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Highlights

What are the main findings?

• Building-specific, hourly air change rates (ACRs) can be reliably estimated in dense
urban contexts using lumped-parameter airflow models combined with urban aerody-
namic data.

• Dynamic, context-based ACR inputs reduce prediction errors in building energy use
compared to fixed infiltration rates.

What are the implications of the main findings?

• The methodology provides a scalable and computationally efficient way to improve
the accuracy of Urban Building Energy Models (UBEMs).

• More realistic ventilation and energy assessments support urban planners and policy-
makers in optimizing energy efficiency at larger scales.

Abstract

Accurate estimation of building-specific air change rates is important for reliable urban-
scale energy modeling, particularly in densely populated regions where airflow calculations
must account for complex boundary conditions associated with urban geometry. This study
applied lumped-parameter airflow models to simulate interzone airflow by calculating
the internal pressures using simplified building representations. Air change rates were
calculated by solving a system of nonlinear equations, with boundary conditions defined
by localized wind inputs corrected using aerodynamic parameters extracted from three-
dimensional urban geometry. By linking these wind-related boundary conditions with
lumped-parameter airflow models, the methodology describes spatial variability in natural
infiltration across a broad range of urban densities. Two cities were compared to test
the variability in building air change rates using local boundary conditions: New York
City, a dense modern city, and Turin, a typical medium-density European city. Moreover,
verifying the lumped-parameter model against CONTAM (Version 3.4.0.6) showed accurate
results, with a mean absolute percentage error of 1.2% across 120 simulated weather
scenarios. Furthermore, comparing energy consumption predictions using building-specific
air change rates to those using fixed air change rates showed improved accuracy, resulting
in an average error reduction of 27% over the entire heating season for a sample building.
This scalable, automated approach enables more accurate assessments of ventilation-driven
energy use in compact urban areas.
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1. Introduction
The accurate estimation of air change rates (ACRs) is a critical component of energy

consumption models, particularly in dense urban environments where building density, sur-
rounding topography, and local weather conditions heavily influence airflow patterns [1].
Infiltration, or the unintended airflow through building envelopes, directly impacts heating
and cooling demands, which are integral to determining building energy usage [2,3]. In
urban areas, infiltration rates are influenced by factors such as building geometry, surround-
ing environment, and local weather conditions. As urbanization increases, the variability of
ACRs across buildings in a city becomes more pronounced, necessitating a more accurate,
context-sensitive approach to modeling infiltration.

Several multizone airflow modeling tools, such as CONTAM, have been developed to
estimate building ACRs. CONTAM, developed by the National Institute of Standards and
Technology (NIST), is widely used to calculate airflow rates and assess ventilation adequacy
in buildings [4]. However, the traditional use of CONTAM often assumes surface-averaged
wind conditions, which may oversimplify the complex effects of the surrounding urban
environment on wind patterns. This oversimplification can lead to inaccurate infiltration
estimates, especially in dense urban areas.

Recent studies have emphasized the importance of accurately accounting for wind-
driven infiltration, which varies widely by location and surrounding environment. Herring
et al. investigated the effects of wind pressure inputs on the predicted ACR, showing that
pressures on building surfaces where airflow paths are located should be specified at a
resolution appropriate for the smallest volume of interest to ensure reliable results [5]. Their
findings underline the importance of high-resolution input data in accurately modeling the
impact of wind on building airflow. Similarly, Ng et al. noted the significance of airflow
modeling for residential and commercial buildings, where real-time estimates of infiltration
could improve energy management and indoor air quality control [6].

To address these limitations, tools like the Urban Multi-scale Environmental Predictor
(UMEP) have been developed to provide aerodynamic parameters, i.e., roughness length
(z0) and displacement height (zd), which can be used in wind speed corrections [7]. This
enables a more accurate representation of wind-driven airflow around buildings for use in
models like CONTAM.

Although various modeling approaches exist [8,9], the potential of lumped-parameter
models (LPMs), coupled with corrected wind speed profiles for estimating building ACRs
in urban contexts, has not been fully established in the literature. Prior infiltration studies
often applied generalized or static assumptions for wind conditions and ACRs, overlooking
the spatial and temporal variability introduced by complex urban morphologies [10]. At
the urban scale, recent wind studies have highlighted the strong influence of building form
and layout on local wind fields, underlining the need for more context-sensitive boundary
conditions [11]. Moreover, recent reviews highlighted that this spatial variability is often
insufficiently integrated into building ventilation and airflow modeling frameworks [12].
As a result, commonly used boundary conditions may not adequately represent the wind
environment experienced at the building scale, particularly in dense urban settings. Thus,
the present challenge is to improve ACR estimation by integrating boundary conditions
that incorporate localized wind speed corrections into LPMs, enabling more accurate and
context-sensitive predictions across a broad range of urban settings.
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1.1. Building Airtightness Measurements

To provide context for building infiltration, this section provides a brief introduction
to airtightness testing methods that can later be used to calculate leakage areas.

Whole-building airtightness measurement techniques include fan-pressurization meth-
ods (such as ASTM E779) [13]. These methods employ blower doors to establish pressure
differences. After sealing intentional openings, airflow rates are monitored at different
pressures to establish an airflow versus pressure curve from which a leakage coefficient (C)
and exponent (n) can be determined for use in the building airflow model. This airflow–
pressure relationship, governed by the resistance of the flow path, is commonly described
by the power-law equation:

Q = C·(∆P)n (1)

where Q [m3/s] is the volumetric flow rate, C [m3/s·Pan] is the flow coefficient, ∆P [Pa] is
the pressure difference, and n [-] is the flow exponent.

Using the measured flow rate obtained from the test data, the leakage per unit area
can be derived, as described later in the Section “Leakage Area Calculation”.

Consequently, reference infiltration values from various experimental studies [14]
serve as the primary input for calculating airflow-induced building air permeability when
direct data for the analyzed buildings are unavailable.

1.2. LPMs Within Urban Environments

The LPM approach, adopted in this work, is based on simplified representations of
physical systems, which can make them more effective approaches for urban-scale applica-
tions than more detailed CFD models that are computationally prohibitive [15]. LPMs for
airflow in multizone buildings represent a collection of zones (or volumes of air) in a build-
ing as nodes and the airflow connections between them as links. Specialized simulation
tools such as CONTAM [4] and COMIS [16] implement this approach by applying physical
principles to calculate airflow rates, ventilation performance, and contaminant transport
within buildings.

Air within the zones is represented by homogeneous characteristics, i.e., temperature
and pressure, which can vary with elevation to account for the effects of buoyancy and
air speed on interzonal airflow. From a modeling standpoint, the parameters governing
the dynamic behavior of the system are considered to be concentrated at discrete locations
rather than continuously distributed in space. This assumption reduces model complexity
while maintaining a reasonable level of accuracy, provided that the building configuration
remains relatively simple [17].

Airflows attributed to natural ventilation, i.e., no mechanical ventilation, are driven by:

• wind pressures on the building façades acting on connections between interior and
exterior building zones;

• buoyancy effects are attributed to differences in node density and elevation of inter-
zone connections, i.e., stack effect.

2. Objective of the Work
This study aims to estimate ACRs of naturally ventilated buildings in realistic urban

contexts, accounting for roughness elements (e.g., local terrain and surrounding buildings)
and weather conditions. These improved ACR estimates are meant to support accurate
and reliable analyses of building energy performance. To enable applicability at the ur-
ban scale, LPMs, which represent each building as interconnected zones, were used to
calculate hourly ACRs. These hourly ACR estimates were subsequently integrated into
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process-driven energy models within an existing Urban Building Energy Modeling (UBEM)
framework [18], which considers:

• Local weather effects, including façade-specific solar irradiation, surface temperature,
and wind;

• Urban morphology, including the width of street canyons and building height;
• Building physics characteristics, including envelope thermal properties, energy system

efficiency, and internal heat gains and losses.

3. Materials and Methods
To calculate building-specific hourly ACRs, the appropriate wind boundary conditions

for each building were first determined based on the local urban context and weather data.
Wind speed in dense urban areas is affected by two main mechanisms. First, roughness

elements surrounding openings, such as neighboring buildings and vegetation, affect
wind velocities at openings in building façades. Second, airflows within street canyons
display complex vortices and circulation patterns due to interactions among wind speed,
canyon aspect ratio (H/W), and surface temperature differences between opposing façades.
The first is addressed using aerodynamic parameters (e.g., displacement layer, zd, and
roughness length, z0) with log-law or power-law wind speed profiles [19,20], while the
second relies on Computational Fluid Dynamics (CFD)-derived adjustments [21]. In this
work, wind speed was corrected using z0 derived from the UMEP tool within the software
tool, QGIS (version 3.34.6) [22]. Wind speed correction was applied for each building based
on the prevailing wind direction (for each 30◦) and leakage element height.

The correct wind boundary conditions were then applied to each building represented
with an LPM. These models required building leakage assumptions to account for airflow
through the building envelope and interzone flows. Envelope leakage parameters were
derived from airtightness tests, provided in [14], and converted appropriately for use in the
LPM, as provided in the next section. Furthermore, geometric and temperature scenarios
were tested to highlight their effects on whole-building ACRs, i.e., the inclusion/exclusion
of roof leakage and the testing of different air temperatures within the building.

Finally, the hourly ACRs were used as inputs to an urban-scale energy consumption
model and compared to energy consumption calculated using fixed ACRs. The fixed ACRs
were determined based on building envelope leakage associated with the construction
period [23]. Figure 1 illustrates the general methodology.

Figure 1. General methodology.

3.1. Data Sources and Normalization

Table 1 provides sources of building envelope leakage data. Infiltration metrics re-
ported across these sources may use different units and test conditions, so the following
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example shows how to calculate the effective leakage area from test data. In this work, the
data from the RDH report were used.

Table 1. Leakage area references.

Source Description Reference Conditions Ref.

NIST (Gaithersburg, MD, USA) Commercial building
leakage data

Envelop leakage [m3/h·m2] @
75 Pa, n = 0.65

[24]

LBNL (Berkeley, CA, USA) Residential building leakage data ACH50 [h−1] @ 50 Pa [25]

RDH Building Science, Inc.
(Burnaby, BC, Canada)

Provides whole building
airtightness test methods and
related terminology

Normalized airflow rates
[L/s·m2] @75 Pa, n = 0.65 [14]

Leakage Area Calculation

Effective leakage area (ELA) is used to quantify the area of openings in a building
envelope as a single opening that would result in similar airflow under driving forces such
as those imposed during envelope leakage testing. Calculating these parameters involves
converting measured airflow rates into equivalent leakage areas, typically referencing
standard air density. Having a measured test airflow rate, QT, determined at desired test
conditions (see Equation (1)), ∆PT, it is possible to calculate the leakage per unit area
in cm2/m2 as follows:

# Convert the flow at test pressure and power-law exponent to the flow at desired
reference pressure difference:

Qr = QT ·
(

∆Pr

∆PT

)n
(2)

# Calculate ELA per unit envelope surface area:

ELA =
Qr

Cd

√
ρ

2· ∆Pr
·10, 000 (3)

where:
ELA = effective leakage area per envelope surface area [cm2/m2];
QT = airflow at test pressure [m3/s·m2];
Qr = airflow at reference pressure [m3/s·m2];
Cd = discharge coefficient, 1.0 [-];
n = power-law exponent, 0.65 [-];
ρ = standard air density = 1.2041 at sea level and 20 ◦C [kg/m3];
∆PT = test pressure difference [Pa];
∆Pr = reference pressure difference [Pa].
As presented here, ELA was used to quantify the total leakage area (AL) associated

with each flow path, based on the path’s surface area (As [m2]); AL = ELA × As.

3.2. LPM Approaches

Figure 2 illustrates the LPM layout with two modeling approaches (vertical sections)
and the associated system of nonlinear equations. Each building is represented as three
(3ZLPM) or four (4ZLPM) zones (a, b, and c) connected to the outdoors (at external pressure
nodes 1–4) through connections in the street canyon and opposite façades (typically a
courtyard in Italian buildings evaluated here).

https://doi.org/10.3390/smartcities9020037
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Figure 2. Detailed schematic of the LPM: “zone a” in blue (lower apartments’ level), “zone b” in
green (upper apartments’ level), and “zone c” in yellow (vertical shaft).

3ZLPM and 4ZLPM differ in their shaft modeling assumptions: 3ZLPM represents the
shaft with a single pressure at mid-height, while 4ZLPM uses two pressures located at the
upper and lower ends of the shaft. Zones a and b are not directly connected to each other
in any configuration.

This three/four-zone simplification enables effective, city-scale modeling while main-
taining sufficient accuracy for low- to mid-rise buildings (up to sixteen stories) as validated
in a previous work [17], which confirmed that the simplified three-zone model provides an
acceptable level of accuracy in predicting whole-building ACRs when compared with a
detailed building model.

Table 2 provides the volume and temperature assumptions made for each of the
three zones. If the net heated building volume is not known from the building database,
which usually only provides the building’s footprint area, the gross volume is obtained
by multiplying the footprint area by the building height. The net heated volume is then
estimated as 70% to 75% of the gross volume; in this study, a factor of 0.75 was applied.
This follows a common “rule of thumb” and is consistent with the Decree of 26 June 2009
on national guidelines for the energy certification of buildings, which, in Annex A, states
that, in the absence of specific data, the net heated volume can be assumed as 70% of the
gross volume [26]. Here, net refers to the heated volume of the building, excluding the
space occupied by internal partitions.

Table 2. Simplified building zoning and air temperature assumptions.

Zone a Zone b Zone c

Description Lower Apartment Upper Apartment Shaft

Volume (a & b) [m3] (net heated volume − shaft volume)/2
net footprint shaft area (known or
based on construction period) ×

net building height

Air temperature [◦C]
Winter Tia = 20 Tsh = Toa + btr,u·(Tia − Toa)

(Toa is provided in Table 3)Summer Tia = 26

Table 3. Tested weather scenarios for model verification.

Winter Summer

Toa [◦C] −10 −5 0 3 7 12 24 28 30 34

U [m/s] 0.1, 0.5, 1 to 10 (with an increment of 1 for each simulation)

https://doi.org/10.3390/smartcities9020037
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As for the shaft area and building height, it was treated similarly: the net footprint
shaft area/building height means that the wall/slab thicknesses were excluded from the
calculation. The indoor air temperatures (Tia) for the heated zones were assumed to be
setpoint temperatures of 20 ◦C in winter and 26 ◦C in summer. The shaft (zone c) was
assumed to be unheated; thus, its temperature (Tsh) was calculated, as presented in Table 2,
based on the indoor and outdoor temperature (Toa) and a correction factor (btr,u) of 0.4,
according to the standard UNI/TS 11300-1:2014 [27] for confined spaces.

The mass balance in each zone can be described as:
ṁa1 + ṁa3 + ṁac = 0

ṁb2 + ṁb4 + ṁbc = 0
ṁca + ṁcb + ṁc3 + ṁc4 = 0

(4)

.
mij =

√
ρ Cij·sign

(
∆Pij

)
·
∣∣∆Pij

∣∣n (5)

Cij = AL Cd
√

2· (∆Pr)
0.5−n (6)

where each mass flow rate,
.

mij [kg/s], follows a power-law relationship with pressure
difference ∆Pij (Pi − Pj) and exponent n, thus resulting in a non-linear set of equations
with respect to the unknown internal pressures (Pa, Pb, and Pc) represented in Figure 2.
This system of nonlinear equations was solved using MATLAB (version R2023b) [28].

The leakage area for each analyzed airflow path, AL [m2], was calculated using an ELA
of 2.642 cm2/m2 (∆Pr = 4 Pa, Cd = 1, n = 0.65), which was obtained by converting the mean
value for masonry buildings, QT = 4.58 L/s·m2 @ ∆PT = 75 Pa [14], using Equations (2) and (3).

Connections between the shaft and the two zones, a and b, were modeled as closed
doors (highlighted in red in Figure 2), each having a leakage area of 45 cm2 (assuming
a 90 cm wide door with a 0.5 cm high undercut). To scale this leakage to the full build-
ing height, a multiplier was applied based on the assumption that each floor has two
apartments, and the resulting value was used as the multiplier for the number of doors.

The LPMs were also defined to include roof leakage to assess the difference in the
ACRs. Also, the shaft temperature was set using the equation for Tsh provided in Table 2
and equal to the heated zone temperatures, Tia, presented in Table 2, to highlight the effect
of internal temperatures on building ACRs.

Finally, to compare the LPMs with CONTAM models, a set of outdoor air tempera-
ture (Toa) and wind speed (U) scenarios was selected as provided in Table 3. The wind
speed values ranged from 0.1 m/s to 10 m/s, covering 12 discrete scenarios, and were
combined with 10 representative outdoor temperature conditions. This resulted in a total
of 120 distinct boundary-condition scenarios used for the comparison. The inclusion of
both mild and extreme sets of ambient conditions (i.e., 10 m/s, −10 ◦C, or 34 ◦C) ensured
the robustness of the model evaluation across a range of weather conditions.

3.2.1. Boundary Conditions Used for the LPMs

To define the correct boundary conditions for infiltration models, wind velocity should
be corrected at the façade level. This adjustment requires correcting wind speed from the
reference weather station to the building scale, where the displacement level (zd) [m]—the
height above ground at which zero-plane wind speed is assumed due to the presence of
obstacles such as buildings and vegetation—plays a critical role. When the building height
is above zd, the flow is less affected by near-ground turbulence, and simplified approaches
such as power-law profiles are generally sufficient for wind speed correction.

When the building height is below zd, two correction methods can be applied:
(1) Computational fluid dynamics (CFD)-derived adjustments that provide more

accurate vortices and flow dynamics within the street canyon [21], although these are

https://doi.org/10.3390/smartcities9020037
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computationally demanding and therefore usually applied only to representative canyon
aspect ratios (H/W) and weather scenarios;

(2) Simplified aerodynamic approaches that use parameters such as zd and z0 within
log-law or power-law profiles, suitable for large-scale urban analyses.

Table 4 summarizes these two wind velocity correction approaches and their imple-
mentation details.

Table 4. Wind velocity correction methods.

Correction Method Key Inputs Key Output Application Ref.

CFD

• Canyon aspect ratio (H/W)
• Temperature (winter,

summer, midseason)
• Wind speed (low, high)
• Façade temperature and

orientation (windward,
leeward)

Façade and
height-specific wind
speed correction factors

Buildings in canyon
settings, classified into
three H/W categories:
wide, medium, and narrow

[21]

Aerodynamic
parameters

• 3D urban geometry (DSM)
• Grid size
• Building

surrounding radius
• Wind direction intervals

Aerodynamic parameter
to be used in power or
logarithmic wind speed
correction factors

Buildings in canyon
settings with available 3D
built environment and
canyon data (width)

[19,20,29]

In this work, the correction of wind velocity for the four external leakage points
used a logarithmic law [19,20] with the aerodynamic parameters derived from the UMEP
plugin within QGIS (i.e., z0). UMEP provides aerodynamic parameters based on real urban
geometry (DSM) and the specified grid size and wind direction. These parameters, in
turn, enable accounting for the real urban environment around each analyzed building,
which depends on local urban roughness and prevailing weather conditions. While this
method simplifies wind dynamics within street canyons, it enables urban-scale analysis by
incorporating the actual surrounding urban context of the analyzed building.

At each simulated timestep, the reference wind speed Uref [m/s] is used to calculate
the corrected wind velocity vcorr [m/s], which accounts for the surrounding roughness
elements for a given façade opening. A logarithmic law is applied when the undisturbed
wind speed exceeds 4 m/s [20] while a simple correlation model is used for lower wind
speeds [19]. Having νcorr, it was possible to obtain the wind speed modifier coefficient (Ch)
[-]. The wind pressure profile, f (θ), a function of the relative wind direction, is calculated
knowing the hourly wind azimuth angle (θw) [◦] and façade azimuth angle (θs). This wind
pressure profile is calculated for each 30◦ wind direction interval.

Ch =
vcorr

Ure f
(7)

θ = θw − θs (8)

These corrections provide building-specific wind pressure profiles for each opening
on the building façade. Consequently, four wind pressure profiles, each accounting for a
different local roughness element, were provided to the infiltration model to determine the
dynamic pressure Pdyn [Pa] at the four external leakage points.

Pdyn =
1
2
·ρ·U2

re f ·Ch· f (θ) (9)

https://doi.org/10.3390/smartcities9020037
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3.2.2. Input Data and Case Studies

Two case studies were selected as presented below. By applying the methodology
to two cities that differ in geometry and weather, this comparison seeks to illustrate the
effect of location-specific building ACR. The Turin case included data from 27 residential
buildings obtained from a local utility, enabling comparisons between simulated and
measured consumption.

■ Mid-Sized European City (Turin, Italy)

– Residential buildings, from low- to high-density neighborhoods:
– Geometry: building footprints and 3D urban environment from DSM layers [30];
– Weather data: local meteorological observations for 2022–2023 (e.g., air tempera-

ture, wind speed, solar irradiation) [31];
– Measured energy data: hourly space-heating consumption from the local district-

heating provider [32].

■ New York City (NYC), USA

– Residential buildings situated within high-density street canyons (Manhattan):
– Geometry: detailed building vectors from municipal technical maps [33] and a

3D urban environment from LiDAR-derived DSM [34,35];
– Weather data: urban weather station time series (Typical Meteorological Year) [36];
– Measured energy data: not applicable.

The average monthly outdoor air temperature (Toa) and wind speed (Uref) for both
cases are presented in Table 5.

Table 5. Monthly average outdoor air temperature and wind speed.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Toa
[◦C]

Turin 4.94 6.86 11.36 13.72 20.97 25.98 27.83 25.27 19.70 17.05 9.45 3.71
NYC −1.73 0.79 5.16 9.81 16.84 21.82 24.71 22.92 20.23 13.53 7.81 2.67

Uref
[m/s]

Turin 1.2 1.2 1.8 1.8 1.6 1.7 1.7 1.6 1.6 0.9 1.0 1.0
NYC 6.2 5.7 5.5 4.8 5.2 5.0 4.4 4.5 5.0 4.8 5.2 5.9

4. Results
This section presents the results of the analyses outlined in the previous sections.

Section 4.1 reports the results of UMEP and the corrected wind velocity for the four external
leakage points. Section 4.2 compares the performance of the LPM approaches, 3ZLPM and
4ZLPM, against CONTAM. Section 4.3 provides the application of wind speed correction
and the resulting building ACR based on the effect of different urban contexts, Turin and
NYC, enabling the assessment of how urban morphology influences building infiltration.

Section 4.4 explores a series of scenarios that vary in roof and internal temperature
settings to investigate the LPM’s sensitivity to input conditions.

Finally, Section 4.5 demonstrates the integration of building-specific ACR values
into an hourly process-driven energy consumption model and compares the results with
those obtained using a fixed ACR, using the 27 buildings in Turin with measured hourly
energy consumption.

4.1. Wind Speed Correction

An example of the aerodynamic parameters derived from UMEP as a function of the
3D urban environment and the prevailing wind direction is provided in Figure 3 for the
roughness length (a) and displacement height (b). The grids had a resolution of 5 m × 5 m,
and for each grid cell, a 200 m search radius was applied to identify surrounding roughness

https://doi.org/10.3390/smartcities9020037
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elements. The figures illustrate the variation in z0 and zd for two example prevailing wind
directions, 30◦ (left) and 120◦ (right), and highlight the influence that the surface roughness
elements have on the magnitude of z0 and zd for these two wind directions.

(a) Roughness length (z0). 

(b) Displacement height (zd). 

Figure 3. UMEP results for wind-direction-specific z0 (a) and zd (b).

These wind-direction-specific z0 and zd values are two of the main parameters used to
correct the reference wind speed (Uref) to façade-specific wind velocities.

Figure 4 presents the reference wind speed (Uref, dotted line) and the corrected wind
velocities (v1 through v4, blue and red lines) at the four points on the façade of the LPM
(see Figure 2).

Figure 4. Hourly wind velocities for the four openings on the façade; blue for canyon/street façade,
red for courtyard/opposing façade.

Grey bars indicate the hourly prevailing wind directions recorded at the reference
station [31]. Under northeast wind conditions (0–60◦), points 1 and 2 showed negative
corrected wind velocities (blue arrow), indicating a leeward façade at these hours, while
points 3 and 4 were positive (red arrows), indicating a windward façade. Additionally,
the corrected wind velocity depends on the elevation of each opening (lower: 1 and 3 vs.
upper: 2 and 4), reflecting the height-dependent wind speed modifier coefficient (Ch).

The corrected wind velocities (νcorr) at the analyzed points were used to determine the
building-specific Ch and the wind pressure profile (f (θ)) (using Equations (7) and (8)) for
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the four external façade points. These parameters served as input for the LPMs presented
in the following section.

4.2. LPM Comparison

Figure 5 illustrates building ACRs for the tested weather scenarios (provided previ-
ously in Table 3). Each segment along the x-axis in Figure 5a provides the results of the
wind speeds analyzed under the ten different temperature scenarios. To enable closer
analyses, three wind speed cases are highlighted: 0.1 m/s in Figure 5b, 3 m/s in Figure 5c,
and 10 m/s in Figure 5d. The percentage error is provided in the zoomed-in (Figure 5b–d)
for each scenario in green (for 3ZLPM) and blue (for 4ZLPM).

The consistency between 3ZLPM and 4ZLPM is due to the large opening used to
connect the upper and lower shaft, which results in a negligible resistance to airflow
between the upper and lower parts of the shaft. Consequently, both models showed
identical results to those obtained from CONTAM, given CONTAM’s established validity
through software robustness and laboratory experiments [26,27].

The analyses under varying wind speeds revealed that model discrepancies were
slightly higher at lower velocities (i.e., 0.1 m/s, Figure 5a), where airflow is primarily
driven by buoyancy effects, i.e., the differences between indoor and outdoor temperatures.
The average Mean Absolute Percentage Error (MAPE) with 0.1 m/s was 1.7%. As wind
speed increased, wind-driven effects dominated, leading to higher convergence between
both models and CONTAM (i.e., 10 m/s, Figure 5c), with an average MAPE 1.1%.

(a) 120 verification scenarios. 

(b) Subset a, wind speed = 0.1 m/s. 

 
(c) Subset b, wind speed = 10 m/s 

Figure 5. Cont.
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(d) Subset c, wind speed = 3 m/s 

Figure 5. Air change rate comparisons of the different LPMs under various weather conditions:
(a) 120 test scenarios, (b) wind speed = 0.1 m/s, (c) wind speed = 3 m/s, (d) wind speed = 10 m/s.

4.3. Corrected Wind Speed and Building ACR in Different Urban Contexts

Since 3ZLPM and 4ZLPM yielded similar results, the former, with a single shaft zone,
was selected to simulate building ACR across varying urban configurations and assess the
influence of urban morphology on ACR outcomes.

Figure 6 illustrates building density (BD) maps for two urban contexts: Manhattan, a
high-density area of NYC (a), and Turin, a city with medium-to-high-density (b), where
building density refers to the total building volume within a district divided by its surface
area. Each map presents two selected buildings (NYC1, NYC2, TRN1, TRN2), for which
the displacement height (zd) was derived using 1 m precision DSM within UMEP and
a search radius of 200 m. When paired with the accompanying satellite images, these
maps highlight how surrounding building heights and wind directions affect the local
aerodynamic environment, determining the boundary conditions for the infiltration model.

Figure 7 presents the average building ACR and wind speed (Uref) in January as a
function of wind direction for the two analyzed buildings in NYC (a) and Turin (b).

In NYC, the two buildings exhibited similar trends, with higher infiltration observed
when the wind direction was parallel to the building orientation. However, the high-
density urban context surrounding the buildings substantially increased the zd reducing
infiltration, regardless of high wind speeds. While in Turin, TRN1 (with BD = 3.48 m3/m2)
showed higher infiltration compared to TRN2 (BD = 7.88 m3/m2). For TRN1, a particularly
high ACR occurred when the wind blew from 300◦, which can be attributed to both the
higher average wind speed from that direction and the absence of roughness elements, as
indicated in the satellite imagery in Figure 6 (large courtyard).

When comparing NYC and Turin more broadly, Turin showed higher infiltration
despite its lower wind speeds. This outcome is primarily due to its more open, less dense
urban morphology with lower zd, combined with lower-volume buildings, which facilitate
higher ACRs than the denser building configuration in NYC.

Overall, the analysis of these contrasting urban contexts demonstrates that correct
wind pressure calculations should incorporate both local urban roughness and façade
orientation when accounting for building-specific wind speed corrections.

https://doi.org/10.3390/smartcities9020037

https://doi.org/10.3390/smartcities9020037


Smart Cities 2026, 9, 37 13 of 19

(a) 

(b) 

Figure 6. Building density and zd for different urban contexts: (a) NYC and (b) Turin.

(a) 

Figure 7. Cont.
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(b) 

Figure 7. Average ACR and reference wind speed in January for each wind direction interval for the
two analyzed buildings in: (a) New York City and (b) Turin.

4.4. Effect of Internal Temperatures and Roof Leakage on TRN2 ACR

Figure 8 presents the hourly ACRs for two example days, illustrating the influence
of the difference between indoor air (Tia) and outdoor air (Toa) temperatures on infiltra-
tion, with an average wind speed of 1.1 m/s, average Toa = 22.6 ◦C on 4 September and
−0.5 ◦C on 11 December. When the shaft temperature equaled the heated zone temper-
ature, ACR(Tsh = Tia), the mean daily ACR increased by 38% in December and 17% in
September compared to the shaft temperature correction provided in Table 2, ACR(Tsh).
The larger difference between indoor and outdoor air temperatures in December led to
greater variations in hourly ACRs compared to September. These results indicate that
LPMs should incorporate the correct indoor setpoints for the shaft to better account for
whole-building airflows.

 

 
4 September 2022    11 December 2022 

Figure 8. Hourly building ACR with different shaft temperatures.

Moreover, implementing roof leakage into the LPM further increased the predicted
ACR. Figure 9 shows the hourly building ACRs with and without roof leakage for
10 January, indicating a 48% increase in the average daily ACR when roof leakage is
included. However, roof leakage should be considered only in buildings with occupied
or conditioned spaces directly beneath the roof. In cases where the attic or void space is
unoccupied, roof leakage may be neglected, particularly in urban-scale ventilation studies
where simplifying assumptions are essential.
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Figure 9. Hourly building ACR with/without roof leakage.

Together, these two analyses demonstrate that leakage elements and temperature
setpoints significantly affect predicted building ACRs, thereby influencing energy con-
sumption predictions.

4.5. Hourly Energy Consumption Prediction with ACR Scenarios

For the buildings in Turin, the hourly building-specific ACRs were incorporated into a
UBEM using a process-driven energy consumption model that describes the building using
three thermodynamic systems (opaque envelope, windows, and building interior) [18].
Figure 10 presents the space-heating energy consumption (EC) and heat loss due to venti-
lation (Qv) over four representative heating days. The baseline scenario assumed a fixed
ACR at 0.5 h−1, while the new scenario differed only in the ACR input, which was re-
placed by the hourly building-specific ACRs calculated from the 3ZLPM methodology
described previously. The associated daily MAPE values on the graphs (top right) showed
a significant reduction in error when hourly ACRs were applied.

 

21 November  29 December 

 

19 January  7 February 

Figure 10. Hourly energy consumption for space heating with different ACR scenarios and their
daily MAPE.

https://doi.org/10.3390/smartcities9020037

https://doi.org/10.3390/smartcities9020037


Smart Cities 2026, 9, 37 16 of 19

Table 6 reports the monthly MAPE based on aggregated monthly energy consumption
during the heating season (November 2022 to February 2023) using available measured con-
sumption data. To provide a more detailed and statistically robust analysis, Table 7 presents
the monthly MAPE values calculated from the daily errors, along with the 95% confidence
intervals, indicating that 95% of daily prediction errors fell within the specified range.

Table 6. Monthly MAPE.

Nov-2022 Dec-2022 Jan-2023 Feb-2023

FIXED ACR 14.5% 35.0% 21.2% 13.4%
3ZLPM 0.4% 18.9% 6.6% 2.5%

Table 7. Monthly MAPE based on daily energy consumption during the heating season.

Nov-2022 Dec-2022 Jan-2023 Feb-2023

FIXED ACR 21.4% ± 7.7% 35.4% ± 7.2% 21.6% ± 5.9% 19.0% ± 5.0%
3ZLPM 18.7% ± 5.3% 21.1% ± 5.7% 13.5% ± 4.0% 15.8% ± 3.5%

Over the entire heating season of 2022–2023, the energy consumption model achieved
a 58% improvement with the 3ZLPM compared to using fixed ACR values for the example
analyzed building (given in Figure 10). This means that 58% of the total analyzed days
improved energy prediction when using building-specific ACR compared to fixed ACR.
However, across the 27 buildings analyzed, this improvement was 25% ± 10% (using a 95%
confidence interval).

Finally, Figure 11 shows the average building ACR in January for a selected district
in Turin with an hourly plot of ACRs for a selected building over a single day. The aim of
this map is to demonstrate the applicability of the presented methodology to all residential
buildings in a city with a complete geodatabase with building and leakage characteristics.

 

Figure 11. Average residential building ACR in January in Turin.

4.6. Field of Application of the Methodology

While the methodology presented in this paper provides an efficient approach for esti-
mating ventilation rates in naturally ventilated residential buildings at the urban scale, its
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applicability is subject to three main limitations. First, the methodology presented accounts
for envelope leakage as typically measured by whole-building air-tightness tests, and does
not include mechanical ventilation or natural ventilation via open windows. Second, the
approach was considered sufficiently accurate for low- to medium-height buildings and
has been tested for buildings of up to 16 floors [17]. Finally, the methodology is limited to
buildings located within continuous urban canyons, as the wind speed correction method
employed in this work relies on this urban configuration.

This 3ZLPM for the ACR calculation was developed for implementation in UBEM,
and its level of detail was compared with a detailed building representation. The analysis
showed that 3ZLPM was accurate enough for the calculation of whole building ACR for
urban-scale applications [17].

5. Conclusions
A comprehensive framework to simulate building ACRs due to infiltration at the urban

scale was developed. The methodology integrated aerodynamic parameters influenced
by urban morphology into three and four-zone airflow models, demonstrating how local
building density and façade orientation impact wind-driven airflow in two contrasting
urban environments: a high-density case (New York City) and a medium-density case
(Turin). The study further examined the influence of including roof leakage and varying
shaft temperatures on hourly ACRs, highlighting the importance of model details in
accurately predicting building infiltration. When building-specific, hourly ACRs were
implemented in a process-driven UBEM, the simulated space-heating demand showed
better agreement with the measured data than simulations using fixed ACR values.

Tables 6 and 7 confirm that using dynamic, context-based infiltration inputs is essential
for reliable energy predictions. Monthly MAPE was reduced by more than half, e.g., in
January, it decreased from 21.2% with the fixed ACR baseline to 6.6% when the 3ZLPM
approach was applied. At the daily scale, the average prediction errors were reduced
from 21.4% to 18.7% in November, representing the smallest improvement, and from
35.4% to 21.1% in December, corresponding to the largest reduction across the 27 analyzed
buildings. These results demonstrate that replacing a fixed ACR assumption with realistic,
building-specific ventilation rates improves energy predictions, especially in colder months.

However, other factors, such as occupant behavior, were not considered in this anal-
ysis and will be addressed in future work. The proposed LPM approach provides a
computationally effective framework that can be applied at the urban scale and easily
integrated into energy consumption analyses, thereby facilitating large-scale simulations at
low computational cost.

Overall, this research demonstrates that combining urban aerodynamic parameters
with multizone airflow modeling and integrating the resulting ACR profiles into building
energy consumption analyses provides a robust and scalable approach for assessing ven-
tilation loads in urban settings. This enhanced accuracy is vital for urban planners and
policymakers seeking to optimize energy usage on neighborhood and city scales.
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ACR Air Change Rate
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UBEM Urban Building Energy Modeling
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