR-PINN is described in detail (Section 2.5).

2.1. Occupant-released CO2 tracer gas approach

The tracer gas method is widely used to estimate ventilation rates. Unlike the traditional tracer gas methods, the occupant-released 
CO2 tracer gas approach uses CO2 generated by occupants. This avoids the external gas injection and extensive equipment setups that 
interfere with occupants’ activities [5,6]. The airflow rate in a given space can be estimated based on the changes in indoor CO2 
concentrations over time (Fig. 1).

Notably, like other tracer gas methods, the occupant-released CO2 tracer gas approach is also based on several fundamental as
sumptions (ASTM, 2018; [6]). 

- The CO2 is uniformly distributed in the space;
- The space is isolated, with an exclusive exchange with the outdoor air;
- The outside air is perfectly mixed within the space.

2.2. Transient mass balance model

In a given space of volume V, the concentration of CO2 follows the law of mass balance. The ventilation rate can be calculated based 
on the difference in CO2 concentrations between the indoor and outdoor air over a period of time, while taking CO2 generation into 
account [5]: 

dCin

dt
⋅ V =(Cout − Cin) ⋅ Qvent +N ⋅ G (1) 

With a small time interval (e.g., dt = Δt = 1min), the transient mass balance equation can be expressed as: 

Cin,t =Cin,t− 1 +

(
Nt ⋅ G

V
−

Qvent,t

V
(
Cin,t− 1 − Cout,t

)
)

⋅ Δt (2) 

Where Cin,t denotes indoor CO2 concentration at time step t (ppm), Cin,t-1 is the indoor CO2 concentration at previous time step t-1 
(ppm), Cout is the outdoor CO2 concentration (ppm), V is the room volume (m3), Nt is the number of occupants in the room at time step 
t, G is the individual CO2 generation rate (m3/min/person), and Qvent is the ventilation rate at time step t (m3/min).

With known indoor and outdoor CO2 concentrations, the number of occupants, and the individual CO2 generation rate at each time 
step, corresponding ventilation rates can be calculated by a numeric solver.

2.3. Moving average filter

CO2 observations often have noise due to the intrinsic measurement errors of CO2 sensors. A simple and commonly used approach is 
to use a moving average filter (MAF) to filter out certain noises in CO2 observations [18–21]. At each time step, the MAF computes the 
average of neighboring values of CO2 observations within a defined window w. It then replaces the original CO2 observation at the time 
step with this averaged value: 

CO*
2(t)=

1
w
∑

w
2

k=−
w
2

CO2(t+ k) (3) 

Where t denotes the time step and w is the defined window length (e.g., 10 min).
The ventilation rate is then estimated based on the smoothed CO2 observations using the transient mass balance equation: 

C*
in,t =C*

in,t− 1 +

(
Nt ⋅ G

V
−

Qvent,t

V

(
C*

in,t− 1 − C*
out,t

))

⋅ Δt (4) 

Notably, since MAF takes w/2 neighboring observations before and after any time step t to compute the average value, the 
smoothed CO2 observations do not contain the initial and last w/2 observations, meaning that the smoothed data has a loss of ob
servations for a w time length.

2.4. Extended Kalman filter

The extended Kalman filter (EKF) is a nonlinear extension of the well-known Kalman filter [30–32]. This technique is capable of 
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addressing CO2 measurement noise while accounting for uncertainties associated with CO2 generation rate. EKF works on a defined 
state-space model with "one-step-ahead" recursive estimation and updates. It estimates (predicts) the state of the system at the next 
time step, and then updates (or corrects) the state estimate with the new observation.

In a given space of volume V, the indoor CO2 concentration follows the mass balance equation with a small time interval (Δt =
1min), so the system follows the dynamics: 

Cin,t+1 =Cin,t +
Nt ⋅ Gt

V
−

Qvent,t

V
(
Cin,t − Cout,t

)
(5) 

Qvent,t+1 =Qvent,t + wQvent (6) 

Gt+1 =Gt + wG (7) 

Where wQvent and wG are the process noises that characterize the dynamics of the ventilation and CO2 generation over time. Notably, 
the CO2 generation rate has individual differences, so it comes from a uniform distribution rather than a fixed value: 

G ∼ U(G ⋅ (1 − u),G ⋅ (1+ u)) (8) 

Where u characterizes the individual differences in the CO2 generation rate.
Hence, the state vector of the system at time step t can be expressed as: 

Xt =

⎡

⎣
Cin,t
Qvent,t
Gt

⎤

⎦ (9) 

Where Cin,t is the indoor CO2 observation, while Qvent,t and Gt are hidden states (latent variables) of the system to be estimated.
The state of the system at the next time step t+1 can be expressed as: 

Xt+1 = f(Xt) + wt ,wt ∼ N(0,Q) (10) 

Where f(Xt) is the state transition function: 

f(Xt)=

⎡

⎢
⎢
⎢
⎢
⎣

Cin,t +
NtGt

V
−

Qvent,t

V
(
Cin,t − Cout,t

)

Qvent,t

Gt

⎤

⎥
⎥
⎥
⎥
⎦

(11) 

Q is the process noise covariance matrix: 

Q=

⎡

⎢
⎢
⎢
⎣

0 0 0
0 σ2

Qvent,p 0

0 0 σ2
G,p

⎤

⎥
⎥
⎥
⎦

(12) 

Since the system is nonlinear, EKF uses a first-order Taylor expansion to approximate state transition function around the previous 
state estimate X̂t. Hence: 

Xt+1 ≈ f(X̂t)+ Ft(Xt − X̂t) + wt (13) 

Where Ft is the Jacobian matrix: 

Ft =

⎡

⎢
⎢
⎢
⎢
⎣

1 −
Qvent,t

V
−

(
Cin,t − Cout,t

)

V
Nt

V
0 1 0

0 0 1

⎤

⎥
⎥
⎥
⎥
⎦

(14) 

The predicted state of the system is: 

X̂t+1 |t = f(X̂t) (15) 

The predicted covariance matrix is: 

Pt+1|t = FtPtFt
T + Qt (16) 

Where Pt is the state covariance matrix characterizing the uncertainties between the states of CO2, Qvent and G, while Qt is the process 
noise covariance.
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EKF updates (corrects) the predicted state based on actual observations. The observation model of the system can be expressed as: 

Zt =HXt + vt , vt ∼ N(0,R) (17) 

Where Zt is the observation of the system, H is the observation matrix, and vt is the measurement noise.
Since CO2 is the only observed state of the system, the observation matrix H = [1, 0, 0], R = σ2

sensor, which is the variance of CO2 
sensor measurement error σsensor. Hence the system observation is: 

Zt =Cobservation,t = Cin,t + vt (18) 

The difference between the observed and predicted CO2 concentration is called innovation in EKF, which can be expressed as: 

Yt =Cobservation,t − Cpredicted,t (19) 

Cpredicted,t =Cin,t|t− 1 (20) 

The innovation covariance is: 

St =HPt|t− 1HT + R (21) 

Like a standard Kalman filter, EKF uses Kalman Gain to calibrate the estimate through observations, which can be expressed as: 

Kt =Pt|t− 1HTSt
− 1 (22) 

Hence, the state estimate can be updated: 

Xt|t =Xt|t− 1 + KtYt (21) 

The covariance matrix is also updated: 

Pt|t =(I − KtH)Pt|t− 1(I − KtH)
T
+ KtRKt

T (22) 

Where I is the identity matrix.
The above briefly describes the principle of EKF. For more detailed instructions on this technique, Labbe [32] is a very useful 

reference. Duarte et al. [16] first constructed and implemented an EKF for natural ventilation rate estimation with MATLAB. The EKF 
built in this research is generally the same, but additionally takes into account the individual differences of the CO2 generation rate to 
better characterize and represent reality.

Notably, the initial values for the system states need to be assumed to initialize the EKF. In practice, the assumed initial values only 
affect the first few estimates. After several rounds of iterations, the EKF can automatically calibrate and track the state of the system.

2.5. NVR-PINN

The proposed NVR-PINN is a neural network architecture that integrates long short-term memory (LSTM) and physics-informed 
neural network (PINN) for natural ventilation rate estimation. LSTM is a type of recurrent neural network architecture designed 
specifically for sequential (time series) data [33]. LSTM can retain information across multiple time steps, enabling the model to 
capture temporal dependencies and context over time rather than relying solely on the current input. However, it is primarily a su
pervised learning model, which requires a large amount of labeled data for model training. PINN is an emerging neural network 
architecture that incorporates physical laws expressed by ordinary differential equations or partial differential equations into model 
training, which can be understood as a universal function approximator [28]. By embedding physical laws as a form of regularization, 

Fig. 2. Schematic diagram of proposed NVR-PINN.
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PINN significantly reduces data dependency and can infer hidden variables that are not directly measured. Compared to a single PINN 
or LSTM structure, this hybrid structure combines their respective strengths. This enables more effective learning of the temporal 
dynamics of natural ventilation rates and reduces dependence on large amounts of training data. Fig. 2 shows a schematic diagram of 
the proposed NVR-PINN structure.

To be more specific, temporal observations of indoor CO2 concentration Cin, outdoor CO2 concentration Cout, and the number of 
occupants N are stacked over a defined sequence window of length w and passed as input features to an LSTM layer with 64 dimensions 
(nodes). LSTM is combined with an attention mechanism. This ensures that the model identifies the most informative time steps 
characterizing the ventilation rate dynamics while capturing complex temporal dependencies. Then, the input features encoded by the 
LSTM and the context information processed by the attention layer are passed to the PINN. The PINN consists of a shared trans
formation layer that converts the attention-weighted sequence representation into physics-encoded latent features, linked to a task- 
specific layer that simultaneously estimates the ventilation rate Qvent and CO2 generation G. This design is similar to the EKK for a 
holistic comparison, and can be adjusted depending on the needs in practical applications.

By optimizing PINN through the defined loss function, the model achieves stable and physically plausible estimations of ventilation 
rates Qvent and CO2 generation rate G. The defined loss functions consist of 3 parts: physical loss, sequential loss, and KL divergence.

The physical residual is based on the mass balance equation: 

rt =
dCin(t)

dt
−

1
V
(G(t) ⋅ N(t)+Qvent(t))(Cin(t) − Cout(t)) (23) 

The CO2 measurement noise, which is the discrepancy between the observed and actual indoor CO2 concentration, is considered a 
white noise following a Gaussian distribution Ñ(0, σ2). Hence, the log-likelihood of all residuals in a measurement period T can be 
calculated by: 

Lphysics =
1
T
∑T

t=1

[
1
2

log
(
σ2)+

r2
t

2σ2

]

(24) 

The sequential loss acts as a constraint that ensures temporal consistency in the estimated ventilation rate Qvent and generation rate 
G. It functions like a temporal smoother but also regularizes the model against overfitting to noise: 

Lsequential =wq ⋅
∑T

t=2

(
Qvent,t − Qvent,t− 1

)2
+wg ⋅

∑T

t=2
(Gt − Gt− 1) (25) 

Where wq and wg are definable coefficients.
The KL divergence regularizes the learned parameter distributions to stay close to prior beliefs. The ventilation rate is dynamic, so 

its prior is unknown. However, the CO2 generation rate is usually known, though with certain uncertainty. Therefore, the real CO2 

generation rate is assumed to follow a Gaussian distribution Ñ(μg, σg
2) with μg representing the mean value and σg characterizing the 

uncertainty. Its prior can be obtained from existing knowledge (e.g., reference values reported in related research), which also follows 
a Gaussian distribution Ñ(μ0, σ0

2). The KL divergence regularizes these two distributions: 

KL=
1
2

(
σ2

g

σ2
0
+

(
μg − μ0

)2

σ2
0

− 1+ log
σ2

0
σ2

g

)

(26) 

Finally, the total loss can be calculated by: 

Ltotal = λphysics ⋅ Lphysics + λsequential ⋅ Lsequential + λKL ⋅ KL (27) 

Where λ is a definable coefficient.
Hence, Table 1 summarizes the architecture of this LSTM-PINN structure.

3. Case study

To validate the performance of the proposed NVR-PINN, a field experimental campaign was conducted in 2 naturally ventilated 
classrooms at the Universitat Politècnica de Catalunya (UPC) during November to December 2024. Fig. 3 shows photos of these 

Table 1 
The architecture of the proposed NVR-PINN.

Layer Number of layer Nodes (Input → Output) Activation Function

Input - Cin, Cout, G 1 3 /
LSTM 1 3 → 64 Tanh, Sigmoid (internal)
Attention 1 64 → 1 Softmax
PINN 1 64 → 64 Tanh
Output - Qvent, G 1 64 → 2 Softplus, Sigmod (Qvent remains positive, G remains within the defined range)
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classrooms and their architectural characteristics. In this field experimental campaign, a total of 6 on-site measurements were per
formed during the class held in these 2 rooms, with 3 measurements in each room, and each class lasted around 3 h. The occupants 
were primarily college students with an average age of 22. As the experiments were performed in the classes of the engineering school, 
the gender ratio of the students was disproportionate (80 % male students and 20 % female students). However, this does not affect the 
use of this case for analysis.

During the field experiment, the indoor and outdoor CO2 concentrations were measured by a Comet U3430 sensor, respectively. 
Following the specifications of ASTM D6245-18 [37], one sensor was placed in the center of the classroom at 1.1 m height and 2 m 
away from disturbances, to measure the indoor CO2 concentration. The other sensor was placed on the exterior windowsill to measure 
the CO2 concentration of the outdoor airflow. Fig. 4 illustrates the placement and technical specifications of the measurement sensors. 
The sensors were turned on 15 min before each measurement to stabilize the readings. Both the indoor and outdoor CO2 concentrations 
were recorded at 1-min intervals. The researcher stayed in the classroom all the time to record the changes in the number of occupants 
and the opening/closing of windows, also at 1-min intervals. The door remained closed during the measurements and was only opened 
when people entered or left the room.

Hence, the field experimental campaign obtained a total of 6 measurement datasets, each containing 200-min time series of indoor 
and outdoor CO2 observations, the number of female and male occupants, and the window opening areas (Table 2). Based on these 
datasets, the ventilation rates for each measurement were calculated using the transient mass balance model, moving average filter 
(MAF), extended Kalman filter (EKF), and proposed NVR-PINN.

The estimation of the ventilation rate also requires the CO2 generation rate of the occupants. According to Persily and Jonge [34], 
the individual CO2 generation rate for female students in a sedentary state (1.2 met) is 0.228 L/min/person, and for male students is 
0.288 L/min/person. The teacher’s CO2 generation rate is very close to that of students (0.276 L/min/person and 0.216 L/min/
person). Therefore, the students’ CO2 generation rates were used for the calculation.

For MAF and NVR-PINN, a 10-min sequence window length (w) was used in the estimation. For EKF and NVR-PINN, the un
certainties in the CO2 generation rate can be taken into account. According to Persily and Jonge [34], the CO2 generation rate varies by 
about 15 % between activity levels. Besides, a small individual difference of 10 % was also considered and modeled. Consequently, the 
total uncertainty can be considered as ± 25 % of the reference value. Moreover, EKF and NVR-PINN can model CO2 measurement 
noises. The CO2 sensor used in this study has a measurement error of ±50 ppm, which is similar to other common commercial CO2 
sensors. The measurement error of the sensor is typically considered to follow the "2 sigma" principle. Therefore, the CO2 measurement 
noise was considered a white noise with a sigma (σ) of 25.

In addition, since the volumes of the classrooms are different, the calculated ventilation rate Qvent (m3/min) was converted to air 
changes per hour (ACH) for visualization and comparison based on the equation below: 

ACH=
60 ⋅ Qvent

V
(28) 

The calculation and analysis were performed on the Google Colab platform using Python 3.10. The Numpy, Pandas, SciPy, and 
PyTorch libraries were used for data processing, model development, and calculation, while the Matplotlib package was used for 
results visualization.

4. Results and discussion

This section first presents the field measurement observations (Section 4.1). Subsequently, the ventilation rates (Section 4.2) and 
CO2 concentrations (Section 4.3) estimated by the previously introduced techniques are compared, while the estimated CO2 generation 
rates are also analyzed (Section 4.4). Finally, the implications and limitations of the obtained results are further discussed (Section 

Fig. 3. Classroom photos and architectural characteristics.
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4.5).

4.1. Field measurement observations

Fig. 5 presents the time series observations of indoor and outdoor CO2 concentrations, the number of occupants, and the window 
opening area of the 6 measurements, each with 200 time steps. The measured indoor CO2 concentrations ranged from 471 to 1641 
ppm, while the pattern depends on occupancy and window operation. Outdoor CO2 concentrations fluctuate between 385 and 459 
ppm, with an average concentration of 420 ppm. This value is consistent with the atmospheric CO2 concentration reported by NOAA 
[35]. In general, the number of occupants in classroom A was higher than that in classroom B. The occupancy of the classrooms is 
affected by the teaching schedule, some with short breaks in the middle of the class (e.g., A-1, A-2, and B-1), while sometimes a few 
students leave the class earlier (e.g., B-1 and A-3). The openable window area of classroom B is nearly 1 time larger than that of 
classroom A, while the window operation in each measurement was different.

4.2. Ventilation rate estimations

Based on the collected observations, the ventilation rate was estimated using the transient mass balance model, moving average 
filter (MAF), extended Kalman filter (EKF), and the proposed NVR-PINN, as shown in Fig. 6. Notably, in order to better observe the 
impact of window operation and occupancy changes on the estimated results, the window opening period and the time of occupancy 
change are highlighted using green and orange background colors, respectively. In addition, high-resolution zoom-in plots are pre
sented to illustrate the key features of the ventilation rates estimated by each technique.

As can be seen, the ventilation rate calculated directly by the transient mass balance model is very unstable due to CO2 mea
surement noise, with large oscillations. This certainly affects the quality of the estimated ventilation rate data in practical applications. 
As a simple and effective tool, MAF filtered out substantial amounts of the measurement noise, thus the fluctuations in the estimated 
ventilation rate were significantly reduced. However, it can be observed that MAF cannot effectively track sudden changes in the 
ventilation rates, while there was always a 5-min delay in the estimated ventilation rate when it suddenly increased due to the opening 
of windows. This is because MAF uses a 10-min sequence window to smooth CO2 observations, which averages the neighboring values 
of 5 min before and after. As a recursive Bayesian filter, EKF effectively addressed CO2 measurement noise and tracked changes in 
ventilation rate with the "one-step-ahead" prediction and update strategy. However, since the EKF is based entirely on CO2 obser
vations from 1 min before and after, it is sensitive to abrupt changes in CO2 concentrations. This results in larger fluctuations in the 
estimated ventilation rate than with the MAF. Total variation is a proper metric for quantifying the overall oscillation (variability) of 

Fig. 4. CO2 measurement sensor placement and technical specifications.

Table 2 
Observations contained in each measurement dataset.

Observations Abbreviation Unit Length

Indoor CO2 concentration Cin ppm 200-min
Outdoor CO2 concentration Cout ppm 200-min
Number of female occupants Nf / 200-min
Number of male occupants Nm / 200-min
Window opening area WOA m2 200-min
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the curve. On average, the total variation of the ventilation rate calculated by the transient mass balance model reaches 1315. The 
value is 503 for EKF and only 186 for MAF.

In contrast, NVR-PINN combines the advantages of both MAF and EKF. It processes the entire time series with a 10-min sequence 
window, estimating the ventilation rate while handling the CO2 measurement noises instead of simply "averaging" CO2 observations, 
which better copes with the dynamics of CO2 and natural ventilation rates. The ventilation rates estimated by NVR-PINN followed the 
same pattern as EKF, but were more stable and consistent. NVR-PINN achieved the lowest total variation among all techniques, with 
only 137. These results suggest that NVR-PINN is capable of effectively detecting sudden changes in the ventilation rate while 
providing stable, smooth estimates. It is also worth mentioning that during the period when the windows were closed, both MAF and 
EKF produced very unstable estimations and often had an estimate of 0. This is unrealistic enough because there is always a small 
infiltration in the space, even when the windows and doors are all closed. In contrast, the NVR-PINN estimated a very small and stable 
ventilation rate, which is more in line with reality.

It should also be noted that MAF cannot smooth the initial and last 5 min of CO2 observations to estimate the ventilation rate 
because it smooths CO2 concentrations with neighboring observations of 5 min before and after. Since NVR-PINN processes the entire 
time series with a 10-min sequence window, the first 10 min of observations are used for initialization, thereby valid estimates start 10 
min later. For visualization purposes, these missing values were simply filled with the neighboring values. In practical applications, the 
collection of measurement data should take into account the additional observations required by these ventilation rate estimation 
techniques.

4.3. CO2 concentration estimations

Fig. 7 shows the original observations of indoor CO2 concentration and the actual CO2 concentrations estimated by the moving 
average filter (MAF), extended Kalman filter (EKF), and NVR-PINN. Similarly, the window opening period and the time of occupancy 
change are highlighted using green and orange background colors, respectively.

The MAF averages the CO2 observations over a 10-min sequence window. On average, the smoothed CO2 concentration is only 1 
ppm lower than the original CO2 observations, thus perfectly following the original observations. This indicates that this technique did 
not adequately address the CO2 measurement uncertainties. EKF can incorporate the measurement error of the CO2 sensor to handle 

Fig. 5. Overview of measurement observations.
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measurement uncertainties. However, EKF is very sensitive to abrupt changes in CO2 observations, as it is based on "one-step-ahead" 
recursive estimation. It often estimates very high ventilation rates, thereby the estimated actual CO2 concentration was found to be 
significantly lower than the original CO2 observations in many cases (e.g., B1, A2, A3, and B3). On average, the estimated CO2 
concentration was 30.3 ppm lower than the observed values. In contrast, NVR-PINN combines the advantages of both methods. It takes 
into account the CO2 measurement errors, but processes the entire time series over a 10-min sequence window. It estimated more 
stable and consistent ventilation rates, so the calculated actual CO2 concentration was always between MAF and EKF, better fitting the 
original CO2 observation pattern. The estimated actual CO2 concentration was 13.4 ppm lower than the observed values on average. 

Fig. 6. Comparison of estimated ventilation rates.
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These results suggest that NVR-PINN is also more reliable in CO2 measurement noise processing.

4.4. CO2 generation rate estimations

As mentioned earlier, the transient mass balance model and the moving average filter (MAF) assume a constant CO2 generation rate 
when calculating the ventilation rate. NVR-PINN is designed to function similarly to the extended Kalman filter (EKF), which can 
simultaneously estimate the ventilation and CO2 generation rates while accounting for the uncertainty of the CO2 generation rate. As 
introduced in the case study, the reference value of CO2 generation rate for male students is 0.288 L/min/person, and for female 
students is 0.228 L/min/person. For both cases, a ±25 % deviation was considered to characterize uncertainty due to individual 
differences and activity levels. Fig. 8 presents the CO2 generation rates of male and female students estimated by EKF and NVR-PINN, 
along with the reference values and ±25 % boundaries.

As can be seen, the mean values of the CO2 generation rates estimated by EKF were consistent with the reference value for both 
male and female students. However, the estimation range was very large, far exceeding the upper and lower boundaries. This also 
suggests that EKF is unstable when applied to complex dynamic systems like natural ventilation. In contrast, the mean values of the 
CO2 generation rates estimated by NVR-PINN were slightly higher than the reference values, but their ranges were narrower and 
completely within the upper and lower boundaries. Notably, the reference value of the CO2 generation rate used in the case study 
assumes a sedentary state of occupants (1.2 met). In reality, students do not always sit still but also engage in activities such as writing 
or talking. In this context, their actual CO2 generation rate should be slightly higher than the reference values. Therefore, the CO2 
generation rates estimated by NVR-PINN are also considered more consistent with the actual situation.

4.5. Further discussion on implications and limitations

It is necessary to further discuss the practical implications of the results. The original transient mass balance model does not address 
the noise in the CO2 observations. The calculated ventilation rates have very large fluctuations, with poor quality for the ventilation 
effect analysis in practice. Although the moving average filter (MAF) is a very simple technique, it effectively reduces the amount of 
noise passed to the estimation of ventilation rates, demonstrating recognized practical values. However, the main limitation is that the 
MAF simply averages the CO2 observations without accounting for uncertainties in CO2 generation and measurement. Consequently, 
the estimated ventilation rate and CO2 concentration may not accurately reflect the actual conditions, and there may be a delay in 
estimates when the ventilation rate suddenly increases. The extended Kalman filter (EKF) properly handles the CO2 measurement noise 
and the CO2 generation rate uncertainty when estimating ventilation rates. However, it is very sensitive to abrupt changes in the CO2 
observation due to the "one-step-ahead" recursive estimation, which is unstable for natural ventilation dynamics.

In contrast, the proposed NVR-PINN combines the advantages of both techniques, demonstrating better practical values. It is 
capable of handling both CO2 measurement noise and CO2 generation uncertainties, functioning with a defined sequence time window 

Fig. 6. (continued).
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over the entire time series to provide more stable and consistent estimates. As a result, NVR-PINN copes better with the natural 
ventilation dynamics, and its estimations are more consistent with reality. Nevertheless, the NVR-PINN also has certain limitations. On 
the one hand, it requires an extra 10 min of observations for initialization. On the other hand, it has a more complicated model 
structure and requires more time for computation. In the case study, the MAF and EKF were found to be able to compute a 200-min 

Fig. 7. Comparison of original and estimated CO2 concentrations.

Fig. 8. Estimated CO2 generation rate.
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time series within 10 s. In contrast, the NVR-PINN requires at least 1000 epochs of iterations to reach a stabilized loss, which often 
takes more than 60 s.

To help with the practical application of NVR-PINN, it is also necessary to discuss the impact of sequence window length on the 
estimation by the proposed NVR-PINN. In the case study, the window length was defined as 10-min. Using the A-1 measurement as an 
example, the ventilation rates were recalculated with 5- and 15-min window lengths for comparison, as shown in Fig. 9. As can be seen, 
the estimated ventilation rate values were very close to each other, but the sequence window length affected the smoothness of the 
estimates. With a shorter window length, the model had less input information and tended to focus on "local" changes, thus the es
timate comparatively fluctuates more. With a longer window length, the model focused more "globally", thereby the estimate was 
relatively smoother. This is actually similar to the principle of MAF. In practical applications, the definition of the window length 
depends on the purpose of the analysis and details of the ventilation dynamics to be retained.

Moreover, it is important to discuss the effects of CO2 generation rates in ventilation rate estimation. When using transient mass 
balance model-based estimation techniques (including MAF, EKF, and the proposed NVR-PINN), it is crucial to obtain accurate CO2 
generation data with high temporal resolution, in order to ensure the accuracy of the estimated ventilation rates. Previous studies 
conducted in residential buildings [23,24] have demonstrated this importance. However, this can be quite challenging in educational 
buildings due to the presence of a large number of occupants in the classroom with changing occupancy, which ultimately leads to 
greater uncertainty. Accordingly, simultaneously estimating both ventilation rates and CO2 generation rates is never recommended, 
even if the estimated results appear consistent with reality. In this context, Finneran and Burridge [36] proposed a new ventilation rate 
estimation framework that can estimate per-person ventilation rates and quantify sources of uncertainty with limited on-site occu
pancy information, without relying on assumptions of steady-state and uniform mixing of CO2. This approach shows better flexibility 
for educational buildings. Since this research focuses on the physics-informed data-driven approach in the traditional transient mass 
balance model-based ventilation rate estimation, future research is recommended to further explore applications based on this new 
framework proposed by Finneran and Burridge [36].

Lastly, the limitations of this research should be discussed to help future research. The case study of this research was based on a 
field experiment conducted in real classroom environments. In this scenario, it is often difficult to directly measure the actual 
ventilation rates (e.g., using balometers) because this would disrupt the teaching activities. Future research is recommended to 
conduct experiments in controlled laboratory environments to measure actual ventilation rates. This would not only allow actual 
ventilation rates to be incorporated into the PINN structure as benchmark information, but also provide a more accurate CO2 gen
eration rates estimates as the reference for relevant research.

5. Conclusions and recommendations

This paper proposes an LSTM-PINN model for CO2-based natural ventilation rate estimation. The performance of the proposed 
model was validated through a case study and compared with the existing commonly used techniques.

The results show that, since the original transient mass balance model does not address measurement noise in CO2 observations, the 
calculated ventilation rates fluctuate greatly, with poor quality for ventilation effect analysis. As a simple technique, the moving 
average filter (MAF) can substantially alleviate the impact of CO2 measurement noise on ventilation rate estimation, demonstrating 
certain practical values. However, this technique simply averages the CO2 observations without considering the uncertainty in CO2 
generation and measurement. The estimated ventilation rate cannot accurately reflect the actual situation, and the estimates may be 
delayed due to the averaging of CO2 observations. The extended Kalman filter (EKF) can properly handle CO2 measurement noise and 
CO2 generation rate uncertainty. However, this technique is not stable enough for natural ventilation dynamics due to its sensitivity to 
abrupt changes in CO2 observations. In contrast, the proposed NVR-PINN combines the advantages of both techniques. It is capable of 
handling CO2 measurement noise and CO2 generation uncertainty, while processing the entire time series with a defined sequence 
window to provide more stable and consistent estimates of ventilation rate. As a result, the NVR-PINN can better cope with natural 
ventilation dynamics, with better practical values. Compared with the existing transient mass balance model and EKF, the estimation 
stability shown by the total variation improved by nearly 10 and 4 times, respectively, while capturing sudden changes in ventilation 
dynamics that MAF cannot properly reflect.

The study mainly examined the application of the proposed model from the perspective of post-processing (i.e., the ventilation rate 
estimation based on the field measurement data) based on field experiment in the classrooms. Future research is recommended to 
further explore the combination of the proposed model with the Internet of Things (IoT) monitoring sensors for the real-time natural 
ventilation rate estimation, and conduct the experiement in controlled laboratory environments to benchmark ventilation rates and 
CO2 generation rates.
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