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ARTICLE INFO ABSTRACT
Keywords: Most of the state-of-the-art natural ventilation models were developed for either single-sided, or cross ventilation
Machine learning mode, or buoyancy-driven ventilation. Natural ventilation (NV) of a single zone may vary between different
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modes in different seasons depending on the design and the operation of other building systems. This paper
tailors the machine learning embedded semi-empirical models to predict the natural ventilation rate in a single
zone. The process of model development consists of two parts: 1) semi-empirical model development for single-
sided ventilation with a local context 2) machine learning driven component to accurately predict a specific lab
condition. By taking a case study, the series of steps were taken to validate model accuracy with an estimated
flowrate in given window operable areas. Firstly, the contextual inputs and localized wind speed as well as
window models were investigated. Finally, we developed a machine learning model to predict the localized lab
environment by using pressure sensor’s data on facade. The random forest model was trained and fine-tuned to
predict localized pressure coefficients (Cp). Over 75 % of the predicted values fall within the model’s + 1
standard deviation credible interval, demonstrating not only high predictive reliability but also suitability for
integration into empirical ventilation models. These results highlight the model’s potential as a robust input
generator for semi-empirical frameworks with locally collected weather data, particularly in applications
involving window operation control and site-specific model calibration.

volume flowrates for single-sided natural ventilation [9]. Warren (1977)
proposed a simple model to calculate the volume flow rate through
openings on the same wall and the model considers only wind driven
ventilation [10]. Larsen and Heiselberg (2008) incorporated buoyancy
effect into a single-sided ventilation model [11]. Heiselberg and Sand-
berg (2016) found that the discharging coefficients of different window
configurations [12] significantly affect the estimation of the volume
flow rate. Wang and Chen (2012) developed single-sided natural
ventilation models for different widow types [7]. Followed by that,
Wang et al. (2015) expanded the models for six more window types and
integrated stack effect into the models [13]. Pan et al. (2019) and Gough
et al. (2020) developed advanced mathematical formula for the single-
sided ventilation by considering urban impacts based on experimental
data [14,15]. The semi-empirical model proposed in all the above
research utilized pressure coefficient (Cp) to predict ventilation rate (Q).
The C, associated uncertainty is high [16]. The importance of C, on
performance-driven design was highlighted by conducting a sensitivity
analysis in the use of building energy simulation [17,18]. However,

1. Introduction

Natural ventilation is a passive technology to reduce building energy
consumption [1]. Despite numerous studies on natural ventilation [2],
quantifying natural ventilation rate remains challenging [3] as it in-
volves the knowledge of complex mechanisms of fluid mechanics and
heat transfer [4]. The traditional method estimating natural ventilation
rate is based on the standard orifice flow equation that calculates airflow
rate proportional to the square root of pressure difference between two
openings on opposite walls to form cross ventilation [5]. In many
buildings, internal walls, partitions and other configurations often hin-
ders cross ventilation [6] and single-sided natural ventilation is preva-
lent [7]. However, for single-sided natural ventilation, the orifice flow
equation might not be suitable to predict the airflow rate due to the
different window types, bi-directional flow at a single opening [8], and
complex airflow around the window [9].

Researchers have proposed several empirical models to calculate
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Nomenclature
Name Description
G Pressure coefficient, defined as the difference between

the static pressure at a point on the building’s facade
and a reference point in the free stream, normalized by
the dynamic pressure at the same reference point.

Q Airflow rate through openings.

Uper Reference wind speed, typically measured far from the
building to avoid the effects of the building and
surrounding structures.

Cq Discharge coefficient, a factor that adjusts the ideal flow
equation to account for real-world conditions such as
friction and turbulence.

Aess Effective opening area, the actual area of the opening
adjusted for its shape and the nature of the flow through
it.

AT Temperature difference between the inside and outside
of the building.H: Height of the opening.

Zo Neutral plane height from the ground, a reference level
at which the pressure is equal inside and outside.

Ow Wind angle, the angle at which wind approaches the

window or opening.

Kikuchi et al [19] highlighted the difficulties in determining Cps.

Cp is defined as the difference of static pressure at a point on the
building’s facade and a reference point in the free stream, and then
normalized by the dynamic pressure at the same reference point [20]. C,
can be determined with full-scale measurements [21], wind tunnel tests
[22], and CFD approaches [23]. Hensen (1991) conducted experiments
to develop empirical C, models that vary according to wind conditions
and are significantly affected by surrounding conditions [24]. The
empirical models mainly consider wind pressure as the driving force to
facilitate natural ventilation [25]. Full-scale experiments have the lim-
itations to control the wind conditions in the free stream. Wind tunnel
experiments are therefore used to determine C, in controlled wind
conditions. Studies show that wind tunnel experiments have limitations
on predicting Cps due to limited building shapes and surrounding con-
figurations [26,27]. CFD simulations [28] were also used to study the
influence of different wind incident angles on wind pressure coefficients.
The research pointed out the importance to obtain pressure coefficient
with both vertical and horizontal pressure coefficient gradients. How-
ever, it is computationally expensive to obtain C, gradients for different
buildings in real-world conditions.

To overcome limitations of experiments and CFD, machine learning
(ML) [29] and deep learning (DL) models were developed to predict C,
on buildings’ facades. Vrachimi, Melo, and Céstola (2017) developed a
ML model to predict C, using wind-tunnel experiment data from Air
Infiltration and Ventilation Centre (AIVC) database [30]. Bre, Gimenez,
and Fachinotti (2018) trained neural networks using published C, data
from the Wind Engineering Information Center of the Tokyo Polytechnic
University (TPU) [31]. Van Nguyen and De Troyer (2018) also proposed
the C, prediction methods using their own web-based datasets to train
model [23]. To the authors’ best knowledge, ML and DL models are not
yet developed for real-world buildings under real-time climate
conditions.

This study addresses these gaps by proposing a Machine Learning-
Guided Semi-Empirical Model (ML-SEM) for predicting pressure co-
efficients and natural ventilation rates in a single-sided ventilation
setup. The proposed method leverages localized sensor data, including
wind direction, temperature, and humidity, collected from Harvard
HouseZero’s facade sensors and weather stations. By replacing the
generic C, component in a traditional SEM with a Random Forest-based
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ML model trained on real-time data, the framework improves predictive
accuracy and adaptability. This integration not only minimizes reliance
on assumptions and standardized C, values but also reflects the true
environmental behavior around specific buildings. Moreover, we assess
the limitations of existing SEMs, particularly in their treatment of the
neutral plane level, local wind speed attenuation, and contextual shel-
tering effects. These factors are systematically corrected using CFD-
calibrated parameters, empirical modifiers, and ML-predicted C,
values, resulting in a more robust and context-sensitive model. This
hybrid approach enhances the operational relevance of NV modeling for
use in model predictive control, building automation, and environ-
mental performance simulations. By addressing both theoretical limi-
tations and practical application challenges, this research contributes a
novel methodology for enhancing NV prediction accuracy using a data-
driven approach. The ML-SEM framework is also scalable to a wide
range of other buildings with available sensor data, offering a promising
pathway for integrating empirical modeling with smart building
technologies.

The goal of this study is to propose a real-time data-driven method to
predict pressure coefficient and natural ventilation rate. The detailed
objectives include: 1) review existing simplified semi-empirical NV
models and evaluate the sensitivity of these models to pressure co-
efficients; 2) develop a machine learning method and algorithm to
predict pressure coefficient and thus natural ventilation rate; 3) use real-
time sensor data to predict pressure coefficients and ventilation rates of
a real building and compare with other models. The novelty of this work
to provide ML based airflow prediction framework using an existing
semi-empirical model. It further shows the applicability of existing
single-sided empirical models to real-world situations with C, pre-
dictions using localized sensor data. This research demonstrates how
localized sensor data can be effectively leveraged to predict context-
specific pressure coefficients, thereby addressing a fundamental limita-
tion in current ventilation models.

2. State-of-arts of semiempirical model development
2.1. Overview of classical semi-empirical models for natural ventilation

Among existing models and methods, the level of simplicity of SEMs
due to fewer parameters makes them useful for early design and system
control. In this section, the simplified semi-empirical models (SEMs) are
reviewed to estimate volume flow rate though openings of single-zone
buildings. The results are further compared with CFD calculations in
literature. Semi-empirical models were developed to calculate Q, using
a combination of parameters such as window’s opening angle, wind
speed, wind direction, height of neutral plane and the buildings (Fig. 1).

Several SEMs have been developed since the 1980s, including War-
ren (1977), ASHRAE (1987), Larsen & Heiselberg (2008), Wang (2015),
and etc. Performance of some models are reviewed and compared in this
section.

1) Warren (1977)

Qn=f(6 wd,C,P)

0: window openingangle
w: wind speed

d: wind direction

Cp: Pressure coefficient
P: Other fixed parameters

Fig. 1. Input parameters to calculate airflow rate.
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where Cy is 0.6, Ay is the effective opening area, Qq« and Q, are the
flowrate for buoyancy and wind-driven ventilation.
2) ASHRAE Model (1987)

Q=CAU 3
where C, = effectiveness of opening, and it is assumed to be 0.5-0.6 for

perpendicular wind and 0.25-0.35 for diagonal winds.
3) Larsen & Heiselberg (2008)
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where AT is the temperature difference, H is the opening height, and the
three constants C;, C; and C3 are found by use of the least squares
method from their experiments.

This model took both wind pressure and temperature difference into
consideration. They used a full-scale test room with controlled pressure
and temperature to test the orifice equation. They found that the
discharge coefficient cannot be regarded as a constant for airflow
calculation due to different window types, opening area, and tempera-
ture difference across the opening.

4) Wang (2015)
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where h is the height of the opening, hy is the elevation of the bottom of
the opening above the ground and z, is the distance from the neutral
level to the ground. where C(6,,, @) is the modifier. The equation for the
modifier varies by the type of windows, as shown in Table 1.

Wang’s model considers different types of windows such as hopper,
awning, and casement windows. Wang’s SEM was further validated by
experiments in real environment. However, Wang’s model did not
consider temperature difference.

5) Pan (2019)

2
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where Cq is discharge coefficient, z is the height from ground, z, is the
neutral plane height from ground, and T is air temperature. This
empirical model considers wind speed, wind directions, and air tem-
perature differences. The model has been applied to calculate buoyancy
and wind-driven ventilation rate in apartment buildings. However, the
above models do not consider the effect of flow fluctuation and the types
of openings such as awning, hopper, and casement windows [32].

Table 1
Modifiers for different window configurations.
Window Type C(Oy,a)
Hopper min [ Cconversing \/ﬁ 1
Carec 2
Awning (1—|cosbyw|) wr
9 T W
2 w1 + 72
Casement 0<6, <90

. a 1
C(Oy,a) = c\sm@w\cosi where ¢ = { 0.5 otherwise
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Given that these constraints mentioned above, a structured model
assessment is necessary to evaluate predictive accuracy under controlled
geometry and environmental conditions. To this end, Section 2.2 pre-
sents a shoebox case study designed to quantify model error and propose
targeted corrections to improve SEM reliability and contextual
applicability.

2.2. Shoebox case study for model assessment and correction

While each of these semi-empirical models contributes valuable in-
sights into airflow prediction under various conditions, their perfor-
mance can vary significantly depending on window type, wind angle,
and local environmental parameters. To critically assess their applica-
bility and limitations in a controlled yet realistic setting, we imple-
mented a comparative analysis using a shoebox building model. This
setup allowed us to isolate key variables—such as window geometry,
wind direction, and wind speed—and evaluate how well each model
aligns with CFD benchmarks under consistent boundary conditions. The
shoebox case serves as a practical testbed for quantifying the models’
predictive accuracy and identifying the key parameters that require
calibration for real-world applications. Building on this framework, we
evaluated five SEMs alongside CFD results using the shoebox model
proposed in Wang [7]. The shoebox building measured 3.6 m x 2.4 m x
3.3 m and included a 1 m x 1 m hopper window with a 30° opening
angle. Among the five models tested, three—ASHRAE, Warren, and
Wang—were selected for baseline comparison. These models were
assessed against CFD results from Wu, Han, and Malkawi [33] to
determine their predictive reliability.

Table 2 presents the calculated volume flow rates across a range of
wind incident angles (0°-180°) and wind speeds (3-12 m/s). When wind
was perpendicular to the window, the ASHRAE model predicted a high
flowrate of 1.478 m3/s, while Warren’s model yielded 0.045 m%/s,
closely matching the CFD result of 0.049 m®/s. Although Warren’s
model aligned well under this specific condition, it lacks directional
adaptability due to the absence of wind angle modifiers. ASHRAE’s
model includes generalized effectiveness coefficients for perpendicular
and diagonal winds but also fails to respond dynamically to varied wind
directions. In contrast, Wang’s model incorporates directional modifiers
and produced more flexible results that aligned with CFD outputs (RMSE
= 0.06). However, it exhibited a steep increase in flowrate with wind
speed, highlighting a need for calibration under variable conditions.

There are some issues to increase the accuracy of the SEM model by
using Wang’s model as a baseline model. According to equation 5,
Wang’s SEM takes the height of the neutral plane (z;), pressure co-
efficients (Cp,) and reference wind speed (Uyer) as main parameters. Wu
et al. (2021) have shown the importance of getting a reasonable neutral
plane level for the different shapes of windows. Moreover, it is chal-
lenging to apply those models to the whole building since it does not
consider the impact of surroundings and the decreased wind speed
around openings. The identified problems are described in Fig. 2. The
first problem is the adjustment in the level of the neutral plane for the
specific window type. Since different wind direction causes the different
turbulence patterns, knowing the impact of the window’s shape from the
various wind incident angle is crucial. The second problem is the lack of
understanding of decreased wind speed around the building from the
reference location far away from the building. It can be wisely consid-
ered and applied the local wind speeds with a simple modifier before
calculating Q with the wind velocity value. The last problem is the lack
of consideration of the surrounding buildings.

Based on the identified problems above, four different methods were
applied to develop Wang’s SEM model, which is the most relevant model
since it considers the impact of hopper windows on ventilation rate. To
calibrate Wang’s models, we used outputs of the steady-state CFD sim-
ulations [33], the localized wind speed in the urban setting, and the
numerical correlations from the literature reviews [35]. Fig. 3 delineates
the conceptual understanding of the corrected factor for the model and
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Table 2
The calculated Q for different wind incident angles and speeds (Wu et al, 2021).
Case Window Opening Angle Wind Incident Angle Wind Speed(m/s) ASHRAE Warren Wang Wu et al.
(1987) (1977) (2015) (2021)
(m%/s) (m®%/s) (m®%/s) (m®/s)
11 30 0 3.5 1.478 0.045 0.128 0.049
12 30 45 3.5 0.568 . 0.095 0.044
1.3 30 90 3.5 0.568 — 0.091 0.066
14 30 135 3.5 0.568 - 0.101 0.01
15 30 180 3.5 0.568 - 0.094 0.082
21 30 0 3 0.975 0.038 0.109 0.04
23 30 0 5.4 1.755 0.069 0.197 0.077
24 30 0 9 2.925 0.116 0.329 0.136
25 30 0 12 3.9 0.155 0.439 0.189
Flow B Fi Py P P ”
— iy gt 1 u 2 u 3
NP - |
U Py P 1 ||
NP 2 f I]
u,
B u []
Orifice flow model Problem 1 Problem 2 Problem 3
Fig. 2. Identified problems to solve issues on modeling a semi-empirical model.
Wang (2015) NP_fixed WL _fixed Shelter AIVC Shelter OF

1 [

]

[] []

Fig. 3. The diagram of corrected models and name for the SEM model development.

the names for analyzing the calculated Q from SEM. Firstly, we named
the calibrated model for the neutral plane [33] to NP_fixed and called
the added local wind speed modifier [7] to the NP_fixed model as
WL_fixed. Another important factor we should consider when we use the
SEM model is the shelter effect from the buildings surrounded. To take
the shelter effect into considerations, we replaced C, from Wang’s for-
mula with CFD experiment data. Charisi et al. formulated localized Cps
from standard datasets and CFD simulations. We tested two different

Model comparison with different WIA

methods for applying the effect of surrounding buildings: Shelter AIVC,
which uses the datasets from the Air Infiltration and Ventilation Centre
(AIVC, Malcolm Orme, Martin Liddament (1998)) and Shelter OF,
which takes the datasets from the OpenFOAM CFD simulations [36,37].

Fig. 4 shows the results of SEMs for different wind incident angles
(Fig. 4 on the left) and the different wind speeds (Fig. 4 on the right).
Wang’s model shows an average flowrate of 0.102 m>/s for different
wind incident angles and 0.274 m®/s for the different wind speeds.

Model comparison with different WS

0.45
—e— Wang
0.12 0.40 NP_fixed
—o— WL fixed
2010 2 0359 —e— Shelter AIVC
E E 030 —e— Shelter OF
@ @ -@- Wuetal
g ]
© 0.08 E 0.25 1
S S
2 & 0.20
® ®
5 0061 -
0.15
k3 k7 /
0.04 0.10 1 /
0,02 +— . : : : . . - . . " : "
0 25 50 7 100 125 150 175 4 6 8 10 12

Wind incident angle (degree)

Wind speed (m/s)

Fig. 4. Flowrate with different wind incident angles (left) and varying wind speeds (right).
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Compared to the CFD simulations results, the average flowrate from
Wang’s model almost doubled. This is because we didn’t consider the
proposed issues in Fig. 3. Compared to Wang’s model, corrected models
present a more comparable Q from the CFD. The yellow line graph
shows the most significant drop from the baseline Wang’s model by
replacing neutral planes for each different angle for wind direction and
speed [33]. Another significant impact for the SEM calibration for the
lab is replacing U with the localized wind speed (Greenline in Fig. 4,
WL _fixed), which is usually smaller than the wind from the free stream.
When we corrected the local wind value from the reference wind speed
at 3.5 m/s, the root mean squared error (RMSE) dropped about half for
the different wind incident angles and decreased significantly for the
wind speed. It has been found that by replacing the localizing wind
speed and the level of the neutral plane, the error between SEM and CFD
has decreased by a significant amount. Last modifications were done
with corrected Cps simulating the partially sheltered buildings compared
to the building in the open location. These options result in the best-
fitted results to CFD, especially for the different wind magnitudes.
However, the CFD results were more deviated from other models for the
wind direction between 90 degrees to 180 degrees; this is because those
directions are parallel to the facades or behind the target facades.
However, except for those directions, corrected models predict flowrate
very well for the varied wind speeds and wind directions normal to the
opening.

With all parameters fixed, including the neutral plane, the wind
local, and the shelter effect, the total RMSE errors went down to 0.033
and 0.005 for the different wind directions and speeds. These correction
factors especially working well for the different wind magnitudes
yielding the lowest errors among all tests. Fig. 4 highlights the perfor-
mance gains achieved through the corrections, particularly under
varying wind magnitudes, confirming the necessity of contextual cali-
bration for accurate flow rate prediction.

To enhance the evaluation of classical semi-empirical models, we
compared ASHRAE (1987), Warren (1977), and Wang (2015) against
CFD results using a shoebox test building. While ASHRAE and Warren
offer simplicity, they lack adaptability to wind direction, often resulting
in over- or underprediction. Wang’s model performs better due to its
inclusion of wind direction and window geometry but still overestimates
flowrates at higher wind speeds. To address these limitations, we
applied four calibration strategies to Wang’s model: neutral plane
adjustment (NP_fixed), local wind speed correction (WL_fixed), and two
shelter effect models (Shelter AIVC, Shelter OF). These corrections
significantly reduced RMSE, with WL _fixed and Shelter_OF yielding the
most accurate predictions. This highlights the importance of localized
calibration for accurate natural ventilation modeling. These findings
underscore that, while traditional SEMs are valuable for early-stage
design, they must be critically evaluated and contextually calibrated
to provide meaningful predictions in real-world applications. Our
enhanced framework demonstrates a robust methodology for adapting
and refining existing SEMs through empirical validation and site-specific
data integration, thereby enabling more accurate and scalable applica-
tions in natural ventilation modeling. Given enhanced model perfor-
mance through contextual calibration, the following section applies
these corrections to a controlled laboratory setting. Since pressure co-
efficients (Cp) are a critical input for flowrate estimation, it is essential
to validate their applicability under real experimental conditions and to
develop robust data-driven models for Cp prediction.

3. Methodology for the ML-guided SEM model

Semi-empirical models (SEMs) rely on various inputs such as window
opening angles, effective opening areas, neutral plane height, wind
conditions, and facade pressure distributions. While wind speed and
direction can typically be obtained from local weather stations, other
parameters—Cp values—are often derived from standardized empirical
datasets, which may not reflect site-specific turbulence or the influence
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of surrounding buildings. To overcome these limitations, this study
proposes a machine learning-guided SEM (ML-SEM) that incorporates
real-time sensor data to predict localized pressure coefficients (Cp).

The methodology consists of three integrated components: (1) con-
structing a single-sided ventilation model adapted to the laboratory
setting; (2) training a machine learning model to predict Cp using
sensor-derived features; and (3) developing a workflow that links sensor
inputs, ML outputs, and the SEM to improve the accuracy and contextual
relevance of airflow estimation. By embedding a data-driven Cp pre-
diction module, the ML-SEM reduces reliance on generalized assump-
tions and enhances model adaptability to real-world conditions.

3.1. Experiments for machine learning training and validation

3.1.1. Experimental building and measurement

The space utilized for single-sided empirical model development was
a lab in HouseZero (Fig. 5a). HouseZero is located in Cambridge, Mas-
sachusetts and has hundreds of sensors utilized to run the building and
conduct experimentation [38]. The third floor of HouseZero contains a
controllable experimental area known as the LiveLab, which is oriented
toward the south. This lab is integrated with building control systems
that automatically operate the hopper windows of HouseZero (Fig. 5b).

The LiveLab is equipped with several types of sensors that provide
data to train and validate the ML algorithm developed for the data
driven model (Fig. 6a). Sensors installed in HouseZero include temper-
ature sensors, pressure transducers, anemometers, occupancy Sensors
and a weather station. The local weather station is mounted (See Fig. 6b)
at the HouseZero rooftop. The weather information includes dry-bulb
temperature, relative humidity, wind direction, wind speed and solar
radiation. Eleven pressure and temperature sensors are installed on all
facades. Fig. 6s shows the location of facade sensors and Table 3 de-
scribes important sensor information: accuracy and precision. The
weather station measures wind speed with an accuracy of + 0.3 m/s for
speeds below 3 m/s and + 1 % for speeds above 3 m/s, within a range of
0.3 to 75 m/s. Wind direction is measured with an accuracy of + 2°
across the full 0° to 359° range. Temperature sensors report air tem-
perature with high precision: +£0.25 °C from —40 °C to 0 °C, £0.20 °C
from 0 °C to 70 °C, and + 0.25 °C from 70 °C to 75 °C, covering an
operational range from —30 °C to 55 °C. The barometric pressure sensors
operate within a range of 60 to 110 kPa and have an accuracy of &+ 0.03
% FS, where “FS” refers to the full-scale measurement range, corre-
sponding to a maximum possible error of + 0.015 kPa.

The experimental period spanned from June 1, 2022, to May 31,
2024. Temperature, pressure, and weather data were continuously
collected throughout this period. For this study, pressure data were
obtained from the sensor installed on the south facade of the LivingLab
(see Fig. 6¢), recorded at a 5-minute interval over the full duration of the
experiment.

3.1.2. Data from the weather station and the pressure sensor

Typically, the weather data from the nearest airport is used for the
performance simulation. Sometimes weather data from the airport
cannot represent the localized weather condition. For example, the
average dry bulb temperature from the HouseZero, which is located in
the middle of the urban center, is more than 4 °C higher than the airport
[34]. Fig. 7 illustrates the difference between wind information from the
nearest airport and localized weather station.

For this study, the data collected from the HouseZero weather station
was merged into the datasets from the nearest airport — Boston Logan
International Airport. The utilized data from the airport was mainly the
atmospheric pressure data since it is not located in the dense urban
areas. The rest of the datasets including temperature, humidity, wind
direction and speed was directly adopted from the local weather station.
As shown in Fig. 8, the wind speed was widely distributed from 0 m/s to
4 m/s at HouseZero, but the wind direction was concentrated between
200 degrees and 315 degrees. Both wind speeds and directions were
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Fig. 5. (a) HouseZero, (b) Hopper windows.
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Fig. 6. (a) The diagram of sensors on HouseZero’s south facades (b) Weather station on the roof top (c) The temperature and pressure sensor on the south facade.

Table 3
The details of sensors installed.
Name Objective Accuracy Range
Weather station Wind speed +0.3 m/s below 3 m/s 0.3 to 75
+1% over 3 m/s m/s
Wind direction +2° 0° to
359°
Temperature Air +0.25 °C from —40° to 0 °C + —30 to
sensor temperature 0.20 °C from 0° to 70 °C 55°C
+0.25 °C from 70° to 75 °C
Pressure sensor Barometric +0.03 % FS 60 to 110
pressure kPa

used to predict Cps with pressure data from the airport and a pressure
sensor on the south facade. The C, values are then fed into the fixed
Wang’s model with fixed wind speed and neutral plane for the lab. The
level of neutral plane was calculated by using CFD with the methods
described in the section 2.

3.2. ML-based C, model development for semi-empirical model

To address the limitations of conventional pressure coefficient (Cp)
estimation methods in semi-empirical models (SEMs), this study in-
corporates a ML approach to dynamically predict Cp values using real-
time environmental data. Specifically, a Random Forest regressor was
employed as the primary ML model, leveraging sensor inputs from the
HouseZero building and a localized weather station. This data-driven Cp
model replaces the conventional Cp component derived from the liter-
ature, thereby improving the model’s contextual responsiveness and
predictive accuracy.

Fig. 9 illustrates the workflow for integrating ML model into the SEM
model for predicting natural ventilation flowrates. The process begins
with the collection of sensor data, including weather variables (e.g.,
wind speed and direction) and pressure measurements. Weather data is
used to construct input features, while pressure data is processed to
calculate pressure coefficients (Cp), which serve as labels for supervised
learning. These data are then used to train multiple ML models through a
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Fig. 8. The heatmap of wind speed and wind direction from the collected
weather data.

process of model comparison, feature selection, and hyperparameter
tuning. Once the optimal model—such as a random forest regressor—is
selected, it is applied to new sensor data to predict Cp values in real-
time. These predicted Cp values are then passed to the SEM, which
computes the resulting airflow rate through the building’s openings. In
the following section, we describe the detailed procedure for developing
and validating the ML model, including feature selection, algorithm
tuning, and performance evaluation based on changes in wind speed and
direction.

3.2.1. Machine learning (ML) algorithm

1. Support vector machines (SVM)

SVMs are effective in high-dimensional spaces and particularly use-
ful when the relationship between input features and the target variable
is non-linear. The use of kernel functions allows SVMs to project data
into higher-dimensional spaces, making it possible to delineate complex
patterns that linear models cannot capture. This capability is crucial for
accurately modeling the intricate interactions between environmental
variables and pressure coefficients.

2. Decision trees

Decision trees provide a straightforward approach to modeling non-
linear relationships by recursively splitting the data based on feature
values. Each split represents a decision rule that leads to a clear and
interpretable model structure. The flexibility of decision trees in
handling various types of data and their ability to model non-linear
interactions without requiring any transformations of the input vari-
ables to make them a suitable choice for our task.

3. Random Forest

Random forests enhance the predictive power of decision trees by
constructing a multitude of trees and averaging their predictions. This
ensemble approach improves the model’s accuracy and reduces the risk
of overfitting. Random forests can effectively capture complex, non-
linear relationships in the data by leveraging the diversity of the indi-
vidual trees, making them robust against the variability in environ-
mental conditions that influence pressure coefficients. Fig. 10 shows the
structure of the model, and it contains parallelly running decision trees
with no interaction amongst them.

3.2.2. ML model development and fine-tuning

We compared the general performance of the models described in the
previous section using the coefficient of determination (RZ), Mean Ab-
solute Error (MAE), and Mean Squared Error (MSE) on validation sets to
evaluate their effectiveness in predicting pressure coefficients.

SVM demonstrated limited effectiveness in capturing the non-linear
relationships between environmental inputs and pressure coefficients,
with an R? of 0.421, MAE of 0.0309, and MSE of 0.0008. Decision Trees
showed slight improvement with an R? of 0.487, MAE of 0.0182, and
MSE of 0.0006. Among the evaluated models, Random Forests delivered
the best performance, achieving the highest R? value of 0.619, the
lowest MAE of 0.0159, and the lowest MSE of 0.0005 (see Table 4). The
ensemble nature of Random Forests enables robust learning from com-
plex patterns while reducing overfitting risks, making them the most
suitable approach for predicting localized pressure coefficients (C,) from
environmental sensor data.

Therefore, Random Forest regressor was selected as the machine
learning model to predict localized Cp. A total of 17,520 hourly data
points representing a full year were used. The dataset was randomly split
into 80 % for training and 20 % for validation, with an entirely separate
dataset used for final testing. Fig. 11 presents scatter plots that compare
predicted and measured C, values across three machine learning mod-
els—SVM, Decision Tree, and Random Forest—applied to both training
and test datasets. The top row shows results for the training set, while
the bottom row corresponds to the test set.

To determine the most effective input variables for predicting C,, a
feature selection analysis was conducted using the trained Random
Forest regressor. As shown in Fig. 12, wind direction emerged as the
most influential predictor, followed by air temperature and relative
humidity. These rankings were derived from the model’s internal
feature importance metric, which evaluates each variable’s contribution
to reducing prediction error.

The inclusion of temperature and relative humidity as predictors is
theoretically justified by the general energy equation, which establishes
relationships between sensor-measured environmental parameters and
surface-level pressure coefficients at natural ventilation openings. These
environmental variables effectively capture the thermal and moisture-
related interaction that influence pressure distributions on building
surfaces.
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Table 4
Errors on validation sets for different ml models.

SVM Decision Tree Random Forest
R2 0.421 0.487 0.619
MAE 0.0309 0.0182 0.0159
MSE 0.0008 0.0006 0.0005

Output
Flowrate
Vi
P, + 9 4 p8%m = Ps+ pgZ, + loss 7)

where subscript m means the parameter at the measurement location, s
means the opening surface location. Both temperature and relative
humidty affects the local air density and leads to pressure differences.

This relationship implies that temperature and humidity, which
directly influence air density p, are key drivers of pressure differences
across the building envelope. Variations in thermal and moisture con-
tent between indoor and outdoor air masses can lead to localized
buoyancy and dynamic effects that modulate pressure coefficients at
facade openings. Therefore, the prominence of temperature and hu-
midity variables in the feature ranking not only validates their empirical
relevance but also aligns with theoretical expectations. Their inclusion
enhances the model’s ability to infer C, values under diverse environ-
mental conditions, improving its robustness for real-time application in
data-driven SEMs.

Motivated by these findings, we designed a comparative experiment
to evaluate the predictive performance of different feature configura-
tions. Specifically, we compared three representative input scenarios:
(1) using wind direction only, (2) using the top three features identified
via feature importance (wind direction, air temperature, and relative
humidity), and (3) using the full set of available features.

Among these, the top three feature set provided the best balance
between model parsimony and predictive power. It significantly
improved performance over the wind direction-only model, increasing
the R? from 0.534 to 0.640 and reducing the mean squared error (MSE)
by over 10 %. In contrast, the performance gain from adding all
remaining features to the top three was marginal, yielding less than a 1
% decrease in MSE and nearly identical mean absolute error (MAE)
values. As illustrated in Fig. 13, the predicted C, values from the top
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three feature model closely aligned with those from the full-feature
model, whereas the wind direction-only model exhibited larger de-

viations from ground truth.

After selecting wind direction, wind speed, air temperature, and
relative humidity as the core input features, we further investigated
whether adding additional variables could enhance model performance.
We tested three types of supplementary inputs: time-related features
(such as sine and cosine transformations of hour and month), interaction
terms (e.g., temperature x solar radiation, humidity x wind), and lag-
ged C,, values from previous time steps (see Table 5). The inclusion of
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time-related features improved the model’s R2 from 0.640 to 0.675,
while reducing the MAE and MSE to 0.029 and 0.006, respectively. This
suggests that capturing daily and seasonal patterns contributes to more
accurate C, predictions. Similarly, adding interaction terms yielded
comparable results, with R? at 0.693 and a slight reduction in error

Cp Predictions Comparison - 3 Scenarios

Wind_direction_only
03 —-+- Top three + ws
# x x Al features

o 02 ' xp ! !
: 1 P AR A T g %
] 4 i i I ! x I
€ ki bbb d i s o et b g
g xx‘,”‘x (] 1§ T f?‘,'g.fu T IR [ “'5 AR el A G Re R R RN
S ool YHMNAT E Ry on fyh wh BABGGE VVR TH S TYOUEL Ta 0 S LT o fen bl R R
g Vi U AR LT TR AT B R T SRR AT
5 S e alu gy Raea i E LR SR TR 3TN e R B A
2 01 (D! ‘.:* IRCT T ‘u I h TR Y] TR T yyL e X! iy
] iy txn,,( ol " o I ! z TExe |’ 31
s Wt oty s ik i ¥ ¥ o
O # o ] o ] } Vo I

-02 i I

% I t x
-03 x
2023-03-01 2023-03-02 2023-03-03 2023-03-04 2023-03-05 2023-03-06 2023-03-07 2023-03-08
Time

Fig. 13. The predicted Cps between different inputs features.



J.M. Han et al.

Table 5
Error on validation sets for different input feature configurations.
WindDir_only  Top All Time Interaction  Lag
three features info Cp
R2 0.534 0.640 0.615 0.675 0.698 0.922
MAE 0.046 0.035 0.033 0.029 0.013 0.017
MSE 0.009 0.007 0.007 0.006 0.004 0.001

metrics, highlighting the benefits of modeling non-linear relationships
between environmental variables. The most notable improvement came
from incorporating lagged C, values, which significantly boosted the
model’s R? to 0.922 and reduced the MAE and MSE to 0.017 and 0.001,
respectively. This indicates a strong temporal dependency in C,
behavior, and that leveraging historical C, data substantially improves
predictive accuracy. These results confirm that while the top three fea-
tures provide a solid baseline, adding time-aware and history-based
features can further refine the model, especially in contexts where
pressure data is available.

To optimize hyperparameters, the grid search cross-validation
methods were used. Table 6 describes the search space used and the
best parameters for the final SEM model. This approach ensures that the
model is fine-tuned to achieve the highest possible accuracy by sys-
tematically exploring different combinations of hyperparameters. The
selected parameters, such as the number of estimators and maximum
depth, reflect a balance between model complexity and performance. By
incorporating these optimized hyperparameters, the random forest re-
gressor can more accurately capture the relationships within the data,
thereby improving the prediction of C, values.

The fine-tuned model was implemented in SEM as a part of the model
to calculate C,. The fine-tuned model shows the mean absolute error at
0.021 and the mean squared error at 0.002 on the final testsets. Test sets
are the data that are not included in both the training and validation
process.

Fig. 14 presents the one-week time-series comparison of predicted
and actual C, values using both the baseline and the fine-tuned Random
Forest models. In each plot, the solid line represents the model pre-
dictions, while the shaded area denotes the + 1 standard deviation
confidence interval estimated via bootstrap resampling. The black
markers indicate the measured values. Notably, the final model (bottom
figure) shows improved alignment with observed C, fluctuations
compared to the baseline (top figure), capturing short-term temporal
variations more accurately. Additionally, approximately 75 % of the
true values lie within the model’s confidence bounds, highlighting the
enhanced predictive stability and generalization of the fine-tuned model
over the baseline model.

4. Results and discussion

It is crucial to tune the parameters which represents a location-
specific case. There have been many ways to calibrate SEM including
CFD, experimental data, and surrogate models. We utilized measured
data to formulate surrogate model as a part of the SEM. Fig. 15 illustrates

Table 6
Radomized grid search parameters for the proposed regressor.
Parameter Grid Search Space Best
Value
bootstrap [True, False] True
max_depth [1,5, 10, 15, 20, 25, 30, 40, 50, 60, 70, 80, 90, 30
100, None]
max_features ["auto’, *sqrt’] ’sqrt’
min_samples_leaf [1,2,4] 2
min_samples_split [2,5,10] 10
n_estimators [200, 400, 600, 800, 1000, 1200, 1400, 1600, 1000
1800, 2000]
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the processed data with credible intervals to compare the empirical C,
models for the HouseZero LiveLab compared to the traditional C,
models. In literature, the wind from perpendicular to the facade has the
most potent impact on natural ventilation. The empirical formula from
ASHRAE and Wang also shows this idea well by the curve on the peak at
the wind incident angle at 180 degrees. However, our data tells a
different story. For the wind incident angle at 180 degrees, the ML-based
Cp model shows the lowest C, compared to slightly tilted angles. This
might be due to the context building near the south facade blocks direct
wind from the south and dissipates the southern wind towards the south-
faced facade.

It is also found that the wind parallel to the facade shows a significant
spark in the predicted C, values. With those findings, we can define the
unknown factors around buildings and the local turbulence caused by
contextual buildings and conditions. This will directly affect the flow-
rate on the target room using the proposed empirical formula. We used
the empirical formula in section 2, and modify the C, values accordingly:
ASHRAE model, Wang’s model, and data-driven model in the following
orders.

Due to the development of simplified tools and advances in CFDs,
more radical models and methods have been proposed for natural
ventilation models. However, using a CFD approach is relatively com-
plex for accurate modeling of the airflow around the buildings and
considering the urbanized local context in the model [39]. As a result,
the SEM models have been concurrently developed and validated using
field measurement data and CFDs data. Developing fully matured SEM
utilizing on-site measurement takes a fair amount of time and requires
manifold sensors to point and control the environment. To avoid this,
calibrated SEM was alternatively widely used in many cases, such as
model predictive controls, window controls, and indoor air quality
monitoring. To increase SEM’s accuracy, we proposed a data-driven
component as a part of SEM to represent a site-specific condition well.
The results from the previous section showed the various considerations
around buildings by calculating the pressure coefficient on the facade. In
this paper, a random forest regressor with weather related input features
was created and trained to obtain localized C, values. Data used were
collected from the sensors installed in HouseZero. We used the trained
Cp model to calculate flowrate for the future use of the building controls
and other experiments. The trained model yields the lowest MSE for the
test sets at 0.008 within 75 % of the credible boundary on the testsets.

While the model performed well, it is important to acknowledge the
limitations in temporal resolution. High-frequency data is typically more
suitable for capturing detailed turbulence effects. However, due to
equipment limitations and data storage constraints, this study utilized 5-
minute interval data. This resolution is sufficient for capturing broader
patterns and average behavior in natural ventilation and is consistent
with the time resolutions commonly used in empirical research.

Fig. 16 shows the calculated flowrate from the same SEM model with
different Cps values. It illustrates the effect of C,s calculating flowrate is
relatively large when wind incident angle changes. Therefore, it is
difficult to conclude that the generalizability of SEM is flexible when it
comes to apply assumptions on predictions. Therefore, it shows the
importance of implementing well-made assumptions to utilize existing
SEM for the different projects. In the case of this research, the ML-guided
Cp model reduces the unpredictability of the wind pressure around
buildings by using the measured data located in building’s facades. The
proposed methods can be extended to any other projects where sensors’
datasets are available such as temperature, relative humidity, and wind
direction. Wind speed can be added or omitted based on the available
datasets.

The results indicate that incorporating ML with semi-empirical
models (SEMs) significantly enhances the prediction accuracy of natu-
ral ventilation (NV) rates in buildings. Using real-time data from the
HouseZero provided a novel approach to use the sensor’s data for
modelling NV, demonstrating that ML models can effectively capture
local environmental conditions and adjust ventilation predictions
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Fig. 14. The predicted C,s on test sets compared to the actual values with final models.
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approach mitigates these inaccuracies, providing more precise and
reliable ventilation rates.

The results from the random forest regressor training on localized Cp,s
reveal that wind direction is the most influential factor in predicting C,
values, highlighting its significant impact on airflow patterns around
building facades. Following wind direction, temperature and relative
humidity were also critical for prediction accuracy due to their effects on
air density, buoyancy forces, and thermal properties. Wind speed, while
the least important, still contributed to the prediction of these models.
Our analysis of five scenarios, ranging from using only wind direction to
all available features, showed that including temperature, relative hu-
midity, wind direction, and wind speed provided a comprehensive and
accurate model, with negligible MSE differences between using all fea-
tures versus excluding wind speed. A significant performance gap was
noted between models using only wind direction and those using the top
three features, indicating that a multi-variable approach reduces error
by over 10 %. Consequently, our model prioritizes temperature, relative

o0z humidity, wind direction, and wind speed as input parameters. How-
0| e s ever, in the absence of wind speed sensors, the model remains robust
P o e o with just wind direction, temperature, and relative humidity. This
£ e Fod flexibility ensures wide applicability and reliable C, predictions across
f‘gw . - various scenarios, emphasizing the importance of a comprehensive
g, o o L S featl%re .set for accuracy and adaptability in different real-world
; applications.
:;Z . il s . Despite the promising results, our study has several limitations. The
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Fig. 16. The flowrate prediction with different wind incident angles.
accordingly. Our proposed methodology addresses several limitations of
traditional SEMs, particularly the reliance on generalized C, values that

do not account for specific building contexts. By integrating localized
sensor data and employing an ML model to predict C, values, our
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accuracy of the ML model heavily relies on the quality and quantity of
the sensor data, and any inaccuracies or gaps can affect the model’s
predictions. The specific environmental and architectural context of the
HouseZero may also limit the generalizability of our findings to other
buildings with different configurations and climates. However, the
modelling techniques are reproduceable that other researchers might
benefits from predicting C,. Additionally, while our model significantly
improves C, predictions using localized data, C, values can still be
influenced by unmodeled external factors such as unexpected weather
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changes or building use patterns, thus future fine-tuning with proper
data augmentation would be recommended.

To build on the findings of this study, future research could explore
several avenues. Conducting validation studies across different seasons
and various building types would provide a more comprehensive un-
derstanding of the model’s robustness and generalizability. Increasing
the resolution of sensor data and incorporating additional environ-
mental variables such as localized wind speed and direction could
further enhance the model’s accuracy. Applying the ML-guided SEM
model to different buildings with diverse architectural designs and in
various climatic regions would help generalize the findings and refine
the model for broader application. Integrating the ML-guided SEM with
automated building management systems could create adaptive venti-
lation strategies that respond dynamically to changing environmental
conditions and occupant needs.

5. Conclusion

This paper developed a machine learning-guided semi-empirical
model (ML-SEM) and proposed a training workflow to generalize the
approach for future applications. By integrating C, estimation based on
extensive sensor data from an operational building, the model improves
predictive accuracy for wind-driven single-sided natural ventilation.
The ML model effectively captures local conditions without relying
solely on CFD simulations or generalized empirical equations.

A random forest model was trained using sensor data—specifically
wind direction, temperature, and relative humidity—as these variables
were found to be the primary drivers of localized C, variations. The
predicted C, values were directly embedded into a validated SEM to
calculate flowrates through a hopper window, demonstrating the prac-
ticality and robustness of the proposed framework.

Moreover, the integration of real-time sensor data allows the model
to implicitly reflect the effects of surrounding buildings, upstream tur-
bulence, and microclimatic variations, which are often difficult to model
explicitly. This data-driven workflow offers a scalable and adaptive
methodology for incorporating sensor-derived pressure data into SEMs,
thereby reducing uncertainty and improving reliability in natural
ventilation assessments.

The broader implication of this work lies in minimizing the reliance
on generalized assumptions typically used in empirical models. Future
research may focus on improving temporal resolution of the dataset to
support the development of more advanced models tailored to site-
specific conditions. Additionally, validating the predicted flowrates
against direct airflow measurements in the HouseZero experimental lab
could further enhance the reliability and applicability of the proposed
ML-SEM framework.
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