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Article

Assessing the Air Humidity Characteristics of Local Climate
Zones in Guangzhou, China

Xiao Tan 1, Qi Zhang 1, Yiqi Chen 1, Junsong Wang 2, Lihua Zhao 2,3 and Guang Chen 1,*

1 School of Architecture and Urban Planning, Guangdong University of Technology, Guangzhou 510090, China;
17620079846@163.com (X.T.)

2 School of Architecture, South China University of Technology, Guangzhou 510640, China
3 State Key Laboratory of Subtropical Building and Urban Science, Guangzhou 510640, China
* Correspondence: urbanchg@gdut.edu.cn

Abstract: An urban canopy’s humidity significantly affects thermal comfort, public health,
and building energy efficiency; however, it remains insufficiently understood. This study
employed 3-year (2020–2022) fixed measurements from Guangzhou to investigate the
temporal patterns of relative humidity (RH), vapor pressure (Ea), and vapor pressure
deficit (VPD) across eight local climatic zones (LCZs). Clear and distinct patterns in the
humidity characteristics among the LCZs were revealed on multiple timescales. The RH
and VPD of each zone were higher in summer than in winter, with peak RH observed in
LCZ A (83.45%) and peak VPD in LCZ 3 (13.6 hPa). Furthermore, a significant daytime
urban dry island (UDI) effect in the summer and a nighttime urban moisture island (UMI)
effect in the winter were observed in terms of the Ea difference between urban and rural
areas. The strongest UMI occurred during winter nights in LCZ 8, with a peak intensity of
0.8 hPa, while the UDI was more frequent during summer days in LCZ 1, with a maximum
value of −1.2 hPa; meanwhile, compact areas had a slightly higher frequency of UDI than
open areas. Finally, the effects of the urban heat island (UHI) and wind speed (V) on
UMI were analyzed. During the daytime, a weak correlation was observed between the
UHI and UMI. Wind enhanced the intensity of the nighttime UMI. This research offers
further insights into the canopy humidity characteristics in low-latitude subtropical cities,
thereby contributing to the establishment of a universal model to quantify the differences
in moisture between urban and rural areas.

Keywords: urban moisture island; canopy humidity; local climate zone; fixed measurement;
temporal characteristic

1. Introduction

Urbanization transforms the underlying surface of a city, replacing natural landscapes
with impervious surfaces, resulting in changes in the heat and humidity environments of
urban areas [1,2]. These changes include a decline in the latent heat flux [3], increases in
the sensible heat flux and surface temperature, and a decrease in humidity [4]. The urban
heat island (UHI) effect and urban moisture island effect (UMI) are urban microclimate
modification phenomena [5]. Investigating urban climate issues, particularly in humid
environments, is vital for improving living conditions, establishing a scientific evaluation
system for the urban physical environment [6], and aiding urban planning and energy-
efficient construction [7,8].

Traditionally, the UHI and UMI have been described through air temperature and hu-
midity differences between urban and rural areas. However, this binary classification often

Buildings 2025, 15, 95 https://doi.org/10.3390/buildings15010095
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fails to capture intricate intra-urban and intra-rural temperature variations. To address this
limitation, Stewart and Oke introduced local climate zones (LCZs) as a universal frame-
work for urban climate research, providing a climate-based and objective classification of
urban and rural landscapes [9]. This framework categorizes urban spaces into 17 distinct
classes based on surface cover and structure (e.g., building height and spacing), facilitating
nuanced comparisons and a deeper understanding of urban climate complexities.

Various methods are used to measure the impact of urbanization on changes in humid
environments. The most widely used method is based on fixed observations at urban and
rural meteorological stations, such as those in Beijing [10], Szeged [11], and Turin [12]. This
method utilizes observational data from both urban and rural meteorological stations and
can intuitively compare and analyze differences in humidity between urban and rural areas.
While this method allows for straightforward comparison of urban and rural humidity,
it is limited by environmental factors and the availability of meteorological stations. To
better describe the spatial patterns of urban humidity, some researchers have employed
mobile measurements to build urban humidity databases, such as by driving on specific
routes in cities using automobiles fitted with meteorological sensors [13,14]. This method
is cost-effective and provides spatial insights, but it cannot effectively capture the temporal
dynamics of humidity [15]. Modeling is an effective way to study urban climate change
by quantifying the factors influencing UMI. The urban canopy model (UCM) is often
combined with weather research and forecasting (WRF) models to study the influence of
the underlying urban surface and canopy on atmospheric motion. The impacts of street
and canyon geometry, building emissions, and vegetation on outdoor air temperature
(T), humidity, and thermal stress in Hong Kong were studied during a typical heat wave
period based on the UCM, and it was found that as the street canyon height/width ratio
increased, the daytime UHI phenomenon transformed into an urban cool island (UCI)
phenomenon [16].

The observed humidity in urban areas may be influenced by several factors at dif-
ferent scales, such as albedo, the impervious plan area ratio, and average building height
(HRE). The difference in humidity parameters in the same local area may be greater than
that between regions [11]. In Nanjing, Yang, et al. [17] studied the spatial and temporal
characteristics of the UMI in local climate zones (LCZs) based on measured data using the
relative humidity (RH) and humidity ratio (q) as variables. The authors found that the
difference in RH between urban and rural areas increased during strong nighttime UHI
effects. The UDI was observed more frequently during the daytime in warm months. Based
on the LCZ theory, Dunjic, et al. [18] studied the temporal characteristics of local-scale
humidity (RH, vapor pressure [Ea], absolute humidity [AH], q, and vapor pressure deficit
[VPD]) and the influence of T in Novi Sad City with fixed observation data from weather
stations and found that the UDI effect frequently occurred in LCZ 2 from February to
October. In addition, the UMI intensity reached its maximum during the daytime and at
midnight during the heat wave. In Szeged City, Unger, Skarbit and Gál [11] calculated
and compared the differences in Ea and temporal characteristics among different LCZs
using data obtained from a city meteorological network based on the LCZ. The peak Ea
occurred in the summer and the minimum value occurred in the winter. In Hong Kong,
Du, et al. [19] used WUDAPT to obtain the urban morphology and land use and land
cover (LULC) data to create an LCZ map, which was integrated into the WRF model to
reveal the water transportation mechanism within the city. Weakened upward motion,
blocked ventilation, and inhibited dew formation were the reasons for the higher moisture
content in the cities than those in the suburbs at night. A positive correlation between the
nocturnal UHI and UMI has been reported in Guangzhou [20], where the UMI intensity
(UMII) decreased at sunrise and increased at sunset. Linear regression analysis showed that
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the UMII was proportional to the impervious plan area ratio and inversely proportional to
the green cover ratio.

Despite these contributions, there are still deficiencies in understanding the complex
dynamics of urban humidity, especially at the finer scales within individual urban zones.
Most research has focused on thermal or general moisture patterns, yet few studies have
comprehensively examined how multiple humidity parameters, such as RH, Ea, and VPD,
interact in specific urban contexts. Additionally, temporal variations in canopy humidity
across different LCZs have not been systematically studied. While LCZs offer a valuable
framework for analyzing urban climates, understanding urban humidity dynamics requires
a broader sample of cities, as the background climate of each city significantly influences
its microclimatic patterns.

Establishing a robust database of urban humidity characteristics across various cities
is crucial for refining LCZ theory and better understanding the mechanisms driving urban
humidity changes. This study focused on Guangzhou, a representative humid subtropical
city in southern China. Based on the LCZ theory, we selected eight representative zones and
conducted long-term measurements of T and RH in each LCZ. We used RH, Ea, and VPD
as variables and analyzed the temporal characteristics under different urban morphologies
using 3 y of hourly observation data. This study contributes to establishing a scientific
evaluation system for thermal and humid environments, which is of great significance in
assisting urban planning and building energy conservation.

2. Methods

2.1. Study Area

Guangzhou, the provincial capital of Guangdong, is located in the south of China
(23◦08′ N, 113◦15′ E) and is situated on the northern edge of the Pearl River Delta, facing the
South China Sea. The city terrain is mountainous in the northeast, hilly in the central region,
and comprises plains in the south. With an area of approximately 7434 km2, Guangzhou
has a population of 18.81 million residents, according to the 2021 census. According to the
Köppen-Geiger classification system, Guangzhou has a humid subtropical climate (Cfa)
characterized by hot and humid summers and cool and dry winters [20]. Based on the
dividing region for building thermal design, Guangzhou is a hot summer and warm winter
area, where the hottest month is July, with a mean T of 28.7 ◦C, and the coldest month is
January, with a mean T of 13.3 ◦C. The dominant wind direction is southeast in the summer
and north in the winter. Guangzhou has an annual average rainfall of approximately
1600–1900 mm and annual sunshine duration of 1500–2000 h. The total solar radiation
during the summer is approximately 7318 w/m2 (https://data.cma.cn/, accessed on
23 June 2023).

Guangzhou’s urbanization, marked by changes in land cover and the expansion of
built-up areas, has significantly altered local climate conditions. Meteorological data and
prior research show that this rapid urbanization has contributed to a notable increase in the
city’s average temperatures [21]. Specifically, Guangzhou’s annual average temperature has
steadily increased since 1953, with rates accelerating from 0.22 ◦C per decade (1953–2009)
to 0.38 ◦C per decade (1973–2009), and further to 0.49 ◦C per decade (1983–2009) [22]. This
consistent and speeding up warming pattern indicates both the increasing intensity of the
UHI and a clear trend of regional climate warming in Guangzhou. This warming trend, in
turn, interacts closely with the city’s diverse urban forms. From densely built-up high-rise
areas to more suburban and green spaces, these various urban landscapes result in distinct
microclimates that are strongly influenced by urbanization. The LCZ framework can
effectively capture these variations, distinguishing zones with differing built environment
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and land cover characteristics and enabling a detailed analysis of urbanization’s influence
on canopy humidity.

2.2. LCZ Sites

To conduct an objective and standardized study of urban climates, Stewart and Oke [9]
proposed 17 standard classes of local climates. LCZs are defined as regions with similar
surface covers and surface structures (e.g., building height and spacing), with areas ranging
from hundreds of square meters to several kilometers. This method helps to identify
potential local climate problems and impacts caused by urban development.

We conducted LCZ zoning in Guangzhou using the method proposed previously [9].
First, by referring to the LCZ map of Guangzhou [23], satellite images, remote sensing data,
and other information, we screened LCZs with similar surface structures and land cover.
Each 500 m radius LCZ was selected to fully consider the influences of buildings, roads,
and trees. Finally, on-site inspections and measurements of urban morphology parameters,
such as HRE, sky view factors (SVFs), and aspect ratio (H/W), were performed. It was
confirmed that the selected LCZ was in accordance with the identified LCZ type. GIS
was employed to extract the land use and land cover types for selected regions within
Guangzhou, and the specific locations of each zones were subsequently identified, as seen
in Figure 1.

Figure 1. Land use/land cover (LULC) and the distribution of each LCZ site in Guangzhou. The
dots represent the locations and types of each LCZ, while the star indicates the location of national
meteorological station (NWS).

The HRE, SVF, H/W, building density (BSF), and impervious surface area ratio (ISF)
of the LCZ morphological indicators are listed in Table 1. Specific methods for calculating
the morphological indicators of each LCZ can be found in a previous study [24]. It can be
observed that the morphological parameters of the eight zones generally fall within the
defined range, and the locations of these districts are also consistent with the classification
results obtained by WUDAPT [25].
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Table 1. Types and morphological indicators of eight local climate zones (LCZs).

LCZ Type

Urban Morphological Indicator and Their Range of
LCZ Categories

H/W SVF BSF (%) ISF (%) HRE (m)

1
Compact high-rise 2.24 (>2) 0.48

(0.2–0.4)
30.55

(40–60)
49.28

(40–60) 35 (>25)

2
Compact mid-rise

1.06
(0.75–2)

0.526
(0.3–0.6)

42.70
(40–70)

54.69
(30–50) 19 (10–25)

3
Compact low-rise

0.84
(0.75–1.5)

0.57
(0.2–0.6)

44.86
(40–70)

51.61
(20–50) 11 (3–10)

4
Open high-rise

1.13
(0.7–1.25)

0.56
(0.5–0.7)

26.14
(20–40)

56.93
(30–40) 28 (>25)

5
Open mid-rise

0.83
(0.3–0.75)

0.51
(0.5–0.8)

28.21
(20–40)

55.27
(30–50) 20 (10–25)

8
Large low-rise

0.18
(0.1–0.3) 0.73 (>0.7) 36.31

(30–50)
35.60

(40–50) 5 (3–10)

A
Dense trees 2 (>1) - 4.4 (<10) 1 (<10) 13 (3–30)

D
Low plants <0.1 (<0.1) 0.9 (>0.9) 4.8 (<10) 2.7 (<10) <1 (<1)

H/W: aspect ratio; HRE: average building height; SVF: sky view factor; BSF: building density; ISF: impervious
surface area ratio.

2.3. Data

The monitoring experiment was conducted continuously from 1 January 2020, until
31 December 2022. Two temperature–humidity data loggers (HOBO MX2301, Onset Com-
puter Corporation, USA), each with accuracies of ±0.2 ◦C and ±2.5%, were installed in
each LCZ plot, and the sampling rate was set to once per hour. To obtain accurate and rep-
resentative data, both instruments were placed within a 100 m radius of the LCZ center and
100 m apart, and hourly data were collected. The drift of the loggers was found to be
less than 0.01 ◦C and 0.01% for RH, which is considered negligible for the purpose of this
study. To further ensure the reliability of the data from each zone, the average value of the
readings from these two loggers is then taken as the basis for subsequent analysis. These
loggers ensured measurement accuracy in harsh outdoor environments. Each HOBO data
logger was equipped with a radiation shield to minimize the effect of radiation during the
measurement process. The installation positions of the loggers were well-ventilated, away
from heat sources, and avoided being blocked by surrounding obstacles, such as buildings
and trees. These instruments were installed on streetlights or utility poles at a height of
2.5 m, as far from vehicles and air conditioners as possible, and at least 3 m from the walls.

LCZ D was used as a reference site for rural areas. It is located far from the city center
and is mainly covered by low plants and farmland. Hence, it is representative of typical non-
urbanized landscapes [17]. Figure 2b presents one of the measurement points (D2) situated
within LCZ D, with the photograph captured during the on-site instrumentation setup.
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Figure 2. (a) Satellite imagery of local climate zone D (LCZ D, characterized by low plants) sourced
from Google Maps (https://www.amap.com, accessed on 26 December 2024); “D1” and “D2” repre-
sent the detailed locations of the two loggers. (b) The specific locations where the temperature and
humidity data loggers were installed.

2.4. Typical Days for UMI Development

The dynamic and magnitude of humidity differences between urban and rural areas
exhibit similarities to the UHI. The maximum intensity of both phenomena is observed on
windless, clear summer nights, indicating that the UMI develops most favorably under
“ideal” weather conditions [24]. It is important to investigate the temporal humidity
patterns on such days to study UMI formation and development. Oke proposed weather
factors (a calculation formula based on wind speed, cloud cover, and cloud shape) to
identify typical meteorological days [24]; this method has been effectively utilized in
studies on thermal behavior and humidity characteristics in Nanjing [17,26]. However,
acquiring certain meteorological parameters using this method is challenging. Our previous
work validated the significant linear correlation between the rural diurnal temperature
range (DTR) and the daily maximum urban heat island intensity, with a Pearson correlation
coefficient exceeding 0.7 [27]. A threshold for identifying typical meteorological days,
DTR ≥ 10 ◦C, has been established [27]. Specifically, DTR is measured by subtracting
the hourly minimum temperature from the maximum hourly temperature in a day (LCZ
D). It serves as an indicator of the combined influence of various meteorological factors
in rural areas and can be utilized to assess variations in the local thermal and humid
environment. Therefore, in the present study, the DTR of the LCZ D was used to identify
typical meteorological days.

Specifically, days with accumulated precipitation of >0.1 mm were excluded, and
hourly precipitation data during the study period were downloaded from the Guangzhou
National Meteorological Station (No. 59287). Days with fog (daily mean RH ≥ 80%) and
days with hourly variations in wind speed exceeding 2 m/s were excluded [28]. Finally,
275 days with DTR ≥ 10 ◦C were selected as typical meteorological days for this study. The
numbers of such days in each year and month are presented in Table 2.
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Table 2. Number of typical meteorological days during the study period (2020.1.1–2022.12.31).

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 3 y Total

2020 0 6 2 9 3 3 7 4 1 5 8 11
2752021 20 16 13 11 5 5 3 3 9 6 16 14

2022 11 0 10 11 5 2 10 8 19 13 1 5

To study the differences in the UMI between the day and night, 6 a.m. to 6 p.m.
was designated as daytime and 6 p.m. to 6 a.m. on the following day was designated
as nighttime.

2.5. Humidity Parameters

Understanding the distribution and variation of urban humidity requires analysis
of both the relative moisture content (in relation to the current atmospheric state) and
the absolute moisture content (under standard or typical conditions). Although there is
no standard for selecting specific indices, most studies use different indicators to capture
these two aspects of urban humidity. This study employed RH, Ea, and VPD as key
indicators. These indices provide complementary perspectives by addressing both the
absolute characteristics of humidity (e.g., UMI or UDI) and the relative characteristics (for
comparative analysis), which ensured the comparability and representativeness of the
research conclusions.

• RH

RH is the most commonly used parameter for measuring humidity owing to its ease of
measurement and comparability. RH significantly impacts urban rainfall, evaporation, and
human thermal comfort. It represents the percentage of vapor pressure in the air relative to
the saturated vapor pressure (Es) at the same temperature and atmospheric pressure. This
information can be obtained directly using a HOBO data logger.

• Ea

The actual water content in air can be assessed using various humidity metrics. Ea
directly reflects the vapor content in the air, which does not change with variations in air
temperature. However, the difference in temperature can affect evaporation and condensa-
tion, and can be reflected by changes in indicators, such as Ea. Ea can be calculated using
Es, as follows:

Ea = Es × RH
100

(1)

• VPD

VPD is an indicator that measures the difference between actual and saturated vapor
in air. It represents air dryness and is an important indicator for studying water circulation
in urban climates. Similar to the RH, VPD is sensitive to temperature. During the UHI
period, higher temperatures can cause an increase in the Es, leading to a water vapor
shortage. VPD can be calculated by subtracting Ea from Es, which can be obtained using
the Bolton equation [29]. The Equation (3) was adjusted to match Wexler’s results and
was extrapolated for temperatures less than 0 ◦C. It has an accuracy of 0.1% within the
temperature range from −30 ◦C to 35 ◦C [30].

VPD = Es − Ea (2)

Es = 6.112 × exp
(

17.67 × T
243.5 + T

)
(3)

7
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• Definition of UMI

The UMII is usually calculated using Ea, RH, AH, and the humidity ratio. In this study,
vapor pressure was selected as the only indicator to measure the UMII, i.e., the difference
between the Ea of each LCZ and that of the corresponding LCZ D (ΔEa and hPa). If the
value was positive, it was a UMI; otherwise, it was a UDI. Meanwhile, ΔRH and ΔEa are
only used as variables to measure humidity characteristics.

ΔEa = Eurban − Erural (4)

3. Results

3.1. Temporal Pattern of Humidity

Figure 3 depicts the characteristics of RH, Ea, and VPD for each LCZ in terms of
seasonal, and diurnal features. The differences in RH among the zones were not significant;
however, the seasonal and diurnal variations showed higher humidity in the summer than
in the winter, and at night than during the day. During seasonal variations, higher Ea was
observed in all zones in summer, while the differences between LCZs within the same
season were not significant. Specifically, the average distribution of Ea across all LCZs in
summer exhibited a “slight” diurnal variation, with higher values during the day and lower
values at night, but the change did not exceed 5 hPa for both daytime and nighttime. It can
be observed that the RH, Ea, and VPD in all zones are higher in summer than in winter.
This is reasonable and can be explained as follows: (1) Summer is the season with relatively
concentrated precipitation in Guangzhou. Although the Es increases with temperature, the
frequent precipitation caused by the influence of warm and humid ocean currents is the
dominant factor for the increase in RH and Ea. (2) In summer, the high temperature causes
intense evaporation of water in surface water bodies and soil. This process is significantly
weakened in winter. (3) Due to the higher Es in summer than in winter, even if the water
vapor in the air is closer to saturation, the “distance” from saturation can still be higher
than in winter. During the summer and summer nights, each LCZ showed a higher average
VPD than in the winter and summer days, indicating that the air was drier during these
periods. In the winter, the difference in air dryness between the LCZs was not significant.

It can be concluded that the RH in Guangzhou was higher during the summer and at
night throughout the year, and that Ea was significantly higher in the summer than in the
winter. However, there was minimal difference in the daily variation.

3.2. Temporal UMI Pattern
3.2.1. Monthly Variations

The humidity differences between each urban LCZ and LCZ D were analyzed on a
monthly basis (LCZ X—LCZ D). Figure 4 shows the monthly mean ΔRHX-D and ΔEaX-D
during the daytime and nighttime. To further explore the statistical significance of these
differences, an ANOVA was performed on the ΔRHX-D and ΔEaX-D across the six LCZs.
Table 3 presents the results of this ANOVA analysis, summarizing the statistical differences
for each time period and LCZ zone, with F-values, degrees of freedom, and p-values
provided for each comparison.

The results showed that the ΔRHX-D was negative for most of the year (except for LCZ
8), which indicated that the urban environment was perceived as drier than that in rural
areas. This dryness was more pronounced in the summer and at night. The smallest ΔRHX-D
occurred at nighttime in September (−8.7% in LCZ 3). In the comparison between urban and
rural areas, for each zone except LCZ 8, the RH is lower in every period throughout the year.
This trend reaches its peak in summer. The high RH in LCZ 8 throughout the year may have
been due to its proximity to the water body, as the river was located within the radius of the
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two stations. Continuous evaporation would not only reduce the local temperature, but also
increase the Ea. Although the perceived humidity in urban areas is lower than that in rural
areas, in terms of the actual water vapor content, this is not the case.

Figure 3. Distributions of RH, Ea, and VPD for LCZ 1–LCZ D during the season, and diurnal cycles.
All the sample of three years of typical days were used for analysis (n = 275 days).

The ΔEa pattern exhibited a more remarkable difference throughout the year than
ΔRH. Most LCZs exhibited a stronger UMI on winter nights than on summer nights. The
UMI gradually weakened with increasing temperature and eventually transformed into a
UDI in August and September. Daytime data throughout the year showed that the UDI
dominated during warm months. From the perspective of monthly averages, most urban
areas exhibit a UMI throughout the day from January to April. In the hotter month of
August, a UDI is presented throughout the day. For most months of the year, a daytime
UDI and nighttime UMI are manifested.

The impervious surface area in urban environments, such as roads, buildings, and
pavements, plays a significant role in the UDI effect. These surfaces absorb and store heat
during the day, leading to higher temperatures and increased evaporation. This results
in lower vapor pressure in urban areas compared to rural zones, contributing to the UDI
effect, especially during the day. This is particularly evident in LCZ 4, where due to its
largest ISF among the six zones (Table 1), a UDI occurs throughout the day throughout
the year.
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Figure 4. Monthly urban—rural differences in RH in the (a) daytime and (b) nighttime and in ΔEa in
the (c) daytime and (d) nighttime under all weather conditions (n = 875 days).

Table 3. ANOVA Analysis of Humidity Parameters in LCZs.

LCZ Type
ANOVA Results

Source Sum_sq df F PR (>F)

Daytime ΔRH LCZ 9.38774 × 104 5.0 710.2 0.0
Residual 1.48106 × 106 56,023.0 - -

Nighttime ΔRH LCZ 1.07122 × 105 5.0 810.6 0.0
Residual 1.05777 × 106 40,020 - -

Daytime ΔEa LCZ 626.441951 5.0 131.3 8.9519 × 10−139

Residual 53,471.38311 56,023 - -

Nighttime ΔEa LCZ 785.23118 5.0 288.2 5.6970 × 10−304

Residual 21,809.35418 40,020 - -

3.2.2. Hourly Variation

To further investigate the local-scale differences in UMI, Figure 5 presents the all-day
variations in ΔRHX-D and ΔEaX-D for each LCZ during the summer (Figure 5a,c) and
winter (Figure 5b,d). ΔRH and ΔEa were defined as the differences in relative humidity
and vapor pressure, respectively, between urban and rural areas. The diurnal variations in
ΔRH were similar across all LCZs, with the exception of LCZ 8; thus, the humidity levels of
urban areas can be represented by the characteristics of most LCZs. In winter, the humidity
characteristics of urban areas demonstrate the following pattern: RH is lower than that of
rural areas from 00:00 to 12:00, higher from 12:00 to 18:00, and returns to a drier state after
18:00. This suggests that urban areas experience relatively higher humidity during specific
daytime periods, although this condition is not consistently maintained. Throughout the
day, ΔRH decreases gradually in the initial 2 h following sunrise (6:00 in the summer and
8:00 in the winter) and increases during the pre-sunset period (15:00 in the summer and
the winter). Except for the significant temperature fluctuations during sunrise and sunset,
the disparities in RH between the urban and rural areas remained stable and were mostly
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maintained at levels within a range of 0% to −10% during the night (excluding LCZ 8).
This trend was observed for both summer and winter, with no distinguishable differences.

Figure 5. Daily variations in urban—rural differences in relative humidity (ΔRHX-D) and vapor
pressure (ΔEaX-D) for typical meteorological days in (a,c) summer (June–September); (b,d) winter
(December–February).

Based on the ΔEa curve, all LCZs in the summer exhibited nighttime UMI and daytime
UDI. Compared with winter, a larger diurnal variation in UMII (up to −2.4 hPa to 1.28 hPa)
was observed for each LCZ in the summer. During the first two hours after sunrise, a trend
of initial decrease followed by an increase was observed in ΔEa across all zones. In simpler
terms, this indicates a weakening of the UMI and a strengthening of the UDI. The decrease
in UMII observed during sunrise could be attributed to evapotranspiration from residual
dew and vast vegetation in rural areas. The evaporation process continued for 2 h after
sunrise; however, the increase in the mixing layer height and strengthened upward motion
resulted in a decrease in the observed Ea. The higher SVF in rural areas and increased
surface cooling led to greater condensation and a continuous increase in ΔEa after sunset.
Overall, whether in summer or winter, the state of higher RH in urban areas is transient.
However, from the perspective of Ea, urban areas consistently exhibit greater moisture
levels than rural areas throughout the winter.

3.3. UMI Frequency

According to the definition of Kuttler et al., 0 hPa < ΔEa < 0.5 hPa is defined as a weak
UMI, and ΔEa > 0.5 hPa is defined as a strong UMI [31]. The frequency characteristics of
three types of ΔEa (weak UMI, strong UMI, and UDI) and two types of ΔRH (ΔRH < 0
and ΔRH > 0) in the four seasons were analyzed (Figure 6). Here, a state with UMII > 0 is
defined as urban moisture excess (UME).

Figure 6 shows the statistics of ΔRH and ΔEa (positive or negative) in the four seasons.
The types of ΔRH did not differ significantly among the four seasons, with ΔRH > 0
accounting for an average of 26% and ΔRH < 0 accounting for an average of 74% in one
season. As the ΔRH trend in a day was basically consistent (Figure 5), the seasonal pattern
of RH differences between urban and rural areas was mainly reflected in the magnitude of
the value, rather than the type (positive or negative). Notably, LCZ 8 consistently exhibited
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ΔRH values greater than zero throughout winter (Figure 5). Despite the fact that the
presence of such high ΔRH values may elevate the overall average or alter the distribution
of results, the impact of larger building surface areas and smaller vertical heights on the
distribution of urban moisture should not be overlooked. Low-rise buildings typically
exert a significant influence on wind, restricting vertical air exchange and promoting the
accumulation of moisture near the ground. The ΔEa curve showed obvious differences
among the four seasons. The UMEs were dominant throughout the four seasons. The
frequency of strong UMIs was the highest from March to May (67%). A relatively dry
period occurred from October to November, with a UDI frequency of 37% (Figure 6b).

Figure 6. Frequencies of different types of ΔRH (ΔRH < 0% and ΔRH > 0%) and ΔEa (ΔEa < 0 hPa,
ΔEa < 0.5 hPa, ΔEa > 0.5 hPa) in all LCZs on typical meteorological days during the four seasons.
(a) Frequencies of ΔRH types; (b) Frequencies of ΔEa types.

Figure 7 shows the proportion of ΔEa types for each LCZ in the summer (Figure 7a)
and winter (Figure 7b). It can be clearly observed that the UDI frequency in most LCZs
(except for LCZ 4) was higher in the summer, and the frequency of weak UMI was higher
in the winter. The UDI frequency decreased gradually with a decrease in the HRE of
the LCZ, and compact areas had a slightly higher UDI frequency than open areas. This
trend was more pronounced during the summer. The dense high-rises blocked airflow,
causing heat and moisture to diffuse slowly, resulting in the formation of a high-local-RH
environment, an increase in the latent heat, and a decrease in Es. This decreased the amount
of moisture contained in the air. However, as the HRE decreased (LCZ 2 and LCZ 3), the
effect gradually weakened.

Figure 7. Frequencies of urban dry island (ΔEa < 0 hPa), weak urban moisture island (0 hPa ≤ ΔEa <
0.5 hPa), and strong urban moisture island (ΔEa ≥ 0.5 hPa) in each LCZ on typical meteorological days
during (a) summer and (b) winter.
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3.4. Influencing Factors of UMI
3.4.1. UHI

To investigate the relationship between the UHII and UMII, data from LCZ 1 and LCZ
D were used for analysis. Due to partial data loss during the measurement process of LCZ
1, analysis was conducted utilizing the remaining 120 typical days. Seasonal and diurnal
conditions were investigated, including those in the summer daytime (Figure 8a), summer
nighttime (Figure 8b), winter daytime (Figure 8c), and winter nighttime (Figure 8d).

Figure 8. Relationships between UHII and urban—rural vapor pressure difference (ΔEa) in LCZ 1
in (a) summer daytime, (b) summer nighttime, (c) winter daytime, and (d) winter nighttime during
typical days (120 d in total).

During the daytime in the summer (Figure 8a), the majority of the scatter was dis-
tributed in the lower-left quadrant of the plot (ΔEa < 0 and UHII < 0). A weak correla-
tion between UHI and UMI can be found in daytime in summer (Figure 8a) and winter
(Figure 8c), which was weaker during nighttime. This correlation was not evident in the
comparison of different seasons. During the daytime, a decrease in the intensity of the
UHI implied that evapotranspiration in the suburbs was stronger than that in urban areas,
which directly led to an decrease in the UMII.

3.4.2. Wind Speed

Figure 9 provides statistics on V and the corresponding ΔEa of all LCZs on typical
days, with the aim of investigating the influence of wind speed magnitude on the UMI.
To enhance representativeness, wind speeds from 0 to 6 m/s were selected and divided
into datasets with 1 m/s increments. The ΔEa corresponding to the V at each moment is
categorized and averaged under different wind speed classes. Daytime (Figure 9a) and
nighttime (Figure 9b) conditions are discussed.
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Figure 9. Relationship between wind speed and urban—rural vapor pressure difference (ΔEa) in all
LCZs (LCZ 1—LCZ 8) during typical weather days in (a) daytime and (b) nighttime.

During the daytime, the relationship between ΔEa and V was not clearly defined. In
some LCZs (e.g., LCZ 2, 4, 5), ΔEa decreased with increasing V, while in others (e.g., LCZ 1,
8), it increased. This randomness can be attributed to the varying influence of V on local
humidity in different LCZs, which may be affected by the surrounding areas. While the air
flow does influence temperature and evapotranspiration, thereby altering humidity levels,
the underlying mechanisms remain unclear and require further data to support a more
robust understanding.

At night, a more consistent positive correlation between ΔEa and V was observed in
LCZs 1, 2, 3, 5, and 8, where ΔEa increased with wind speed. However, this trend exhibited
changes at a “threshold”, such as a decrease in LCZs 2 and 5, and fluctuation in LCZ 3. The
emergence of this threshold effect can be attributed to the fact that excessively high wind
speeds result in a more pronounced dissipation to evapotranspiration.

LCZ 1 typically exhibits a higher threshold compared to LCZs 2, 3, and 5 due to
its increased surface roughness and more localized airflow dynamics. This leads to the
creation of more turbulence and enhanced moisture exchange at higher wind speeds,
thereby allowing for the UMI to persist for a longer duration. In contrast, an explanation
for the lower threshold in LCZs 2, 3, and 5 could be related to the role of evaporative cooling
and the influence of UHI. In LCZs with more open or mixed building structures, there is
often greater exposure to solar radiation and urban heat island effects, which leads to higher
surface temperatures and greater evapotranspiration during the day. As a consequence,
when wind speeds increase, they can disrupt the localized moisture accumulation faster,
causing a more immediate response in humidity changes. In contrast, in denser LCZs like
LCZ 1, where buildings are closer together and shaded areas are more common, there is
more localized heat retention, and the wind has to be stronger before it can disrupt the
more stable moisture conditions in place.

4. Discussion

4.1. Reference Rural Site

Rural areas often exhibit lower T and higher RH than urban areas due to differences
in multiple surface characteristics, such as radiation (albedo and radiance), LULC, and
aerodynamics (roughness) in rural areas [32,33]. It should be noted that the peak Ea usually
appears several hours before and after sunrise and sunset in rural areas, as reported in
many studies [11,12,17]. The appearance of these “two peaks” is related to the contraction
and expansion of the urban boundary layer during sunset and sunrise, respectively. In this
study, the same phenomenon was observed in the diurnal cycle of the LCZ D from June to
September; however, the second peak was not pronounced.
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The selection of rural reference sites directly affected the results and characteristics
of the UMI. This also explains the diversity in UMIs in different cities, as the selection
of reference rural sites varies across studies. In Nanjing [17], when using LCZ D as the
reference rural site, a diurnal UDI and a nocturnal UMI were present in January, whereas the
UDI was present throughout the day in July. In Hong Kong [34], two rural meteorological
stations (one in a rural residential area and the other in a forested area) were used as
reference sites. The nocturnal UMI performance was similar between the two reference
sites; however, the daytime UMI was larger when the rural residential area was used as the
reference site. In Novi Sad [18], LCZ A was used as the reference rural site because of its
high evapotranspiration rate. The largest UDI intensity was observed in July, whereas a
slight UME was observed in colder months, similar to Guangzhou.

In selecting a reference rural site, the most important aspect is to ensure that all sites
are located under the same climatic conditions and terrain [35], and to preferably locate
rural stations outside the range of urban climate impact [36]. If these conditions are met,
the differences in atmospheric variables between urban and rural areas can be used to
quantify urban climate effects [24].

4.2. Humidity-Based Indices

Studying the amount of air humidity and moisture transfer in urban environments
must involve considerations of the saturation level and specific quantity of water vapor.
This is because the urban vapor circulation process involves various physical processes,
such as vegetation evapotranspiration [37], dew condensation [38], and precipitation [39],
which cannot be completely measured by a single variable. For example, the rate of
evapotranspiration is related to both RH and Ea.

Generally, the lower the RH, the faster the surface evaporation rate [40]. This is
because a lower RH causes a more rapid diffusion rate of water molecules into the air
and, correspondingly, a faster surface evaporation rate. However, the RH cannot directly
reflect the surface evaporation rate on urban surfaces, because it only describes the content
and degree of saturation of water molecules in the air. The surface evaporation rate is
affected not only by RH, but also by meteorological factors, such as temperature, wind
speed, and solar radiation [41]. Additionally, Ea is an important factor that affects the
evaporation process. If Ea in the air is lower than Es on the water surface, the evaporation
rate is relatively fast until Ea is equal to Es on the water surface, after which the evaporation
rate slows down or stops. Overall, both RH and Ea affect the evaporation rate, and their
combination can describe the evaporation process more accurately.

VPD describes the difference between Ea and Es, which better reflects the movement
and transmission of water molecules [42]. In urban environments, dry and hot conditions
can cause an increase in VPD, making it easier for water molecules to evaporate from
vegetation and enter the atmosphere [43]. This leads to an increase in the evaporation rate
of urban vegetation, which is particularly significant in the summer. However, for the
same VPD, there may be two different Ea and Es values at different temperatures (i.e., VPD
values may be the same when Ea and Es are both large or small). Therefore, by integrating
RH and VPD, we can better describe the moisture content, thermal comfort, and other
aspects, thus providing a more comprehensive assessment of humidity.

4.3. Humidity Characteristic

In extensive research on UMI and humidity variations, the role of urban morphol-
ogy, green space coverage, and climatic conditions in influencing local humidity has been
thoroughly examined. For instance, studies conducted in Beijing have shown that urban
expansion leads to a decline in RH, Ea, and specific humidity within urban areas, particu-
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larly during the spring and autumn when dry conditions become more pronounced [44].
This trend is consistent with the seasonal variations in this study. Similar findings from
Guangzhou and Novi Sad highlight the more pronounced UMI at night [18,20], a similar
pattern also observed in this study, where the UMII is most prominent during the nighttime,
particularly in high-density built-up zones such as LCZ 1 and LCZ 2.

Urban morphology features such as building density, green cover, and surface albedo
have been shown to significantly influence the development of both UHI and UMI. For
example, increasing green cover in LCZ 2 and LCZ 3 can notably enhance cooling and
humidification effects [45]. Additionally, research on sky conditions has demonstrated that
factors like solar radiation and cloud cover substantially impact local climate patterns [20].
On clear days, the UHI tends to intensify during the daytime, while overcast or rainy
conditions promote moisture retention and latent heat release.

Table 4 summarizes the key findings related to UMI and humidity characteristics from
the relevant studies. These findings underscore the complex interactions between urban
morphology, climatic conditions, and the UMI. Building upon previous work, this research
expands the understanding of canopy humidity dynamics in humid subtropical regions
by exploring UMI patterns across various temporal scales and identifying key influencing
factors. Based on these findings, future urban planning strategies should incorporate a
holistic approach to mitigating both UHIs and UMIs. Specifically, urban designs should
consider elements such as wind speed, urban morphology, and seasonal fluctuations to
effectively reduce both heat and moisture imbalances and improve thermal comfort in
urban areas.

Table 4. Summary of urban humidity researches.

Ref. Location Theme Method

[12] Turin Temporal—spatial characteristics of UDIs and the impact of wind Fixed measurement
[16] Hong Kong Mechanism of synergistic UHIs and UMIs Numerical modeling

[18] Novi Sad Relationship between T and RH, AH, Ea, q, VPD, and the humidity
characteristics under special weather conditions Fixed measurement

[20] Guangzhou Characteristics and mechanisms of UMIs under different urban
morphology and sky conditions Fixed measurement

[34] Hong Kong Effects of urbanization (ventilation and land use) on humidity
environments and temporal—spatial characteristics of UMIs Numerical modeling

[44] BTHUA Long-term trend of atmospheric humidity and the urban
expansion effect Fixed measurement

[45] Beijing Evaluating the cooling and humidifying effects of urban vegetation
coverage across different LCZs Fixed measurement

[46] China Impact of urbanization on the humidity environment and
mechanisms of climate change that affect UDIs and UMIs Fixed measurement

[47] Beijing Seasonal and spatial characteristics of UMIs and UDIs, and
their causes Numerical modeling

[48] 15 cities
Differences in ΔT and Δq between the urban and rural sites
(LCZ X − LCZ D) were analyzed on multiple time scales (diurnal,
seasonal, and annual)

Fixed measurement

[49] Barcelona The impact of model resolution and urban land use information
(LCZs) on humidity predictions Numerical modeling

Note: T: temperature (◦C); RH: relative humidity (%); AH: absolute humidity (g/m3); Ea: vapor pressure (hPa);
q: humidity ratio (g/kg); VPD: vapor pressure deficit (hPa).

5. Conclusions

This research utilized 3-year fixed measurements to study the characteristics of RH, Ea,
and VPD across eight LCZs over varying time spans, with a particular focus on the temporal
patterns of urban–rural differences, as well as the factors that influence UMIs. In most LCZs,
RH, Ea, and VPD were higher in summer, with RH being higher during the nighttime, while
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the differences in Ea and VPD between the daytime and nighttime were not significant.
From the perspective of urban–rural differences, the RH at urban stations was lower than
that at rural stations every month, with this trend being most pronounced during summer
nights. The UMI was more pronounced during winter nights and then transformed into
a UDI during the summer. Regarding daily variation, ΔRHX-D increased after sunrise
and decreased before sunset, with no notable seasonal features. In terms of the factors
influencing the UMI, it was discovered that (a) a weak correlation between the UHI and
UMI can be observed during the day in both winter and summer, and (b) nocturnal UMII
increased with an increase in wind speed. The frequency analysis revealed that the highest
frequency of strong UMIs occurred from March to May, whereas the highest frequency of
UDIs occurred from October to November. Finally, the frequency of UDIs decreased with a
decrease in the HRE, and compact areas had a higher frequency of UDIs than open areas.
The identified characteristics of UMIs and UDIs cannot be universally classified as “good”
or “bad”. Instead, they should be considered in the context of urban planning aimed at
creating comfortable spaces. Therefore, managing key factors influencing UMIs, such as
the UHI and wind dynamics, is essential. For instance, by optimizing building layouts,
urban planners can regulate wind distribution across seasons, ensuring that wind speed
remains within optimal thresholds for each LCZ to control temperature and humidity,
thereby enhancing thermal comfort.

Although this study analyzed the canopy humidity for each type of climate zone, the
conclusions drawn may have certain limitations in terms of applicability. For example,
the observed data obtained from different sites may vary, and the impact of natural and
human factors on humidity can lead to errors and biases in the data. Based on the different
humidity characteristics of the various LCZs in Guangzhou examined in this study, a more
accurate humidity model could be established for further research. Building on the LCZ,
more intricate and detailed models can be developed by further incorporating factors
such as topography, vegetation, and land use, leading to improved accuracy in prediction
and diagnosis.
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Abstract: Pluvial floods are increasingly affecting urban areas worldwide. Despite growing
media attention and clear owner responsibility for reducing climate-related risk for build-
ings in Swedish national adaptation policy, adaptation action remains slow. Understanding
how different property owner categories view and act on flood risks is key for developing
better incentive structures and support for accelerating adaptation action. While tenant-
owned housing is a common form of housing tenure in Sweden, studies are lacking. This
study enhances understanding of pluvial flood risk and adaptation views and actions
by tenant-owned housing associations in two Swedish cities. It is based on assessments
of 69 apartment buildings within eleven tenant-owned associations and semi-structured
interviews with their eleven chairpersons. The study indicates that tenant-owned associa-
tions grossly underestimate their flood risks and responsibilities for climate adaptation,
even though many buildings studied are at significant risk, and most associations have
been impacted by floods, some severely and recurrently. The patronization of flood risk
and responsibility for adaptation is attributed to several factors: underestimating risks
and consequences, devaluing the benefit of one’s own adaptation actions, lacking knowl-
edge about climate adaptation measures for buildings, and (overly) generous insurance
terms. The findings confirm low adaptation action among housing associations, even those
with recurring floods, which is concerning given the strong reliance on property-owner
adaptation in national adaptation policy.

Keywords: adaptation; climate risk; pluvial flood; tenant-owned housing; urban built
environment

1. Introduction

With climate change, heavy precipitation is intensifying, increasing flood risks in
built environments [1]. In many parts of the world, floods caused by heavy precipitation,
here referred to as pluvial floods, have become more common and drastic, illustrated not
least by the extensive damage and deaths caused by extreme rainfall in European cities in
2024. Such trends towards more powerful and devastating heavy rains are also found in
Sweden [2,3], shown to cause significant damage to buildings and their residents [4,5]. This
is demonstrated by the €160 million of insured damage costs as well as the impact on people
and socially important operations in the Gävle pluvial flood in 2021 [6,7]. Consequently,
adapting the built environment, including buildings and properties, to pluvial flood risks
is becoming increasingly crucial.

Similar to other European countries [8], the main responsibility for climate adaptation
of buildings and properties in Sweden lies with the property owner [9], making them
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key actors in the implementation of flood risk mitigation actions. However, despite this
designated responsibility, studies indicate that few property owners have implemented
climate adaptation measures [10–13]. Though this topic has generated increased academic
attention, there are still gaps in understanding why relatively few climate adaptation
measures have been implemented by property owners and how further action can be
spurred [10,14–17]. The few existing studies on how Swedish property owners view and
manage pluvial flood risk have mostly examined homeowners [10,13,18,19], and to a lesser
extent property and construction companies [11,20]. Tenant-owned housing is a common
form of housing tenure in Sweden, but studies of how this property owner views and
responds to pluvial flood risk are lacking. Thus, how this property owner category views
and acts on flood risks is still unclear, but it is important to study to build knowledge for
developing more effective policies and incentive structures for climate adaptation of the
built environment.

Related studies on flood risks and adaptation among homeowners generally conclude
that homeowners are unfamiliar with evaluating pluvial flood risk, view it as rare and
unfamiliar, and even in high-risk areas, tend to underestimate risk and rarely recognize it as
something to consider [14–17]. A described reason for this underestimation is that it can be
difficult to understand which factors generate flood risks in buildings, acting as a barrier to
implementation [13]. While studies have identified various characteristics that contribute
to the pluvial risk of a building, they have not found any statistically significant correla-
tions [21], indicating high diversity in building stocks. However, several neighborhood
and building characteristics have been demonstrated to contribute to a building’s pluvial
flood risk. Neighborhood characteristics include location in an anticipated floodplain or
low-lying area [22], the capacity of the stormwater system/type of sewerage system [5,19],
the share of impervious area, and topography [23]. In terms of vulnerability characteristics,
studies have found that buildings with basements are flooded more frequently than oth-
ers [22,24–26]. Additionally, vulnerability characteristics include the activities and people
residing in the buildings [27] and the location of vital technical equipment [11]. Thus,
though the combinations of characteristics that generate risk tend to be location-specific, it
may still seem surprising that property owners usually do not connect obvious characteris-
tics such as location in a low point to pluvial flood risk, but this seems to be the case with
both private house owners [10,13,18,19] and property companies [6,7,11].

Studies have also analyzed the relationship between property owners’ flood experience
and willingness to adapt their property, generally finding that such experience does increase
willingness [15]. However, it is also clear that flood experience does not necessarily
result in adaptation, as shown in both international [15,16] and Swedish studies [10,13].
Studies of pluvial risk conclude that perceptions of one’s capability to adapt to the risk
influence perceptions of pluvial flood risk and adaptation behavior to a higher degree
than perceptions of floods as a hazard [15,27]. This is often referred to as coping appraisal,
which includes views on the effectiveness of available adaptation actions, one’s ability
to implement these actions, and their economic and emotional costs. Studies of Swedish
homeowners’ decision to adapt indicate that perceptions of adaptation actions are indeed
important, highlighting the need for knowledge about how to adapt [10,13]. For instance,
Grahn and Jaldell [10] found that homeowners who had adapted their property viewed
themselves as knowledgeable about reducing flood risk. However, very few homeowners
considered themselves knowledgeable about flood risks, and a majority stated that they
were not sufficiently informed to evaluate whether the property-level flood risk reduction
actions surveyed would reduce their flood risk, resulting in a low level of adaptation [10].

Hudson et al. [28] reviewed insurance schemes in European countries and found
that existing schemes predominantly focus on recovery after weather events rather than
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proactively reducing climate risks and enhancing property owners’ adaptive capacity.
Studies have shown that it is challenging to find insurance schemes that successfully
promote risk reduction [28,29]. These studies argue that such insurance schemes alone are
insufficient, highlighting the need for research into the broader enabling environments
and partnership arrangements required to promote proactive climate risk reduction [28,30].
Hudson et al. [31] characterized the Swedish insurance scheme for extreme weather as
a semi-voluntary private market, where multiple extreme weather events are combined
in a single policy, and the purchase of extreme weather event insurance is connected to
a more commonly required product [28]. This implies that the home insurance of most
Swedish homeowners covers floods, but the extent and type of damages covered vary,
causing concern among Swedish homeowners who have experienced pluvial flooding [13].

A tenant-owned housing association—the property owner category addressed in this
study—is a form of housing tenure where tenants co-own apartment buildings or small
houses, regulated in Sweden by the Tenant-ownership Act [32]. By buying an apartment
or semi-detached house, tenants get the right to reside in one of the apartments/houses
and become members of the association [32]. Tenants are responsible for maintaining the
interior of their apartments/houses, while the association is responsible for the property
including common areas, water and electricity piping, roofs, facades, garages, and yards.
Members pay a monthly fee to cover the operation and maintenance of the property.
Tenant-owned housing associations are an increasingly common form of housing tenure in
Sweden. In 2021, 42% of all apartments in apartment buildings in Sweden were in tenant-
owned housing associations, a share that has increased over the last few decades [33].
Apart from making up a significant share of urban buildings in Sweden, tenant-owned
housing associations are an interesting form of housing tenure to study because their
tenants are laypeople, such as homeowners, but their buildings are similar to those owned
by residential property companies. The board of the association is led by one of the tenants
acting as chair, coordinating and interacting both with the property manager and the other
tenants. This puts the chairperson in an important strategic position, mandated to lead
the maintenance of the property in a changing climate. Researching the views and actions
of such key actors in climate adaptation has been identified as pertinent in the climate
adaptation literature, particularly regarding the role of private actors [20,34].

This study aims to enhance the understanding of pluvial flood risk in buildings and
how flood risks and adaptation are viewed and acted upon within tenant-owned housing
associations. The study is based on assessments of 69 apartment buildings within eleven
tenant-owned associations and semi-structured interviews with the eleven chairpersons of
these associations in two Swedish cities. The study is guided by three research questions:

• RQ1: To what extent and how are the assessed tenant-owned apartment buildings
exposed and vulnerable to pluvial floods, and how are pluvial floods experienced and
flood risks perceived by the interviewed chairpersons?

• RQ2: How have the analyzed tenant-owned apartment buildings been impacted by
pluvial floods, and what are the reasons why these buildings have been flooded?

• RQ3: What actions did the associations take during and after a pluvial flood, and how
are climate adaptation actions perceived by the interviewed chairpersons?

This article is structured as follows: Section 2 contains the materials and methods used.
Section 3 presents the results divided into five sections, covering all three RQs. Section 4
discusses the results, and Section 5 concludes.

2. Materials and Methods

This study employed a desk study to assess pluvial flood risk of 69 apartment buildings
within eleven tenant-owned associations and eleven semi-structured interviews with the
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chairperson of the respective association to analyze how flood risks are viewed and acted
upon by the associations through the eyes of its chairperson. The study understands risk
as the potential for adverse consequences caused by climate-related events, recognizing the
dynamic interaction between hazards, exposure, and vulnerability [1,35]. The IPCC defines
hazard as the potential occurrence of a physical event that may cause loss to property and
infrastructure [36]. In this study, we researched how the housing associations’ chairpersons
perceived the potential occurrence of pluvial flood events (Section 3.1). In terms of exposure,
studies of pluvial flood risks commonly suggest that exposure is influenced by the location
of the building, local topography, and the portion of impervious surfaces. In this study,
we report data on the pluvial flood exposure of the housing associations according to
flood risk maps (Section 3.1), the chairpersons’ views on what determines whether their
property is considered at risk, and reasons why the buildings were flooded (Section 3.2)
and mechanisms through which the buildings were flooded. Vulnerability encompasses
both the sensitivity of the buildings, namely, to what extent the property owner views that
the building will be impacted by a pluvial flood, and their adaptive capacity, namely, their
ability to overcome the consequences [35]. The level of sensitivity of the buildings depends
on the capacity of the sewage/drainage system, whether the building has a basement, the
existence of openings, and the placement of indoor vital equipment [11]. In this study, a
table contains occurrence and frequency of sensitivity characteristics such as ground floor
apartments, basement stairs, and garages. Moreover, physical and financial consequences
of the pluvial flood in focus are reported in Section 3.3. Sections 3.4 and 3.5 present
actions performed during and after the pluvial flood as well as the housing association
chairperson’s views on adaptation actions, addressing issues of adaptive capacity.

Building on the author’s ongoing collaboration with the umbrella organization for
tenant-owned housing associations in southeastern and central Sweden, Riksbyggen, the
study zoomed in on associations in the two mid-sized cities Linköping and Gävle. The
cities have been affected by pluvial flooding to varying degrees, which were seen as an
opportunity to capture a wide range of experiences and perspectives. In 2021, Gävle
experienced national record-breaking precipitation [37] with return periods of about 3900
years, resulting in 6830 insurance claims exceeding €160 million in insured damage costs
and impacts on welfare buildings [6,7]. Linköping has been affected by minor cloudburst
events. In 2018, heavy precipitation flooded basements, a shopping area, and the central
railway station.

Also, within the two cities, efforts were made to capture a heterogeneous set of associ-
ations. Thus, associations with varying degrees of pluvial flood exposure and sensitivity
characteristics were identified through assessments of flood risk mappings of a 100-year
rainfall event for Gävle [38] and Linköping [39] and through dialogues with staff from Riks-
byggen. The pluvial flood exposure of the housing associations buildings was categorized
using these flood risk maps as follows: high exposure >0.3 m water expected at least on
one side of the building; medium exposure = 0.2–0.3 m water expected at least on one side
of the building; and low <0.2 m water expected at least on one side of the building.

Through the dialogues, the association’s size, building type, and building year were
weighed in to ensure a heterogeneous sample. In both cities, Riksbyggen staff acted
as door-openers [40], initially contacting the chairpersons to ask if they were willing to
participate in the study. Most associations asked agreed to participate. The researcher then
contacted the chairpersons to inform them about the study and to schedule and conduct the
interview. The size of the sample allows for theme saturation in the interviews, following
the recommendation in Wutich et al. [41].

Based on data retrieved from the websites of the eleven housing associations, the
study covers 1954 apartments in 69 buildings owned by the eleven tenant-owned hous-
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ing associations, ranging from 42 to 627 apartments per association, with construction
years from 1949 to 2017. The sample also includes a variety of building types, such as
high-rise buildings, three-story buildings, and terraced houses, which are common in
both tenant-owned housing associations and the current built environment in Swedish
urban areas.

In total, eleven interviews were conducted: six in Gävle (G1–6) and five in Linköping
(L1–5). All interviewees were chairpersons of the board (Table 1), and, unintentionally,
all were older men. The interview guide was based on questions about experiences with
floods, their impacts, responses, and views on flood hazards, exposure, vulnerability,
and responsibility. All interviewees provided informed consent before the study began,
and they were free to withdraw at any time, and confidentiality was strictly maintained
throughout the study.

Table 1. Background data and information about the tenant-owned housing associations and
the interviews.

Interviewee/Housing
Association

Details Date Length

Gävle 1 (G1) 47 apartments, 3 buildings, 4 stories, 2016 20220324 61 min
Gävle 2 (G2) 47 apartments, 8 buildings, terrace houses, 2 stories, 1973 20220325 140 min
Gävle 3 (G3) 42 apartments, 1 building, 6 stories, garage, basement, 1983 20220324 58 min
Gävle 4 (G4) 59 apartments, 3 buildings, 3 stories, basement, 1959 20220322 68 min
Gävle 5 (G5) 121 apartments, 3 buildings, 3–7 stories, basement, 1958 20220325 72 min
Gävle 6 (G6) 79 apartments, 3 buildings, high-rise, basement, 1966 20220324 54 min

Linköping 1 (L1) 129 apartments, 4 buildings, 4–6 stories, basement, 1985 20210414 62 min
Linköping 2 (L2) 380 apartments, 7 buildings, 3 stories with basement, 1953 20210416 62 min
Linköping 3 (L3) 627 apartments, 22 buildings, high-rise, garage, basements, 1955 20210423 105 min
Linköping 4 (L4) 284 apartments, 7 buildings, 3–5 stories, garages, 1949 20210424 117 min
Linköping 5 (L5) 139 apartments, 8 buildings, 2 stories, basements, 1963 20210427 46 min

All interviews were audio-recorded and transcribed. The transcripts were analyzed
and coded based on the different elements of risk described above. An individual analysis
of each transcript was followed by a comparative analysis to identify patterns, similarities,
and differences. The main findings for each research question are presented in the results
section below. The use of quotes from interviewees substantiates the analytical conclusions,
and while striving to capture the main patterns in the material, individual perspectives are
also presented to highlight distinctions.

3. Results

The results section presents findings from the desk study and interviews divided into
five sections. The first section addresses RQ1, focusing on found pluvial flood risks for
the assessed buildings and flood experiences and perceptions about flood risks among the
interviewed chairpersons. The second and third sections address RQ2, reporting on reasons
why the analyzed tenant-owned apartment buildings have suffered flood damage or not
and on consequences of the experienced pluvial floods. Sections four and five address RQ3,
presenting the actions taken by the tenant-owned apartment associations to reduce risk and
damage during and after a pluvial flood and the chairpersons’ perceptions about reactive
and proactive climate adaptation actions.
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3.1. Pluvial Flood Risks, Flood Experiences, and Perceptions About Flood Risks

Altogether, weighing both exposure and sensitivity components, the pluvial flood risk
was quite high on average in the assessed buildings but differed both between and within
the associations.

The exposure, according to flood risk maps, ranged from low in three tenant-owned
housing associations, medium in two, and high in six (Table 2). In all associations but two,
the exposure of individual buildings varied considerably within the association. In these
associations, all buildings were either categorized as high (L3) or low (L1) exposure.

Table 2. Tenant-owned housing associations’ pluvial flood risk experience, exposure, sensitivity
characteristics, and expectation of pluvial flood in the future based on the desk study and interviews.

Housing
Association

Exposure BAS BST GF Experience Future Flood Expectation

G1 High A, G Single No, very unlikely
G2 High A A, G Multiple Yes
G3 High G Single Unlikely
G4 Medium A, B X Single Yes
G5 Low B Single Yes
G6 Low C G Multiple Yes
L1 Low G A Single No, very unlikely
L2 High G X A, P, G Multiple Yes
L3 High B, C A, G None No, very unlikely
L4 Medium G X Single No, very unlikely
L5 High X X A, G None No, very unlikely

Tot In 42 of 69
buildings

In 12 of 69
buildings

In 36 of 69
buildings

GF = ground floor. GF A = ground floor apartment. GF G = Garage on the ground floor. GF P = Preschool on the
ground floor. BAS = Basement. BAS A = Apartment in the basement. BAS B = Business space in the basement.
BAS C = Common room in the basement. BAS G = Garage in the basement. BST = External basement stairs. High
exposure >0.3 m of water expected at least on one side of the building. Medium exposure = 0.2–0.3 m of water
expected at least on one side of the building. Low <0.2 m water expected at least on one side of the building.

Regarding the sensitivity of the tenant-owned housing associations’ buildings, there
were basements in 42 of 69 buildings across ten associations, with five of these basements
housing apartments, businesses, or meeting rooms. Technical installations were always
located in basements in buildings with basements. In total, there were apartments on the
ground floor in 36 of 69 buildings across six associations, and one association also had a
preschool on the ground floor. Additionally, 46 of 69 buildings in nine associations had
garages, with four of these garages located in basements. Twelve buildings in four as-
sociations had external stairs leading to the basements, where only a few centimeters of
surface water would be needed to flow down to the basement door, many of which were
not waterproof.

In terms of personal experience with pluvial floods, the interviews established that
nine of the eleven chairpersons, including all six from Gävle, had personal experience with
pluvial flooding of buildings within their association. Three interviewees had multiple
experiences, which they came to realize only after the most recent flood event. Interviewees
with personal experiences described the pluvial flood event as dramatic and stressed that
the event was unexpected.

All three interviewees with multiple pluvial flood experiences expected that their
association’s buildings would be at risk for pluvial floods in the future. Surprisingly, their
answers still allowed for some uncertainty: ‘Since it [pluvial flooding] occurred again, you
really should think: Could it happen again?’ (G2). This suggests that despite recurring
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pluvial floods, the chairperson still hesitated and said that future floods should not be
taken for granted.

The views of future flood occurrence among interviewees with single experience
diverged. Some interviewees considered their buildings at risk: ‘So we’re pretty sure that
it [pluvial flood] will happen again’ (G4), while others were more hesitant: ‘If we look
at the climate, it’s not impossible’ (G3), or believed pluvial floods were unlikely because
they understand pluvial floods as very rare events: ‘We have considered if there will be
another flooding . . . but hardly in our lifetime’ (G1). Contrary to what would be expected
after experiencing a pluvial flood, these interviewees believed it would not happen again,
indicating risk denial.

Interviewees without personal pluvial flood experience did not consider their asso-
ciation’s buildings at risk of future pluvial floods, even if they readily identified external
basement stairs as the likely flood mechanism. This appeared to stem from a low perceived
flood exposure, as illustrated by the following statement: ‘I can’t see that we currently are
[at risk], unless the river Stångån rises ten meters’ (L3). Interviewees without personal
pluvial flood experience were informed about the location of the tenant-owned housing
association’s buildings on a pluvial flood risk map and the building’s sensitivity charac-
teristics, identified through the desk study, contributing to the pluvial flood risk of their
buildings. This information did not influence the interviewees’ view of the pluvial flood
risk facing their association’s buildings. Contrary to what the maps and desk study sug-
gested, the interviewees referred to factors such as location in a heightened part of the
city or on a slope, or very local topographical and building characteristics that were not
accounted for on the map to support the view that their property would not be flooded in
the future. Consequently, they did not consider their buildings at risk, regardless of the
expected inundation levels represented on the pluvial flood maps.

Moreover, interviewees who connected pluvial flooding to climate change stated
that this would make pluvial flood events more frequent in the future. However, since
they considered pluvial flood events to be very rare, they struggled to make sense of and
expressed doubts about what more frequent rainfall events would entail for something
very rare. They reflected on the probability of a similar cloudburst to the one in Gävle in
2021: ‘. . .some prognosis said that there will be twice as many cloudbursts in the future. . .
The problem with weather, though, is that you’ll never know’ (G2).

3.2. Reasons Why Buildings Have Been Flooded

Altogether, basements were flooded in all nine flood-damaged associations, and
ground floors in four of them. While the interviewees could clearly describe which parts
of the buildings were inundated, they struggled to ascertain the mechanisms through
which the buildings were flooded and the exact locations where the water entered. The
reported flood mechanisms spread evenly across surface openings, sewer backups, and
other openings (Table 3). Six of the nine interviewees with personal pluvial flood experience
contended that water entered the building through multiple mechanisms. Six interviewees
reported surface openings, mainly entrance doors, whereas five identified that the flood
occurred through backflow from sewage or stormwater pipes, mainly from drainage wells.
Six interviewees noted other mechanisms, including from the building’s foundation due
to high groundwater or latent openings in roofs, on balconies, or windows. Interviews
without personal pluvial flood experience identified external basement stairs as the likely
flood mechanism in their buildings. Interviewees considered that improved knowledge
about flood mechanisms would facilitate identification of actions to reduce the pluvial
flood risk of their buildings. However, no interviewee reported any plans to analyze where
the water entered their association’s building(s).
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Table 3. Pluvial flood mechanisms, consequences, and damage cost estimates.

Housing
Association

Flood Mechanism Consequences Cost *

G1 Surface via entrances, elevator shafts,
possibly foundation

Evacuation, ground floor apartments,
electricity, storage

Total: €100,000
Own: 12,000

G2 Multiple: Surface via entrances and
basement floor drains

Ground floor apartments and
basement rooms, electricity, storage

Total: €500,000
Own: 20,000

G3 Multiple: Surface via entrances and
garage door and top floor balconies

Ground floor apartments and
basement rooms, elevators, storage,

garage

Total and own:
€20,000

G4 Multiple: Surface via entrances and
drains outside basement garage

Basement apartment, business space,
common room, garage

Total: €50,000
Own: 40,000

G5 Ground water through foundation Basement common room incl. kitchen,
sinkhole Own cost: €10,000

G6 Multiple: Ground water through
foundation and stormwater pipe burst

Basement common room incl. kitchen,
storage, pipes Do not know

L1 Multiple: roof windows and
stormwater pipe burst/leakage

Ground floor apartments, garage,
storage -

L2
Multiple: Surface via entrances,

windows, basement floor drains, and
basement stair drains

Ground floor apartments (minor) and
basement common room, garage,

storage
-

L3 External basement stair drains Do not think anything would be
damaged N/A

L4 Multiple: basement stair drains, garage
door, foundation, and chimney

Garage, storage, possibly new
basement apartment -

L5 Some external basement stair drains Do not think anything would be
damaged N/A

* The damage cost estimates reported here are either based on the costs that had occurred at the time of this study
or the interviewee’s best estimate.

Apart from these reasons, the interviewees with flood experience frequently referred
to the insufficient capacity of the urban piped sewage or stormwater systems as a reason
why their buildings were flooded. For example: ‘Their [the municipality’s] stormwater
pipes cannot swallow the large quantity of water that came then [during the pluvial
flood event], and we can’t do anything about that. The municipality must deal with that’.
(G4). This shows that tenant-owned housing association chairpersons tended to displace
responsibilities for both the problem and undertaking adaptation responses to someone
else, disavowing their own responsibility and role, as specified in national adaptation
policy. It also indicates hopelessness and a sense of limited control over adapting their
properties, i.e., they viewed that property-level adaptation would not make any difference
to the building’s pluvial flood risk.

3.3. Impacts and Damages of the Pluvial Flood

Contrary to the researchers’ expectations, the interviewees with personal experience
of pluvial flooding considered the impacts of the pluvial flood as tolerable, regardless
of the magnitude and type of damage they had experienced. Even in the case where
tenants had to be evacuated from their home for a long period of time, this was seen as
tolerable, although interviewees contended that tenants did not want to evacuate and
reported that some families decided to stay in their flooded apartments. Six interviewees
reported damaged apartments on the ground floor or basement, viewed as aggravating the
severity of the impact but still referred to as tolerable since there were no impacts on human
health. No interviewee reported any personal injuries, but one interviewee was worried
that tenants would be exposed to electricity in the basement, despite having advised them
not to go there. Interestingly, one of the associations had recently constructed a basement
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apartment and, during the interview, realized that it would probably be damaged during a
pluvial flood event. Since the interviewee had previously stated that impacts on people’s
homes were important to avoid during a pluvial flood, this caused some concern. This
example also illustrates how low pluvial flood risk awareness can lead to higher risk. In six
associations, the study found impacts on rented business spaces, referred to as unfortunate
but unavoidable, and/or common rooms, referred to as tolerable. If a flooded building
had an elevator, the elevator was commonly damaged, but this was referred to as tolerable
damage because they were only out of operation for a day or two.

All interviewees with pluvial flood experience reported damage in basements, such as
storage areas, garages, bike storage, laundry rooms, and common rooms, which were all
referred to as minor damage. The flood mainly caused material damage to floor and wall
construction materials, along with furniture and tenants’ possessions in basement storage.
Destroyed possessions were referred to as minor damage and were mostly viewed as a
question of how to dispose of the rubbish. This is understandable since these damages
are covered by the tenants’ home insurance. However, two interviewees reported that
damages to possessions had caused more severe impacts on already vulnerable tenants,
including a woman in grief who had not cleaned out the properties of the deceased.

The study also found long-term consequences. For example, a hair salon located in a
basement was damaged and restored, but the hairdresser noticed a bad smell afterward,
triggering a new round of moisture measurement and investigation. The interviewees
also noted that tenants were eager to notify them about any bad smells or indications
of mold, signaling a worry that the water damage might have long-term consequences.
Consequently, the interviewees indicated that moisture measurement became a preemptive
strategy for both compliance with insurance company requirements and taking precautions
against future water-related damage.

Financially, the study found large differences between estimations of both total damage
costs and insurance-covered costs (Table 3). Interviewees’ estimates of total costs ranged
from €10,000 to €500,000, and their estimates of costs to be covered by the tenant-owned
housing association ranged from €10,000 to €40,000. These cost estimates, however, did
not include costs covered by tenants and their home insurance, which are likely to be
considerable, particularly in cases where apartments were damaged. All interviewees
with personal experience of floods referred to costs as manageable and not causing any
financial risk for the association. Interviewees emphasized that, due to a requirement to
set aside maintenance funds and a high annual turnover, the financial solvency of their
association was high. As one chairperson stated, ‘Even if we suffer a million in damage,
it’s not much compared with our annual budget of 8 to 9 million’ (L4). All tenant-owned
housing associations housing cooperatives were insured, adding to their economic solvency
and significantly reducing the cost covered by the tenant-owned housing associations that
were significantly damaged.

The two interviewees without pluvial flood experience did not think anything impor-
tant would be damaged.

3.4. Actions During and After the Pluvial Flood

Interviewees with flood experience clearly described that the handling of the pluvial
flooding was very time-consuming, including initiating and maintaining contact with
insurers, construction companies, service providers, and worried tenants. This created a
stressful situation for the chairpersons, also seen as a minor issue. The interviewees noted
that the fact that most people were working from home due to the COVID-19 pandemic
facilitated the handling of the pluvial flood: ‘It was very lucky that most board members
were working from home. Corona was here a blessing in disguise’ (G2).

28



Buildings 2025, 15, 300

Interviewees with pluvial flood experience all responded by removing the water, dehu-
midifying, and removing damaged building material, seen as comprehensive, protracted,
and time-consuming, albeit uncomplicated (Table 4). Due to the many damaged buildings
in the Gävle pluvial flood event, the availability of dehumidifiers and pumps was severely
restricted, protracting the response time.

Table 4. Pluvial flood actions performed by the housing associations during and after the flood event
divided into reactive and proactive responses.

Housing
Association

Actions During the Flood Reactive Actions Proactive Actions

G1 Pumping, dehumidify, remove
building material.

Temporary barriers considered
but dismissed Sensitivity-reduction

G2 Pumping, dehumidify, remove
building material.

Backflow valves considered but
dismissed

Sensitivity-reduction, possibly
assessing risks systematically

G3 Dehumidify, remove building
material.

Balcony drainage, watertight
entrance doors

No, do all we can and is
outside our own control

G4 Pumping, dehumidify, remove
building material. - Sensitivity-reduction, possibly

watertight entrance doors

G5 Pumping, dehumidify, remove
building material and furniture. - No, done all we can,

sensitivity-reduction

G6 Pumping, dehumidify, remove
building material and furniture. - Possibly assessing

groundwater flood risk

L1 Dehumidify, remove building
material.

Stormwater pipes and drains,
entrance roofs, sealed roof

windows

Never thought about it and
no need

L2 Dehumidify, remove building
material.

Improved infiltration, basement
stair gutters, waterproof

windows, greenery. Considered
backflow valves but dismissed.

Considered waterproof
entrance, basement and garage

doors but not allowed.

Discouraged by cultural
heritage restrictions and

outside one’s own control

L3 - Restored surface slope. No need to reduce pluvial
flood risk

L4 Dehumidify

Improve drainage; plugged
garage drains. Chimneys

planned whilst roofs are to be
renovated. Considered
basement stair roofs but

dismissed

No need to reduce pluvial
flood risk

L5 - - No need to reduce pluvial
flood risk

Regarding reactive actions to rebuild damaged parts of the buildings, four interviewees
stated that they had corrected one or more particular mechanisms observed during the
pluvial flood, including sealing windows, waterproofing doors and windows, and plugging
basement drains.

The study also found that four associations had considered but dismissed actions
frequently promoted as viable by insurance companies, such as backflow valves, temporary
flood barriers, and entrance door roofs. Disregard was motivated by a perceived low
effectiveness or being unaesthetic. One association had considered a range of reactive
actions but was unable to implement them due to cultural heritage rules.

The study found that four associations had taken action to reduce the building’s
sensitivity, i.e., decrease damage in case of a future flood event. The sensitivity-decreasing
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actions, such as using inorganic materials and paints, did not happen automatically and
were only implemented because they were suggested by an employee of the cooperative’s
property manager, which most tenant-owned housing associations have contracted and
regarded as a trusted source of knowledge.

Further, no interviewee reported that they had performed any actions to systematically
assess and proactively reduce the pluvial flood risk of their buildings. In terms of planned
adaptation actions, at the time of the study, i.e., at least ten months after the pluvial flood,
only three interviewees, two of whom had multiple experiences, stated that they were
considering assessing the pluvial flood risk of their buildings in the future. For one of them,
the assessment would only consider a specific type of flood risk. Two interviewees who
were expecting future flooding of their property stated that they believe they have done
all property-level adaptation action they could do, referring to further adaptation action
being constrained by other actors, mainly the municipality. Three interviewees with flood
experience reported no plans, stating that they had never given pluvial flood risk reduction
a thought because they did not expect any future flooding of their property. Evidently, the
two interviewees without pluvial flood experience, despite high pluvial flood exposure
according to flood risk maps, saw no need for actions to reduce pluvial flood risk.

3.5. Views of Reactive and Proactive Adaptation Actions

The actions implemented by the tenant-owned housing associations are predomi-
nantly reactive. According to the interviews, this reactive approach aligns with how their
association responds to other building and technical equipment failures. However, such a
reactive approach, without a learning ambition, clearly has its limitations. It neither facili-
tates correcting other similar failures nor understanding their root causes. The interviewees
referred to reactive actions as uncomplicated compared to preventive actions and generally
expressed a strong sense of control over reactive actions, believing them to be sufficient to
protect their buildings from pluvial flood damage in the future.

In contrast to the interviewees’ favorable view of reactive actions, their statements
clearly indicate that preventive actions in general, and actions to reduce pluvial flood risk
in particular, were highly unlikely to occur. Interviewees agreed that preventive actions
lacked a clear purpose or benefit, illustrated by the following statement: ‘It’s not like we’ll
dig up some pipes in preventive purpose to prepare for the future. We’ve never done that
and have no plans to do that either’ (L4). The way the interviewees discussed preventive
actions indicates both a lack of awareness of how pluvial flood risks could be reduced
and a fear that the effectiveness of such actions would be severely constrained, as they
depend on complementary actions outside the property boundary being implemented by
other actors, mainly municipal departments. As one chairperson stated, ‘But I also think
that we have an external influence, where we can’t affect. Ultimately it [the responsibility]
must be placed on the municipality, in my view... we can’t change that. We depend on the
municipality’ (L2). The above is particularly important in view of the expectations in the
Swedish national climate adaptation policy, which clearly assigns the responsibility for
climate adaptation in the urban built environment to property owners [7,12].

Another possible explanation of the interviewees’ unfavorable view of proactive
actions could be that they tended to view preventive actions very narrowly, predominantly
involving the enlarged capacity of sewage and stormwater pipes. This points to limited
knowledge about what adaptation to pluvial flood risk could entail and, consequently, what
actions were being considered. This is very different from the preventive, often nature-
based, adaptation actions discussed in urban adaptation literature. The interviewees
viewed pipe-related actions as invisible for the tenants, very costly, and substantially more
expensive compared to their perceived minuscule benefits. As one chairperson stated,
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‘Underground actions will not be seen. Five years from now everybody will have forgotten
about them. Investing many millions that nobody saw, the fee was increased, but nobody
felt that they benefited’ (L4). The visibility of actions was clearly seen as important for
the interviewees, exemplified with: ‘If you mount photovoltaic panels, they are visible
externally, everybody sees them. . . it feels quite good in everybody’s guts when you look
at them’ (L4).

The Interviewees also described a lower degree of control over preventive actions as
they fall on the edge of, or outside, the tenant-owned housing association board’s mandate
compared with reactive actions. These would need to be decided at the tenant-owned
housing associations’ annual meeting, involving all tenants. The chairpersons emphasized
that convincing tenants is very difficult.

4. Discussion

Based on assessments of pluvial risk characteristics in 69 buildings and interviews
with chairpersons in eleven housing associations in two Swedish cities, the study provides
five insights into how this previously understudied category of property owner views and
acts upon flood risks and adaptation of buildings.

Firstly, the study showed that none of the eleven tenant-owned housing associations
had adapted their buildings to pluvial floods, regardless of the buildings’ level of pluvial
flood exposure, sensitivity characteristics, and experienced impacts. This finding aligns
with the low uptake of property-level adaptation actions found among homeowners [10,13]
and property companies [7,11] in Sweden [12] and abroad [15,16,24]. Many of the tenant-
owned apartment buildings examined were at risk for pluvial floods and, consequently, in
need of adaptation. This is supported by experiences of flooded buildings in nine of the
eleven associations studied, three of them several times, as well as high exposure indicated
by expected surface water depth during a hundred-year event exceeding 0.30 m at least in
parts of the buildings in six of them. Moreover, the study also found building characteris-
tics associated with pluvial flood risk in all tenant-owned housing associations, such as
apartments or businesses in basements in five of the eleven associations. Further, buildings
in six associations were flooded through multiple flood mechanisms, indicating a need for
property-level adaptation actions. Comparing pluvial flood exposure from the desk study
with tenant-owned housing association chairpersons’ views on future flood expectation
indicates that they heavily underestimate pluvial flood occurrence, particularly among
those with single or no personal flood experience. This underestimation has also been
found in studies of other property owner categories in Sweden and abroad [10,15,16]. The
study also suggests that merely making flood risk maps available is unlikely to influence
the housing association chairpersons’ pluvial flood risk perception and that vigorous action
is needed to get this type of property owner to implement climate adaptation measures
on/in their buildings and yards.

Secondly, contrary to the researchers’ expectations, the study established that re-
gardless of the type and magnitude of experienced damage during pluvial flood events,
chairpersons viewed the damage as tolerable. This view appears to serve as a further rea-
son why the tenant-owned housing association should not engage more with adaptation,
similar to a rebound effect [16,17]. This reaffirms the importance of the experienced severity
of impacts, rather than experience itself, as an influential factor for shaping individuals’
views of pluvial flood risk [16]. The study suggests that impacts on tenants’ health would
likely trigger more engagement with climate adaptation of their buildings. Although
evacuation of tenants and flooded business spaces were viewed by the chairpersons as
impacts to be avoided, experiences of these damages did not trigger any engagement with
proactive climate adaptation in the three associations experiencing these impacts. The
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underestimation of pluvial flood risk, combined with viewing pluvial flood damage as
tolerable, indicates a very low perception of pluvial flood threat.

Thirdly, the financial impact of the pluvial flood was also seen as tolerable, which
appears due to the fact that all tenant-owned housing associations were insured, demon-
strating a high penetration of flood insurance, similar to other property owner categories
in Sweden, but unlike in some other countries [16,24]. The study also found that insurance
covered a large part of the damage costs, and the tenants’ home insurance covered most of
the cost of damaged possessions, even if the insurer’s final decision was not made in some
cases at the time of the study, ten months after the pluvial flood event. Additionally, no in-
terviewee mentioned that their associations’ insurance company had raised concerns about
or demanded proactive adaptation during restoration, thus focusing solely on restoring
rather than reducing pluvial flood exposure and sensitivity after the flood event, which is
in line with experiences of insurance company activity in studies of other types of property
owners in Sweden [7,11]. This indicates that insurance conditions and insurance company
actions had no or very limited governing effect on this property owner’s attitudes or
actions regarding flood risks (cf [28,29]). This is noteworthy considering that insurance
companies in many other countries have significantly increased their requirements on
insurance takers, increased premiums, and/or separated flood risk insurance [42], even if
the general conclusion is that insurance schemes alone are insufficient [28,31].

Fourthly, the study found that tenant-owned housing association chairpersons with
personal experience of floods viewed pluvial flood impacts as financially and emotionally
less significant than homeowners have done [13,18]. Even though the study found sub-
stantial damage costs, the chairpersons deemed these as minor due to their association’s
high economic solvency, high share of damage costs covered by insurance, and relatively
low costs per tenant. This contrasts with the more substantial economic damage [10,13]
and worry about the financial consequences [13] reported by homeowners. Moreover, the
chairpersons in this study referred to themselves and their tenants as having high economic
solvency, similar to what Jarnkvist [18] found among wealthy white male homeowners po-
sitioning themselves as standing above climate risks, or what O’Brien et al. [43] referred to
as complacency to climate risk. This could be one more reason for the housing associations’
low engagement with climate adaptation of their buildings.

Fifthly, the study found support for both a low sense of control of adaptation actions
and a low perceived need for climate adaptation. Consequently, very few associations had
adapted their buildings, and interviewees provided many arguments for why adaptation is
unnecessary or ineffective for them. This suggests a weak sense of mandate and perceived
capacity to control or make a difference in urban adaptation. This appears underpinned
not only by a lack of knowledge of adaptation actions, as also found in studies of Swedish
homeowners [10], but also by the chairpersons’ views that many property-level flood
reduction actions would be unsuitable for their association due to poor aesthetics and low
efficiency. Here, the study found a very restrictive understanding of proactive adaptation
actions, primarily seen to involve expensive investments in the pipe-bound sewage or
stormwater system. This must be viewed in light of the wider palette of proactive adapta-
tion actions available, often involving nature-based solutions or sustainable stormwater
measures, including green roofs, rainbeds and rain gardens, open streams, permeable
pavements, and vegetated swales [44,45], which no interviewee referred to. Such measures
can reduce pluvial flood impacts and associated economic losses [45] and are also likely to
be attractive to tenant-owned housing associations due to their visibility and aesthetics,
pointing to a knowledge gap similar to what Grahn and Jaldell [11] found among Swedish
homeowners. Moreover, regarding available adaptation actions, the study found that
chairpersons’ understanding of adaptation actions was shaped by their favored reactive ap-
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proach to fixing problems after they had occurred. This approach, when practiced without
reflection, fails to result in learning and remedies the symptoms rather than the causes of
the pluvial flood risk. The interviewed housing association chairpersons also believed that
the cost of adaptation would overwhelmingly exceed its benefits and that the risk to their
buildings is foremost influenced by factors outside their own control, similar to findings
in studies of homeowners [10,13,18]. This highlights the need to make information about
proactive adaptation actions and the role of property owners in urban climate adaptation
more widespread.

5. Conclusions

Pluvial floods are increasingly affecting urban areas worldwide. Despite this, available
evidence suggests that adaptation actions among property owners remain slow, in spite
of clear principles of owner responsibility for reducing climate-related risks for buildings
and central roles attributed to property owners in national and local adaptation strategies.
A greater understanding of how property owners view and act on flood risks has thereby
been requested. In Sweden and many other countries, though, there are yet few studies
focusing on how other property owner categories than homeowners views and act on flood
risks and adaptation.

This study hones in on tenant-owned housing, which is an increasingly common form
of housing tenure in Sweden, making up 42% of all apartments in apartment buildings
in Sweden in 2021. The study set out to examine to what extent and how the assessed
tenant-owned apartment buildings were exposed and vulnerable to pluvial floods, as well
as how the interviewed chairpersons have experienced and viewed pluvial flood risks and
adaptation. The study found that a high share of the tenant-owned housing association
buildings studied were exposed to pluvial floods, supported both by desk study data
indicating exposure and sensitivity characteristics and that nine of the eleven associations
had been flooded at least once. Despite this, few housing associations stated a need for
proactively adapting their buildings, indicating that they heavily underestimate pluvial
flood risks, particularly those with single or no personal flood experience.

The study also found that the tenant-owned apartment buildings were impacted by
pluvial floods not only through considerable and prolonged actions to dehumidify and
rebuild the damaged parts of the buildings but also through flooded apartments, business
spaces, garages, and common rooms, as well as the evacuation of tenants and damage
costs of up to €500,000. Regardless of the damage type and magnitude, the chairpersons
viewed the damage as tolerable, serving as a reason why they do not have to engage more
with adaptation. The underestimation of pluvial flood risk, combined with viewing pluvial
flood damage as tolerable, demonstrates a very low perception of pluvial flood threat and,
consequently, a lack of reason to engage with climate adaptation.

Moreover, the study found support for both a low sense of control of adaptation
actions and a low perceived need for climate adaptation, suggesting a very low perception
of coping appraisal manifested as a weak sense of mandate and capacity to control or
make a difference in urban adaptation. This, too, provides another reason for their low
engagement with climate adaptation.

The study suggests that adaptation of tenant-owned apartment buildings is a complex
task for laypeople such as the chairpersons in this study. It was found that sensitivity-
reducing property-level actions were only implemented when suggested by a trusted
source of expertise, which, in this study, turned out to be a professional property manager.
Two further actors were found to have the potential to influence housing associations’
adaptation engagement: municipalities and the insurance industry. Municipalities are
recognized as key actors since sewerage departments have a mandate to manage urban
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stormwater and are attributed responsibility for deficient capacity, aggravating the flood
risk of buildings in certain locations. To spur property-owner adaptation, it is found vital
that municipalities inform about their adaptation actions, since property owners otherwise
remain unaware. The insurance industry had, in this study, no or very limited governing
effect on this property owner’s attitudes or actions regarding flood risks since their actions
predominantly targeted recovery rather than proactive reduction of pluvial flood risk.
This is noteworthy considering that insurance companies in many other countries have
significantly increased their requirements on insurance takers, increased premiums, and/or
separated flood risk insurance [38]. This points to a potential for insurers to increase the
incentives for property owner adaptation.

To sum up, the property owner category in focus for this study—tenant-owned hous-
ing associations—largely seems to underestimate pluvial flood risks for their property,
even the ones impacted repeatedly. As a rule, they do not implement any proactive adap-
tation measures. This is alarming given that tenant-owned housing is a common form of
housing in Sweden and that property owners have the main responsibility for adapting
buildings in a changing climate. Powerful actions from the state, municipalities, insurance
companies, and umbrella organizations appear needed both to steer towards a different
course of action and to educate the actors about factors contributing to pluvial flood risk,
common types of damages, the significant actions needed to restore damage, effective cli-
mate adaptation measures, and co-benefits of adaptation. Even though the study concerns
tenant-owned housing associations in Sweden, the findings would also be relevant for
other property owner categories, especially homeowners who also are laypeople such as
the housing association chairpersons studied here. Moreover, since the apartment buildings
studied do not differ significantly from such buildings in other cities, especially in northern
Europe and North America, the findings related to flood mechanisms, types of damage
occurred, actions during the pluvial flood, and reactive actions are likely to be more widely
applicable.

Based on the findings in this study, future research should focus on ways to spur
housing associations’ engagement with climate adaptation and evaluate the effectiveness
of various property-level adaptation actions. Here, studies of nature-based solutions
would seem particularly promising due to their visibility and aesthetics. Moreover, studies
examining to what extent adaptation action can be triggered by trusted sources of expertise
are also needed.
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Abstract: While existing building energy prediction methods have advanced significantly,
they face fundamental challenges in simultaneously modeling complex spatial–temporal
relationships between buildings and integrating dynamic weather patterns, particularly
in dense urban environments where building interactions significantly impact energy
consumption patterns. This study presents an advanced deep learning system combining
temporal graph neural networks with weather data parameters to enhance prediction
accuracy across diverse building types through innovative spatial–temporal modeling. This
approach integrates LSTM layers with graph convolutional networks, trained using energy
consumption data from 150 commercial buildings over three years. The system incorporates
spatial relationships through a weighted adjacency matrix considering building proximity
and operational similarities, while weather parameters are integrated via a specialized
neural network component. Performance evaluation examined normal operations, data
gaps, and seasonal variations. The results demonstrated a 3.2% mean absolute percentage
error (MAPE) for 15 min predictions and a 4.2% MAPE for 24 h forecasts. The system
showed robust data recovery, maintaining 95.8% effectiveness even with 30% missing
values. Seasonal analysis revealed consistent performance across weather conditions
(MAPE: 3.1–3.4%). The approach achieved 33.3% better prediction accuracy compared to
conventional methods, with 75% efficiency across four GPUs. These findings demonstrate
the effectiveness of combining spatial relationships and weather parameters for building
energy prediction, providing valuable insights for energy management systems and urban
planning. The system’s performance and scalability make it particularly suitable for
practical applications in smart building management and urban sustainability.

Keywords: building energy prediction; temporal graph neural networks; spatial–temporal
modeling; multi-building systems; weather integration

1. Introduction

The fast pace of urbanization and the growing complexity of buildings nowadays
have led to a sharp increase in energy use around the world. The building sector is
responsible for around 40% of global operational energy consumption, primarily due
to heating, cooling, lighting, and other building services. Among these, lighting and
appliances typically account for about 20–30%, varying by building type and region, while
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heating, ventilation, and air-conditioning (HVAC) systems often constitute the largest
portion, contributing approximately 50–60% of a building’s operational energy use [1–3].
Accurate energy prediction systems serve as essential enablers for sustainability initiatives
by facilitating optimal resource allocation, enabling proactive energy management, and
supporting smart building operations [4,5]. These systems are particularly crucial for
integrating renewable energy sources, implementing effective demand response programs,
and identifying opportunities for energy conservation, thereby directly contributing to
broader sustainability goals.

Recent progress in deep learning has transformed building energy prediction ap-
proaches, offering new opportunities to understand complex patterns in energy data [6,7].
While traditional statistical analysis and regression models have demonstrated success in
many building energy applications, capturing complex non-linear interactions between
multiple factors (such as weather conditions, occupancy patterns, and building charac-
teristics) can be challenging with these approaches alone. Recent studies suggest that
for scenarios involving multiple buildings with strong spatial–temporal dependencies,
advanced machine learning approaches may offer additional modeling capabilities, though
simpler methods remain valuable for many use cases [8].

Recent advancements in building energy prediction have been demonstrated in stud-
ies that leverage novel deep learning and graph-based techniques to capture complex
spatial–temporal interactions. For instance, Hu et al. [9] proposed a graph convolutional
network-based approach that integrates inter-building dependencies for urban energy fore-
casting. Similarly, Simeunović et al. [10] presented a spatio-temporal graph neural network
model for indoor environment prediction and optimal control in central air-conditioning
systems, demonstrating improved accuracy over traditional methods. Moreover, recent
work by Liao et al. [11] on hybrid graph convolutional networks (GCNs)–Long Short-Term
Memory (LSTM) models for short-term renewable power prediction further illustrates the
effectiveness of integrating graph-based spatial learning with temporal models. These
studies underscore the necessity and timeliness of integrated frameworks that can simulta-
neously model spatial and temporal dependencies in building energy prediction.

The emergence of temporal graph neural networks (TGNNs) offers novel approaches
to model these complex interactions while considering both spatial and temporal relation-
ships between building components and systems [9,12,13].

The integration of weather information with building energy prediction systems has
gained increasing attention [14,15]. Temperature, humidity, solar radiation, and wind
speed exhibit complex non-linear interactions that significantly impact building energy
consumption [16]. These parameters present unique modeling challenges due to their tem-
poral dependencies (both immediate and delayed effects), spatial variations across building
clusters, and intricate interactions with building characteristics. Traditional approaches
often struggle to capture these multi-dimensional relationships without introducing ex-
cessive computational complexity or compromising model interpretability. The complex
and non-linear relationships between weather variables and energy usage patterns, com-
bined with the temporal dependencies and spatial variations in weather effects, make it
difficult to develop accurate models without introducing excessive complexity or com-
putational overhead [17]. Previous attempts using multiple regression analysis, artificial
neural networks [18], and support vector machines [19] have struggled to fully capture
these intricate relationships.

A type of model called a graph neural network (GNN) has become a strong tool for
understanding complex relationships in many areas, such as power systems, the structures
of molecules, and systems of transportation [20]. GNNs can understand spatial connections
and how things are structured [21]. This makes them a good choice for predicting building
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energy because different buildings and their parts naturally form a graph structure [9,22].
However, the manner in which energy use changes over time is also a problem. These
changes necessitate special ways of paying attention to timing and changes in how models
are built [9].

It has been observed that the combination of LSTM networks and GCNs provides a
useful tool for examining both where and when energy is used in buildings [23–25]. LSTM
networks are very good at finding patterns in data over a long period [26]. Also, GCNs are
known to be very effective in figuring out how things are connected in space [27]. When
these two are put together, they form a strong system for understanding how buildings use
energy in complicated ways.

Recent research makes it clear that the quality and quantity of data that are available
are very important for systems that predict building energy use [28]. When one has energy
use data that are very detailed, together with complete weather information, it is possible
to use better methods for making models [29]. Still, there are some difficulties. For example,
sometimes, data are missing. Also, the way in which energy is used changes with the
seasons. It is also difficult to make a model that works for many different buildings in
different places [30].

This study puts forward a new deep learning framework. This framework combines
temporal graph neural networks (TGNNs) with weather data that have multiple parameters.
It can be said that this approach helps address some important problems in the methods that
exist currently. Some of these problems are not being able to model the spatial relationships
between buildings well, not handling temporal dependencies properly, and not bringing
together weather parameters enough [31–33]. The framework uses a hybrid structure. It
combines LSTM layers with GCNs. This provides a complete method of predicting energy
consumption accurately for different kinds of buildings.

Several new advantages are offered by the suggested framework. It uses graph
networks to consider the spatial relationships between buildings. Because of this, the model
can understand complex interactions and dependencies in groups of buildings [21]. LSTM
layers are used together with the graph networks, so temporal patterns and changes with
seasons can be modeled well [34]. Furthermore, the framework can handle many weather
parameters. This allows for a more complete method of predicting energy consumption [35].

Current building energy prediction systems suffer from significant limitations that
hinder their accuracy and real-world applicability. These systems typically treat buildings
as independent entities, neglecting the crucial interactions between a building and its
surrounding environment. Furthermore, they often struggle with practical challenges
like incomplete datasets and changing energy demands across different seasons. Existing
models also face a trade-off between incorporating diverse weather data for improved
accuracy and maintaining a level of simplicity that allows for efficient computation [4].

In summary, this study addresses these shortcomings by developing a novel deep
learning framework for building energy prediction. The primary goals are to create a
model that seamlessly integrates both spatial and temporal data, considers a wide range of
weather parameters, and demonstrates robust performance across various building types
and seasonal variations. Crucially, the framework will be validated for its ability to handle
missing data and adapt to fluctuating weather conditions, ensuring its practical utility
and reliability.

2. Materials and Methods

This study utilized a comprehensive dataset collected from 150 commercial buildings
located across diverse urban environments. The data collection period spanned three years
(2021–2023), with energy consumption readings recorded at 15 min intervals.
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The studied buildings represented a diverse portfolio of commercial structures built
between 1985 and 2015, ranging from 3 to 15 stories (average height: 8 stories) and 2500 to
25,000 square meters in floor area. The building stock included office buildings (45%), retail
spaces (30%), and mixed-use commercial buildings (25%). Building envelope characteristics
varied, with 60% featuring curtain wall systems with double-glazed windows (average
U-value: 2.8 W/m2K) and 40% having traditional masonry construction with punched
windows (average U-value: 1.9 W/m2K). The buildings were distributed across three urban
districts with varying density patterns: a high-density central business district (45% of
buildings), medium-density commercial zones (35%), and lower-density peripheral areas
(20%). Building orientation was documented, with 40% of buildings aligned within ±15◦ of
true north, facilitating the analysis of solar gain impacts on energy consumption patterns.

The diverse building characteristics significantly influence energy consumption pat-
terns, with newer buildings (less than 5 years old) showing 15–20% lower baseline energy
consumption compared to older structures. Building orientation particularly affects energy
usage, with north-aligned buildings demonstrating more stable consumption patterns and
12% lower cooling demands during peak summer months compared to other orientations.

Each building was equipped with smart meters measuring various energy consump-
tion parameters, including total electrical consumption (kWh), HVAC system load, lighting
systems, and plug loads. Weather data were obtained from local weather stations, including
temperature (◦C), relative humidity (%), solar radiation (W/m2), wind speed (m/s), and
atmospheric pressure (hPa).

The buildings in the dataset represented diverse commercial typologies, including
office buildings (45%), retail spaces (25%), educational facilities (15%), and mixed-use
developments (15%). The building sizes ranged from 2500 m2 to 25,000 m2, with varying
operational schedules and occupancy patterns. The sample included both newly con-
structed buildings (less than 5 years old, 30%) and older structures (more than 15 years
old, 40%), distributed across different urban density zones. This diversity in building
characteristics helped ensure the framework’s applicability across various commercial
building types and operational conditions.

The raw data underwent several preprocessing steps to ensure quality and consistency.
Missing values, accounting for approximately 3.2% of the dataset, were handled using a
combination of linear interpolation for short gaps (<2 h) and a more sophisticated matrix
completion algorithm for longer gaps. The energy consumption data were normalized
using min-max scaling to the range [0, 1] according to the following equation:

xnormalized =
x − xmin

xmax − xmin
(1)

where x represents the original value, and xmin and xmax are the minimum and maximum
values in the dataset, respectively. The spatial relationships between buildings were
encoded in an adjacency matrix A ∈ R

N×N , where N represents the number of buildings.
The adjacency matrix was constructed based on multiple criteria [21]:

1. Geographical proximity: buildings within a 500 m radius were connected with edge
weights calculated as

wij = exp(−
d2

ij

2σ2 ) (2)

where dij represents the Euclidean distance between buildings i and j, and σ is a scaling
parameter set to 200 m based on preliminary experiments.

2. Building type similarity: an additional weight factor was incorporated based on
building function and operational characteristics:
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sij = α · cos( fi, f j) (3)

where fi and f j are feature vectors describing building characteristics, and α is a weighting
parameter set to 0.3. The final adjacency matrix was computed as [36]

Afinal = W � S (4)

where � represents element-wise multiplication of the distance-based weight matrix W

and similarity matrix S.
The graph construction process accommodates heterogeneous building characteristics

through the similarity matrix S, which normalizes building features to ensure fair com-
parison across different scales and types. This enables the framework to effectively model
relationships between buildings regardless of their individual physical characteristics.

This process follows a systematic multi-step approach to capture the complex relation-
ships between buildings. The first step involves computing initial edge weights based on
geographical proximity and building characteristics. For each building pair (i, j) within
500 m, the geographical weight wij is calculated using an exponential decay function with
σ set to 200 m based on preliminary experiments. Simultaneously, building characteristics
(function, operational patterns, size) are encoded into feature vectors fi and f j, from which
similarity weights sij are computed using cosine similarity.

The adjacency matrix construction then proceeds through a series of refinements. The
initial adjacency matrix A incorporates both proximity and similarity through element-wise

multiplication: Afinal = W � S. Self-loops are added by computing
∼
A = A + I to ensure

that each node considers its own features in the message-passing process. The degree

matrix
∼
D is then computed from

∼
A as D̃ii = ∑j Ãij, followed by symmetric normalization:

Anorm =
∼
D

−1/2∼
A

∼
D

−1/2
. This structured approach ensures that the graph effectively cap-

tures both spatial relationships and building characteristics while maintaining numerical
stability through proper normalization.

The proposed framework combines GCNs with LSTM layers to capture both spatial
and temporal dependencies. The architecture consists of multiple components [21,37]:

1. Graph Convolutional Layer: the graph convolution operation is defined as

H(l+1) = σ

(
∼
D

− 1
2 ∼
A
− 1

2
H(l)W(l)

)
(5)

where H(l) represents the node features at layer l,
∼
A = A + I is the adjacency matrix with

self-loops,
∼
D is the degree matrix of

∼
A, W(l) is the learnable weight matrix, and σ(.) is the

ReLU activation function.

2. Temporal Processing Module: the LSTM layer processes the time series data according to

ft = σ
(

W f [ht−1, xt] + b f

)
it = σ(Wi[ht−1, xt] + bi)

ot = σ(Wo[ht−1, xt] + bo)

ct = ft � ct−1 + it � tanh(Wc[ht−1, xt] + bc)

ht = ot � tanh(ct)

(6)

where ft, it, and ot represent the forget, input, and output gates, respectively.

3. Weather Integration Module: weather parameters are processed through a separate
neural network branch:
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wt = φ(Wwxw + bw) (7)

where xw represents the weather feature vector, and φ(·) is the tanh activation function.
The complete framework integrates these components through a fusion layer [27]:

yt = W f [ht, wt] + b f (8)

The model was trained using the Adam optimizer with an initial learning rate of 0.001
and a batch size of 32. The loss function combined mean squared error (MSE) and a graph
regularization term:

L =
1
N

N

∑
i=1

(yi − ŷi)2 + λ∑ i, jAij

∣∣∣∣∣
∣∣∣∣∣ hi
||hi|| −

hj∣∣∣∣hj
∣∣∣∣
∣∣∣∣∣
∣∣∣∣∣
2

(9)

where λ is a regularization parameter set to 0.1, and hi represents the hidden representation
of node i.

The training process employed early stopping with a patience of 10 epochs, monitoring
the validation loss. To prevent overfitting, dropout layers (p = 0.3) were inserted after each
GCN layer and LSTM layer.

Figure 1 illustrates the overall architecture of the proposed framework. The framework
employs a hierarchical architecture that processes three distinct but interconnected data
streams: building energy time series for temporal patterns, building attributes for spatial
relationship modeling, and high-resolution weather parameters. Each stream undergoes
specialized preprocessing before integration through a novel fusion mechanism that pre-
serves both spatial and temporal dependencies while maintaining computational efficiency.

Figure 1. Architecture of the proposed temporal graph neural network (TGNN) framework for
building energy prediction.

The graph construction process follows a bottom-up approach, where individual
buildings form the base nodes. These nodes are connected based on two primary criteria:
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geographical proximity (calculated using Euclidean distance with an exponential decay
function) and operational similarity (computed through the cosine similarity of building
feature vectors). The neural network processes input parameters through three parallel
streams: (1) the temporal stream uses a 3-layer LSTM stack with dropout (0.3) to capture
time-dependent patterns, (2) the weather stream employs two dense layers (128, 64) with
BatchNorm to process meteorological data, and (3) the spatial stream utilizes a 2-layer
GCN with GAT attention to model building interactions. These streams converge in the
feature fusion module, which employs multi-head attention mechanisms to weight and
combine the features before final prediction.

The dataset was split into training (70%), validation (15%), and test (15%) sets, main-
taining temporal continuity. To evaluate the model’s robustness, three experimental scenar-
ios were designed:

1. Normal Operation: testing under typical operating conditions.
2. Missing Data: artificial introduction of missing values (10–30%).
3. Seasonal Variation: specific evaluation of performance across different seasons.

Model performance was evaluated using multiple metrics including the mean absolute
percentage error (MAPE), root mean square error (RMSE), and coefficient of determination
(R2). The framework was implemented using Python 3.8 with PyTorch 1.9.0 and PyTorch
Geometric libraries. All experiments were conducted on a computing cluster equipped with
NVIDIA A100 GPUs, with 40 GB of VRAM each. The training process utilized distributed
data parallelism across 4 GPUs to handle the large-scale dataset efficiently.

3. Results

3.1. Data Preprocessing and Graph Construction

The preprocessing phase handled data from 150 commercial buildings over a
three-year period (2021–2023). Table 1 presents the statistics of the preprocessed dataset
and the effectiveness of the missing value handling approaches.

Table 1. Data preprocessing statistics.

Preprocessing Metric Value Success Rate (%)

Original Data Points 52,560 -

Missing Values Identified 1682 -

Short-gap Interpolation (<2 h) 1248 98.4

Matrix Completion (>2 h) 434 96.2

Final Clean Data Points 52,560 99.1

The data cleaning pipeline demonstrated robustness, as shown in Table 1. The initial
dataset comprised 52,560 data points. Of these, 1682, roughly 3.2%, were identified as
missing. This observation is in line with the initial data quality assessment outlined in
the Materials and Methods Section. A short-gap interpolation method was employed to
address 1248 of these missing values. This method exhibited a high success rate of 98.4%,
suggesting its suitability for temporal gaps shorter than 2 h. For the remaining 434 missing
values, characterized by longer gaps, a matrix completion algorithm was utilized. This
algorithm achieved a success rate of 96.2%. The outcome of the entire preprocessing
pipeline was a complete dataset exhibiting 99.1% reliability. This provides a strong basis
for the analyses that follow.

The process of graph construction yielded an adjacency matrix. This matrix effectively
captures the relationships between buildings. The effectiveness of the criteria used in
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this graph construction process is detailed in Table 2. It is worth noting that some may
consider the matrix completion algorithm to be a more sophisticated approach than short-
gap interpolation. However, it should also be acknowledged that both methods have their
merits in the context of this study’s requirements.

Table 2. Graph construction metrics.

Distance Range (m) Connected Pairs Average Weight Similarity Score

0–100 425 0.92 0.88

101–300 876 0.74 0.76

301–500 1234 0.45 0.62

The outcomes of graph construction show there are strong spatial connections between
the buildings, especially when they are closer together. The buildings that were within
100 m of each other had the most powerful links, with a mean weight of 0.92 and a high
similarity score of 0.88. This suggests that the patterns of energy usage in these buildings are
very strongly correlated. As the distance grows, the strength of the relationship weakens.
This can be seen from the lower average weights and similarity scores. But even though
their connections are not as strong, there are still a lot of connected pairs of buildings that
are far apart, like the 1234 pairs that are 301–500 m away from each other. This shows that
the graph structure made using the proposed method connects buildings both close by
and far apart very well. This proves that the method, especially the exponential distance
weighting function with σ = 200 m, works very well. To understand how the spatial
relationships between buildings affect their energy consumption patterns, a correlation
analysis was conducted. Figure 2 shows the spatial dependency patterns and how they are
related to distance.

Figure 2. Spatial relationship analysis: (a) spatial correlation pattern showing relationship strength
between buildings; (b) distance–correlation relationship with exponential decay fit; (c) distribution of
edge weights in building network.
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3.2. Model Training and Optimization

The training process was monitored across multiple metrics to ensure optimal conver-
gence. Table 3 presents the training performance across epochs.

Table 3. Training performance metrics.

Epoch Training Loss Validation Loss Learning Rate Graph Loss

10 0.0842 0.0921 1.0 × 10−3 0.0234

50 0.0456 0.0512 5.0 × 10−4 0.0156

100 0.0324 0.0368 2.5 × 10−4 0.0098

Final 0.0312 0.0342 1.0 × 10−4 0.0087

The training metrics show that the model converged consistently across all its parts.
In the first 50 epochs, the training loss quickly dropped from 0.0842 to 0.0456. This shows
that the model learned effectively in the beginning. The learning rate slowly decreased
from 1.0 × 10−3 to 1.0 × 10−4, following the Adam optimizer’s schedule. This stopped the
model from overshooting while still allowing it to fine-tune its parameters.

The graph loss portion steadily improved, decreasing from 0.0234 to 0.0087. This
suggests that the model successfully optimized spatial relationships. At the end, there
was only a small difference between the training loss (0.0312) and the validation loss
(0.0342). This indicates good generalization without overfitting. These results match the
early stopping criteria that were described in the methodology.

3.3. Experimental Scenario
3.3.1. Normal Operation Performance

The framework’s performance under normal operating conditions was evaluated
using the metrics defined in the methodology. Table 4 presents the detailed results.

Table 4. Normal operation performance.

Metric 15 min Ahead 1 h Ahead 4 h Ahead 24 h Ahead

MAPE (%) 3.2 3.4 3.7 4.2

RMSE (kWh) 45.6 48.2 52.4 58.7

R2 Score 0.947 0.943 0.938 0.921

The results under normal operation show that the framework can predict very effec-
tively for different time periods. The predictions 15 min ahead have the best accuracy, with
a MAPE of 3.2% and RMSE of 45.6 kWh. This means that the model captures short-term
patterns effectively. As the prediction time increases, performance worsens slightly, with a
MAPE of 4.2% for predictions 24 h ahead. The consistently high R2 scores (over 0.92 for
all time periods) indicate that the model explains more than 92% of the differences in
energy use patterns. This confirms that the TGNN architecture works well in capturing
dependencies in both the short term and long term. The prediction errors were studied
in detail to understand the characteristics and distribution patterns of the errors. Figure 3
shows the analysis of error distribution for different models and prediction situations.
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Figure 3. Analysis of prediction error distributions: (a) comparison of error distributions across differ-
ent models; (b) Q-Q plot of TGNN prediction errors; (c) error autocorrelation analysis; (d) relationship
between error magnitude and prediction values.

3.3.2. Missing Data Impact

Following the methodology’s missing data scenario, Table 5 shows the framework’s
robustness to different levels of missing data.

Table 5. Performance under missing data conditions.

Missing Data (%) MAPE (%) RMSE (kWh) R2 Score Recovery Rate (%)

10 3.4 47.2 0.942 98.6

20 3.7 49.8 0.936 97.2

30 4.1 53.4 0.928 95.8

The framework under discussion demonstrates a considerable degree of resilience in
the face of missing data. It is observed that the framework’s performance remains strong
even when significant portions of data are unavailable. For instance, with 10% of the data
missing, the performance degradation is quite small, showing only a 0.2% rise in MAPE in
comparison to the results from the complete dataset. It is worth noting that even with a
more substantial 30% proportion of data missing, the framework still provides a reasonable
MAPE of 4.1% and a high R2 score of 0.928. This indicates robust predictive capability. In
all the scenarios that were examined, the recovery rates are consistently above 95%. This
outcome validates the effectiveness of the graph-based imputation mechanism that is used
in this framework. These results confirm that the framework can effectively utilize spatial
relationships to maintain prediction accuracy, even when confronted with the difficulty of
missing temporal information.

3.3.3. Seasonal Variation Analysis

The framework’s performance across different seasons was evaluated as specified in
the methodology. Table 6 presents the seasonal analysis results.
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Table 6. Seasonal performance analysis.

Season MAPE (%) RMSE (kWh) R2 Score Weather Impact Factor

Winter 3.3 46.2 0.944 0.28

Spring 3.1 44.8 0.946 0.24

Summer 3.4 47.1 0.941 0.31

Fall 3.2 45.4 0.945 0.26

The seasonal analysis shows that performance is steady across various weather condi-
tions, with only small changes in accuracy. The best performance is in the spring (MAPE of
3.1%, RMSE of 44.8 kWh), probably because of mild weather and more predictable patterns
in how much energy people use. The summer has slightly higher error rates (MAPE of
3.4%, RMSE of 47.1 kWh) and the strongest weather impact factor (0.31). This means that
changes in how much energy is used in the summer depend more on the weather. The
R2 scores are similar in all seasons (0.941–0.946). This proves that the framework can adjust
to seasonal patterns and differences caused by weather. It also shows that the weather
integration module works well.

3.4. Comparative Analysis

The framework was compared against baseline models as specified in the methodology.
Table 7 presents the comprehensive comparison results.

Table 7. Baseline model comparison.

Model MAPE (%) RMSE (kWh) R2 Score Training Time (h)

Proposed TGNN 3.2 45.6 0.947 2.8

Traditional LSTM 4.8 62.3 0.921 3.2

GCN 5.1 68.7 0.908 2.6

TCN 4.9 65.2 0.914 3.0

SVR 6.7 89.4 0.883 4.1

The analysis, conducted in a comparative manner, shows that the suggested TGNN
framework is better than others in all aspects measured. It is observed that the TGNN has
a 33.3% better MAPE of 3.2% when compared with traditional LSTM, which has a MAPE
of 4.8%. Also, the TGNN is 52.2% better than SVR, with 3.2% versus 6.7%. The framework
has an RMSE of 45.6 kWh, and this means that it is 26.8% better than the next best one, the
traditional LSTM, which has an RMSE of 62.3 kWh. Furthermore, the TGNN is not only
better in performance but also faster in training, taking only 2.8 h, so it is both effective
and efficient. Its high R2 score of 0.947 shows that it captures changes in the data better
than all the basic models. The comparison of how well the suggested TGNN framework
performs against the basic models can be seen in Figure 4. This figure clearly shows that its
prediction accuracy is much better across different measures.
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Figure 4. Comparative analysis of model performance: (a) MAPE and RMSE comparison across
different models; (b) R2 score comparison; (c) density plot of TGNN predictions versus actual values.

3.5. Implementation Performance

The computational efficiency of the framework was evaluated according to the dis-
tributed implementation described in the methodology. Table 8 presents the scalability results.

Table 8. Computational performance results.

GPU Configuration Training Time (h)
Memory Usage

(GB)
Throughput (Samples/s)

Single GPU 8.4 16.8 1240

2 GPUs 4.6 9.2 2260

4 GPUs 2.8 5.1 4380

The results from computational performance tests show that the framework scales
very well when using many GPUs. It is observed that the time needed for training reduces
significantly, from 8.4 h when only one GPU is used to just 2.8 h when four GPUs are used.
This reduction means that the efficiency of scaling is 75%, which is good but not perfect
linear scaling. Regarding memory, the usage scales almost linearly with the number of
GPUs. It decreases from 16.8 GB on a single GPU to 5.1 GB per GPU when four GPUs
are employed. Sometimes, the throughput scaling is even better than linear. It goes up
from 1240 samples per second on one GPU to 4380 samples per second on four GPUs.
This better-than-linear performance is probably because of the better use of cache and less
memory contention. These findings confirm that the distributed implementation strategy,
as explained in the Materials and Methods Section, is efficient.

4. Discussion

The suggested framework demonstrates a MAPE of 3.2% in forecasting energy use,
which is a big step forward compared to older methods. This better accuracy is because
of three main improvements: first, the use of graph neural networks to effectively model
how buildings are spatially related to each other; second, the inclusion of weather data
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with multiple parameters; and third, a strong method of handling changes over time.
Even when 30% of the data are missing, the framework still predicts accurately, with a
MAPE under 4.1%. This shows that it can be used in real life, where data are often not
perfect. The improvement in performance is especially clear in areas with many buildings
close together, where the MAPE is 2.9%, suggesting that the framework is particularly
effective in utilizing inter-building relationships. This capability is crucial for urban energy
management, indicating that energy prediction systems could be significantly enhanced by
considering building clusters rather than individual structures in isolation.

Prior research on predicting energy use in buildings has shown a range of accuracy
levels. For instance, Wang et al. [29] used a deep learning method, but they did not take
into account spatial factors, and they obtained a MAPE of 4.6%. In another study, Zhang
et al. [33] used traditional graph neural networks and reported a MAPE of 5.2%. The
framework presented here, however, performs better, with a MAPE of 3.2%. This better
result is likely because this framework combines both temporal and spatial elements in a
new way. This addresses a significant shortcoming that was seen in earlier research efforts.

The framework’s incorporation of weather data shows marked improvement over
previous approaches, with Yuan et al. [32] reporting a 22% improvement from weather
data integration, while this framework achieved a 28.2% improvement under clear weather
conditions. This enhanced performance can be attributed to the advanced weather integra-
tion module that considers both immediate and delayed weather effects. Furthermore, the
framework’s scalability surpasses existing benchmarks, achieving 75% efficiency with four
GPUs compared to the 65% reported by Somu et al. [34]. This improved resource utilization
stems from optimized distributed training methods and efficient graph data structures.

The graph construction approach achieves success, notably through its dual consid-
eration of both geographical proximity and similarity in building types. This addresses
a significant gap found in existing methods. Prior works, for example, the study by Deif
et al. [19], only took into account geographical distance. This resulted in a lower accuracy
of prediction in clusters of buildings that are heterogeneous. The superior performance of
this new approach in such scenarios confirms that it is important to incorporate building
characteristics when modeling spatial relationships.

The framework demonstrates robust performance across different seasonal patterns,
with a MAPE variation of only 0.3% between seasons. This is better than previous attempts
to handle seasonal variations. This stability is likely due to the effective integration of
the weather module with the TGNN architecture. This allows the model to capture both
short-term weather impacts and long-term seasonal patterns.

Although the framework demonstrates strong performance, some limitations need to
be discussed. One point is that this study was conducted only on commercial buildings in
city areas, so it might not be applicable to other types of buildings or places outside of cities.
Future research should validate the framework’s performance across a broader range of
building types and geographical contexts.

While the framework demonstrates robust performance with up to 30% missing
data, its behavior with higher percentages of missing values (>30%) remains untested and
requires further investigation. The current 30% threshold was chosen based on typical real-
world scenarios in building management systems. The strong performance at this level is
attributed to the graph-based spatial relationships that allow information sharing between
buildings, combined with the sophisticated matrix completion algorithm. However, we
acknowledge that with substantially higher percentages of missing data, prediction accu-
racy would likely degrade as spatial relationships alone may not compensate for the lack
of temporal information. Therefore, it is crucial to note that extrapolating these findings to
scenarios with missing data exceeding 30% is not recommended without further rigorous
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validation. Future work should investigate the theoretical bounds of prediction accuracy
versus missing data percentage.

Future work could also expand the comparative analysis to include variants of
LSTM, such as Bi-LSTM (Bidirectional LSTM) and GRU (Gated Recurrent Unit), to further
evaluate the performance of the proposed framework against these advanced temporal
modeling approaches.

Also, the way in which the framework is currently set up requires a lot of computer
power for training. This might make it hard to use in places where resources are limited.
Although the distributed training implementation shows good scaling, further optimization
could improve accessibility for smaller organizations.

The part of the framework that handles weather, while it works well now, uses data
from local weather stations. It could be made better by using more detailed microclimate
data or information from satellites. Additionally, the current approach to temporal mod-
eling could be extended to capture longer-term trends and patterns beyond the current
three-year window.

5. Conclusions

A comprehensive framework based on a TGNN for building energy prediction is
presented in this study, showing significant progress in terms of accuracy, robustness, and
practical use. The framework achieves a 3.2% MAPE in short-term predictions and demon-
strates consistent performance across different time horizons, representing a substantial
improvement over existing methods. The successful incorporation of spatial relationships
using graph convolutional networks, along with the advanced handling of weather param-
eters, has set a new standard in building energy prediction accuracy. This improvement
is especially important considering the complex and interconnected nature of modern
urban energy systems. A major strength of this framework is its robust performance under
challenging conditions, maintaining high prediction accuracy even with up to 30% missing
data and achieving a 95.8% recovery rate. The framework also shows consistent perfor-
mance across different seasons, with a MAPE range of 3.1–3.4%, demonstrating its practical
value in real-world applications where data quality issues and environmental variations
are common challenges.

Significant contributions are made to the theoretical understanding of energy con-
sumption patterns in buildings through this study. The graph-based approach, which
was successful, provides empirical evidence for how important it is to consider spatial
dependencies when modeling energy consumption. This finding is a challenge to the
traditional view, which sees buildings as isolated energy consumers. It supports a more
interconnected, network-based approach for the analysis of urban energy systems.

From the perspective of practical implementation, the framework shows good scala-
bility (75% efficiency with four GPUs) and adaptability to different operational conditions.
This makes it very valuable for large-scale deployments. Its computational performance
is efficient, which allows for real-time predictions and adjustments. These are essential
features for modern smart building management systems.

These achievements have broader implications for sustainable urban development
and also for energy conservation. Prediction accuracy is improved, and this allows for
more efficient resource allocation. It also allows for better demand response programs
and enhanced grid stability. The framework can capture complex relationships between
buildings and environmental factors. This provides valuable insights for urban planning
and for the development of energy policies.

This study, from a forward-looking perspective, paves the way for new lines of inquiry
in the field of building energy management and the development of smart cities. The
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success, which has been shown, of merging spatial and temporal elements hints at possible
uses that go beyond just predicting energy use. These uses could include optimizing other
urban systems. Future advancements that build upon this established framework might
further enhance the capacity to develop urban environments that are more sustainable and
use energy more efficiently.

In summary, this study does more than just improve the technical abilities of systems
that predict building energy use. It also adds to the larger aim of developing cities sustain-
ably. The strong performance and practical use of the framework establish it as a useful
instrument for managing building energy. At the same time, the theoretical understandings
it provides offer guidance for upcoming research in the modeling of urban energy systems.
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Abstract: In the context of increasing climate variability and extreme weather, chilled
water systems face mounting challenges due to amplified heating and cooling demands
and prevalent pipe leakages. Such leakages reduce system lifespan, raise maintenance
costs, and degrade operational efficiency. To overcome the limitations of current methods,
such as insufficient interpretability and computational complexity in leak localization,
this paper proposes a novel leakage diagnosis and localization scheme based on pressure
variation rate analysis in closed chilled water pipeline networks. Hydraulic models under
both normal and leakage conditions are established and experimentally validated. Work
conditions under various leakage points and flow rates were simulated, and the results
reveal that pressure variation rates systematically increase with the leakage flow rate and
vary with the distance from the leakage point. Specifically, when a leakage flow rate reaches
20% of the total rated flow, the pressure variation rate is 12.27% at the water supply side of
the leaking branch and 20.27% at the return side. Furthermore, other monitoring points can
be categorized into three distinct levels with variation rates ranging from approximately
3.36% to 19.65%. Overall, as the leakage flow increases from 2% to 20% of the design flow,
the maximum pressure variation rate rises from 0.411% to 20.27%. A threshold of 3% for
this novel leakage diagnosis and localization scheme is used for prompt leakage detection.
This scheme not only enhances leak localization accuracy but also contributes to more
efficient and reliable system operation under the pressure imposed by climate change.

Keywords: chilled water system; leakage diagnosis; leakage characteristics; pressure
variation rate; climate change mitigation

1. Introduction

With ongoing economic and social development, the demand for commercial buildings
(CBs) has surged. The total floor area of CBs is expected to reach 1.247 billion square feet
by 2050, marking a 34% increase from 2019 [1]. Consequently, energy consumption in
commercial buildings accounts for approximately 40% of global energy demand and is
projected to rise further in the coming years [2]. One of the primary challenges in energy
conservation for commercial buildings is climate change. Monge-Barrio and Gutierrez
have highlighted the significant impact of climate change on commercial buildings [3], as
the heating and cooling requirements of such buildings are closely tied to temperature
conditions and weather fluctuations [4]. On the one hand, temperature fluctuations and
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extreme weather events caused by climate change increase the operational burden of
air-conditioning systems, making them more prone to faults [5]. On the other hand, air-
conditioning system faults can reduce energy efficiency and increase energy consumption
and greenhouse gas emissions, thereby exacerbating climate change [6]. The challenges
posed by climate change have prompted engineers to adopt effective measures to maintain
good operation performance for various facilities within buildings, including heating,
ventilation, and air conditioning (HVAC) systems, etc., while considering costs. HVAC
systems usually consume more than 30% of the total energy in commercial buildings [7].
Cho suggests that in large office buildings, HVAC systems can account for 40% to 50% of
the total energy consumption [8]. Chilled water networks play a vital role in transporting
cooling energy within HVAC systems. However, with extended operation, these networks
inevitably experience aging and wear, leading to various faults [9]. Among these, pipeline
leakage is one of the most common failures throughout the lifecycle of chilled water
networks. Leaks not only accelerate the corrosion of buildings but also result in the waste
of water resources, as the supply water is often high-cost softened cold or hot water.
Moreover, pipeline leaks may cause the system to deviate from its optimal operating point,
ultimately reducing the quality of life for occupants while increasing electricity costs for
HVAC systems [10]. As a large amount of electricity is generated from fossil fuels, this leads
to increased greenhouse gas emissions, which is harmful to climate change mitigation [6].

Numerous studies have been conducted on pipeline leakage diagnosis both domes-
tically and internationally. Leakage diagnosis technologies can be classified into direct
and indirect methods. Direct methods involve the use of detection equipment to directly
identify leaks, including acoustic methods [11], infrared thermal imaging [12], fiber optic
sensing [13], and laser remote sensing [14]. In contrast, indirect methods detect leaks
through changes in the pressure and flow rate by utilizing hydraulic models or algorithms
for analysis. Indirect methods are further divided into two categories: model-based meth-
ods and data-driven methods. Model-based methods include pressure point methods [15],
pressure gradient methods [16], negative pressure wave methods [17], state estimation
methods [18], and transient modeling [19], etc. Data-driven methods that leverage machine
learning techniques [20,21], such as neural networks and support vector machines, use
historical sensor data to learn patterns associated with leaks. These methods can identify
anomalies in pressure and flow rates, enabling leak detection without the need for precise
physical models of the pipeline system.

Direct leakage detection methods are often time-consuming and costly. For instance,
acoustic methods require sensors at both ends of a pipe and are effective primarily for a
single long-distance pipeline, making them unsuitable for complex pipe networks [22]. Sim-
ilarly, infrared thermography typically uses drones and is mainly applied to under-ground
heating systems [23], which makes it impractical for indoor chilled water pipe networks.
In contrast, model-based and data-driven indirect methods offer enhanced functionality,
maintainability, and adaptability and enable real-time continuous detection. As a result,
these methods have received increasing attention in recent research [24]. Regarding model-
based approaches, Brahami et al. [25] modeled leakage as an inverse source localization
problem and proposed a hybrid genetic algorithm combined with matching field process-
ing to optimize the search for leakage sources, improving performance over traditional
exhaustive search methods. Manservigi et al. [26] developed a diagnostic method based
on a digital twin model to correctly diagnose common faults in district heating networks,
namely leaks, heat loss, and pressure loss. Buonomano et al. [27] pointed out that white-box
modeling allows for high-precision analysis and fine control. Meseguer et al. [28] estab-
lished a model-driven decision support system that implements an online leakage detection
and localization method based on the pressure-point technique. It has been proven to
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be effective for various water distribution networks. Ozgener et al. [29,30] developed an
energy and energy use model to monitor district heating systems located in Afyon and
Salihli by calculating energy and energy use efficiency [31]. Guan et al. [32] constructed a
pressure-driven leakage model that combines leakage and pressure relationships with a
nonlinear genetic algorithm by using multi-population genetic algorithms for leak localiza-
tion. Kaliatka et al. [33] also detected simulated pipeline ruptures by monitoring pressure
waves triggered by pressure reduction in district heating networks. For data-driven ap-
proaches, Zhou et al. [34] developed a backpropagation (BP) leakage diagnostic model
for heating pipe networks, achieving an accuracy of over 89.31%. They also introduced
a multi-fault diagnosis methodology based on principal component analysis (PCA) and
BP neural networks for timely fault diagnosis in district heating systems [35]. Li et al. [36]
proposed a leakage detection method using improved wavelet denoising and short-time
Fourier transform on pressure signals, which is used in water distribution, heating net-
works, and gas pipeline networks. Liu et al. [10] presented a two-phase leakage fault
diagnostic methodology utilizing the Adam optimization BP neural network algorithm
to locate leakage in air-conditioning water pipelines. Fan et al. [37] similarly used a deep
confidence network for the two-stage fault diagnosis of district heating pipe networks,
which could locate leaks in pipes with an average error of 17.3 m. Kammoun et al. [38]
implemented a multivariate long short-term memory (LSTM) autoencoder to create an
unsupervised recurrent neural network (RNN) model for leakage detection, achieving 97%
sensitivity by using leakage pressure data and 100% sensitivity with flow rate data. Wang
et al. [39] conducted experiments on gas pipeline leakages. They ultimately achieved a
leakage identification rate of 96.87% by using an artificial neural network with detectors
and specific frequency filters for enhancing accuracy.

Despite the advances in data-driven approaches in recent years due to technological
improvements, challenges still remain in practical applications. Chen et al. [40] highlighted
that the interpretability of data-driven HVAC troubleshooting approaches is often inade-
quate, and the complexity of these systems makes it difficult to communicate their value
to building owners, thus limiting their broader adoption. In addition, recent studies have
applied machine learning techniques to automate fault feature extraction for leakage de-
tection and localization in pipeline networks [10,32,34]. Although these methods achieve
high detection accuracy, their black-box nature reduces interpretability and limits insights
into how different leakage locations and hydraulic changes influence the system. On the
other hand, although model-based methods are generally interpretable, they often rely
on optimization algorithms that require iterative, time-consuming, and expensive compu-
tation. These issues present significant barriers to real-time fault diagnosis and practical
deployment in engineering applications. Therefore, improving both interpretability and
computational efficiency is crucial for the advancement of leakage diagnostic technologies.

To address the above limitations, this study proposes a leakage diagnosis and localiza-
tion scheme tailored for closed chilled water pipe networks to overcome the limitations
of acoustic and infrared thermography methods commonly used in such systems. Un-
like many existing approaches that rely on iterative optimization algorithms or machine
learning models requiring extensive training data, this leakage diagnosis and localization
scheme utilizes pressure variation rate analysis to detect and locate leaks. This scheme
offers clear interpretability as the pressure response patterns caused by leakage can be
directly associated with hydraulic changes in the system. Moreover, it does not require
model training or complex iterative computation, significantly reducing both diagnostic
time and computational cost.

In this paper, the proposed novel leakage diagnosis and localization scheme is evalu-
ated by using a simulation model of the hydraulic pipe network, and this model is validated
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by using experimental tests. The simulation hydraulic model of the pipe network under
normal conditions is first established and experimentally validated. Based on this validated
model, various leakage scenarios with varying leakage locations and flow rates are simu-
lated, and pressure variation rate analysis is carried out to evaluate the effectiveness of this
leakage diagnosis and localization scheme. This paper is arranged as follows. Section 2
describes the closed chilled water system for a ship-shaped building with seven zones and
several user branches in each zone. Section 3 presents the leakage diagnosis scheme of the
pipe network system, which is based on pressure variation rate analysis. Section 4 outlines
the hydraulic models of the closed chilled water network under normal and leakage condi-
tions. The calculation results and the leakage diagnosis of this closed pipe network system
are presented in Section 5, and Section 6 concludes this paper.

2. Description of the Closed Chilled Water System

The closed chilled water system for a ship-shaped building comprises seven zones,
each equipped with a pump (refrigeration unit) branch and several user branches. These
user branches are distributed across the upper and lower floors, interconnected by a loop
pipe, and separated by butterfly valves, allowing for an independent water supply to each
zone. To simplify the analysis, this work focuses on the pipe network of Zone 1, illustrated
in Figure 1. This zone includes two loops: the lower loop features six user branches,
while the upper loop includes four. The pump has a flow rate of 50 m3/h and a head of
85 mH2O. The designed flow rates for the upper and lower loops are 20.98 m3/h and
29.02 m3/h, respectively, with individual branch flow rates detailed in Table 1. The pump
inlet is equipped with a tank for pressure stabilization and water supply, and a balancing
valve is included in the pump branch to ensure stable operation under varying conditions.

Figure 1. Schematic diagram of the Zone 1 chilled water system and measurement points.

User branches are arranged in parallel, comprising two types of end users: ordinary
user branches with variable loads and electromechanical equipment users with fixed loads.
Pressure sensors (Pb-1 and Pb-2) are installed at both ends of the pump branch, and
pressure measurement points (Ps-1, Ps-2, Px-1, and Px-2) are positioned on the upper and
lower loop pipes. The upper loop branches are designated S-Z1 to S-Z6, while the lower
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loop branches are labeled X-Z1 to X-Z6, with each branch equipped with a pressure point
at both ends to measure pressure drops. In total, 20 pressure measurement points (P1 to
P20) are established at network nodes. Pressure sensors and water flow meters are used
in experimental measurements. The pressure sensor has a full-scale range of 1 MPa with
an accuracy of 0.5% FS. The maximum measurement error is 0.005 MPa. The water flow
meter has 1.5 times the designed flow rate of each branch, with an accuracy of 0.5% FS.
For the raw measured data processing, a signal filter was used to reduce the influence of
random noise, and measurement uncertainty was controlled within 0.0029 MPa for pressure
measurement. The accuracy and reliability of the proposed diagnostic methodology can
be ensured because the pressure values observed during the tests were generally higher
than 0.15 MPa, which is significantly above the error and uncertainty range. Additionally,
globe valves and ball valves are installed in each user branch to facilitate switching and
balancing adjustments.

Table 1. Pipe diameters and designed flow rates of the pipeline sections of the Zone 1 chilled water
system.

Zone 1
Network

Branch No. Pipe Diameter (mm) Designed Flow Rate (m3/h)

Pump branch B 80 50

Upper loop

S-Z1 20 2.60
S-Z2 32 7.61
S-Z3 32 5.71
S-Z4 32 5.06

Lower loop

X-Z1 25 3.37
X-Z2 25 4.91
X-Z3 25 3.41
X-Z4 20 2.92
X-Z5 40 8.84
X-Z6 32 5.57

3. Leakage Diagnosis Scheme of the Pipe Network System Based on
Pressure Variation Rate Analysis

When the pipe network operates normally and no leakage occurs, the pressure at each
node of the pipe network is constant and higher than atmospheric pressure. When a leak
occurs somewhere, the negative pressure wave generated at the leakage point spreads to
all parts of the system and causes changes in pressure at each node. The closer the node is
to the leakage point, the greater the magnitude of the pressure variation. For a point where
the measured pressure at the normal operation is pA, the measured pressure is pB at this
point when leakage occurs at this point. The pressure variation rate at this point before and
after the leakage is formulated as follows.

σ =

∣∣ pA − pB
∣∣

pA (1)

where σ is the pressure variation rate.
In order to better judge the occurrence of leakages in the pipe network system, it is

necessary to set an appropriate and reasonable threshold for the pressure variation rate
σThreshold. When σ < σThreshold, it is considered that there is no leakage in the pipeline. It
is considered that a leakage has occurred in the pipeline when σ > σThreshold. The specific
value of σ is related to the proximity to the leakage point, as well as the size of the pipeline
and the flow rate.
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Referring to the “design code of district heating networks” in China [41], the accidental
supply water flow rate of the closed heat network should not be less than 4% of the
circulating flow rate of the heat supply system. For the closed-loop chilled water pipe
network system in this paper, when the leakage amount is 4% of the total rated flow rate of
the pipe network, the range of pressure variation rates at each node is investigated. Based
on the maximum pressure variation rates, the threshold value of the pressure variation rate
for determining the occurrence of leakages in the pipe network is determined. In practice,
when the maximum value of the pressure change rates is greater than this threshold, the
leakage flow rate can be considered to be more than 4% of the total rated flow rate, which
is then recognized as a leakage.

The response time of leak detection is closely related to the time required for the
system to reach a steady state after a leak occurs. Once the leak happens, the system
stabilizes quickly, and the sensor data also reach a stable state within a short period. Based
on the experiments in this study, the sensor data typically stabilize within 8 min after the
leak occurs. After the data stabilize, a period of time is selected to record sensor data as
steady-state data. The length of the selected time period is closely related to the sensor
data’s update frequency. In this study, the pressure sensors have a sampling frequency
of 1 Hz, and the chosen time period (periods A and B in Figure 2) for steady-state data
collection is 5 min.

Figure 2. Schematic diagram of the leakage diagnosis scheme for the pipe network system.

Based on the above analysis, a leakage diagnosis scheme of the pipe network system is
proposed, as shown in Figure 2. There are four main steps, i.e., baseline data establishment,
leakage data collection, pressure variation rate calculation, and threshold comparison. They
are described as follows.

Step 1: Baseline data establishment
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Select a period (period A) of steady-state operation when the pipe network operates
normally. Record and store the operation parameters of the pipe network, including pump
frequency and valve ON/OFF states. Process all data with the time-averaged [pA

1, · · · ,
pA

N] from all pressure sensors (N is the number of pressure sensors).
Step 2: Leakage data collection
Maintain the network in steady-state operation for a subsequent period (period B).

Adjust the operating parameters during this period coincident with those recorded in
period A, except that a valve is open to simulate the leakage. Obtain and store the time-
averaged data [pB

1, · · · , pB
N] from all pressure sensors.

Step 3: Pressure variation rate calculation
Calculate the pressure variation rates [σ1, · · · , σN] for all sensors during period B and

identify the maximum value σMax among these pressure variation rates.
Step 4: Leakage Diagnosis
Compare the maximum pressure variation rate σMax with a predefined threshold

σThreshold. If σMax < σThreshold, it is concluded that there is no leakage in the pipe network
system. Otherwise, a leakage is detected if σMax > σThreshold. The leakage location is
identified based on the sequence of pressure variation rates [σ1, · · · , σN] from all sensors.

4. Hydraulic Models of the Pipe Network and Validation

In this section, two hydraulic models of the pipe network are developed by using
Modelica [42] to simulate the operation of the pipe network system. One hydraulic model
(i.e., a hydraulic model for normal operation) is developed to simulate operation in normal
operation conditions, and the other hydraulic model (i.e., a hydraulic model for leakage
conditions) simulates operation when leakages occur in the closed chilled water pipe
network. The hydraulic model for normal operations is validated against the experimental
data from the in-field pipe network tests at various pump frequencies. Similarly, the
hydraulic model for leakage conditions is also validated through experiments designed to
assess the precision of the model under different leakage locations and flow rates.

4.1. Calculation Principle of the Pipe Network Components

In this section, the principle and mathematical models of the main components of
the pipe network, i.e., the pipe, pump, valve, resistance components, and flow source, are
briefly described since they are very important for developing the hydraulic models of the
pipe network by using Modelica.

Pumps can be classified by their specific speed (Ns) based on their hydrodynamic
properties. The specific speed [43] is a dimensionless number determined by the operation
conditions of the pump, and the calculation is based on the performance index of the pump
at the optimum efficiency point, with a mathematical expression as shown in Equation (2).

NS =
NQ1/2

H3/4 (2)

where N is the pump speed, r/min; Q is the pump flow, m3/s; and H is the pump head, Pa.
A cylindrical rigid pipe is used as the pipe element. The fluid dynamics calculations

for this pipe type are based on the Colebrook–White equation [44], as shown in Equations
(3)–(6).

When Re ≤ 2000, the fluid is in laminar flow:

f = fl =
64
Re

(3)

59



Buildings 2025, 15, 1384

When 2000 < Re ≤ 4000, the fluid is in transition:

f = x ft + (1 − x) fl (4)

x =
Re − 2000

2000
(5)

When Re ≥ 4000, the fluid is in a turbulent state:

f = ft =
0.25[

log
(

k
3.7D + 5.74

Re0.9

)]2 (6)

where f is the friction coefficient; fl is the friction coefficient of laminar flow state; ft is the
friction coefficient of the turbulent flow state; Re is the Reynolds number; D is the inner
diameter of the pipe, m; and k is the absolute roughness of the inner wall of the pipe, mm.

For resistance components, the resistance can be calculated by Equation (7).

p1 − p2 =
Km2|m2|

2A2ρ
(7)

where P1 and P2 are the inlet and outlet pressure values, Pa; K is the resistance coefficient;
m2 is the mass flow rate through the outlet, kg/s; A is the resistance pieces of the circulation
cross-section area, m2; and ρ is the density of the fluid, kg/m3. By adjusting the resistance
coefficient K, it is possible to change the pipe’s resistance and thus distribute and adjust the
flow in the pipe network.

The valve resistance calculation formula is the same as (6). However, for the resistance
coefficient K, the resistance of the valve is not a preset constant value but is affected by a
variety of factors such as the valve opening, fluid properties, etc. The calculation of K is
shown in Equation (8).

K = CReKv (8)

where CRe is the Reynolds correction factor and Kv is the valve opening factor.
In order to simulate pipe leakage, the leakage flow is simplified to a negative flow

source component. The equation for the flow source model is shown in Equation (9). By
setting min, the flow rate can be controlled. If it is used to model leakage, min can be set to a
negative value.

mflow = min (9)

where mflow is the flow rate of the flow source (kg/s) and min is the flow rate of the
artificially set flow source (kg/s).

4.2. Hydraulic Model of the Pipe Network System for Normal Operation

The hydraulic model of the pipe network system is coded using Modelica. This
hydraulic model for the closed chilled water system is developed based on the physical
topology of the pipe network, i.e., the length, pipe diameter, number of valve components
(including valves, tees, and elbows), and locations of pressure measurement points for each
pipe section, etc. To simplify the piping system, only the pump is provided in the pump
branch, and a branch resistance component is used to simulate the total resistance of the
other components in the pump branch (chillers, filters, piping, etc.). In addition, a constant
pressure point is provided at the pump inlet to ensure a steady water supply pressure. The
model of the Zone 1 chilled water system pipe network is illustrated in Figure 3.
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Figure 3. Hydraulic model for the normal operation of the Zone 1 cooling water pipe network system.

4.3. Validation of the Hydraulic Model for Normal Operation

To ensure that the hydraulic model of the pipe network for normal operation accu-
rately represents the hydraulic characteristics of the actual system under normal operation
conditions, model validation was conducted using the measured in situ operation param-
eters in Zone 1. Based on the measured pressure and flow rates, the branch resistance
coefficient was estimated, and the resistance coefficients of each component, together with
the pipe roughness and other parameters, were adjusted to align the simulated values of
the coincident point with the actual measurement. The hydraulic parameters of the pipe
network were further evaluated under different pump operation frequencies in the simu-
lation. Taking Zone 1 as an example, Figure 4 presents the errors between the simulation
results by using the hydraulic model for normal operation and the actual measurements.
The comparison results show that the errors between the simulation and the measurements
are all within 5%. It indicates that the hydraulic model for normal operation conditions can
accurately represent the actual system and effectively reflect the hydraulic characteristics
of the real closed chilled water network system under normal operation conditions.

Figure 4. Relative deviations of measured and simulated pressure drops in the Zone 1 chilled water
system under different pump frequencies.
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4.4. Hydraulic Model of the Pipe Network System for Leakage Conditions

In practical engineering, a pipe network leakage initiates a transient dynamic process.
If the damage does not worsen, the system will quickly reach a steady state. Given the
numerous branches in the Zone 1 pipe network, which more accurately reflect the pressure
changes in each branch, this work focuses on the leakage diagnosis of the Zone 1 pipe
network under steady-state conditions, where the leakage flow rate remains constant. A
flow source component (shown in Figure 5) is utilized to represent the hydraulic state
during leakage. The simulation of pipe network leakages is achieved by applying a negative
flow rate, with leakage points located on branches X-Z3 and X-Z6. Four leakage flow rates,
denoted as ƒ1, ƒ2, ƒ3, and ƒ4, were established, accounting for 2%, 4%, 10%, and 20% of the
total designed flow rate of the Zone 1 pipe network, respectively. The leakage conditions
are summarized in Table 2.

Figure 5. Hydraulic model of leaks in the network of the Zone 1 chilled water system.

Table 2. Description of leakage branches and leakage flow rates.

Branch No.
Leakage Flow

f 1 for 2%
(m3/h)

Leakage Flow
f 2 for 4%

(m3/h)

Leakage Flow
f 3 for 10%

(m3/h)

Leakage Flow
f 4 for 20%

(m3/h)

X-Z3 1 2 5 10
X-Z6 1 2 5 10

4.5. Validation of the Hydraulic Model for Leakage Conditions

To ensure that the hydraulic model of the pipe network system accurately reflects the
hydraulic characteristics of the actual system under leakage conditions, model verification
was conducted using measured hydraulic parameters from the pipe network in Zone 6,
as illustrated in Figure 6. This zone is equipped with a pump (refrigeration unit) branch
and several user branches, comprising two circuits with five user branches in the lower
loop and three in the upper loop. The water pump has a flow rate of 50 m3/h and a head
of 80 mH2O, with designed flow rates of 16.38 m3/h for the upper loop and 33.62 m3/h for
the lower loop, as detailed in Table 3.
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Figure 6. Schematic diagram of the Zone 6 chilled water system and measurement points.

Table 3. Pipe diameters and designed flow rates of pipeline sections in the Zone 6 chilled water
system.

Zone 6 Network Branch No. Pipe Diameter (mm) Designed Flow Rate (m3/h)

Pump branch A6-B 32 50

Upper loop
A6-S-Z1 25 5.89
A6-S-Z2 32 3.17
A6-S-Z3 25 7.32

Lower loop

A6-X-Z1 32 3.74
A6-X-Z2 25 5.96
A6-X-Z3 32 4.05
A6-X-Z4 50 6.22
A6-X-Z5 32 13.65

The inlet of the water pump is connected to a supply pipe leading to a tank, which
stabilizes the pressure and provides water during the leakage experiment. This supply pipe
includes a supply pump and a flow sensor. Additionally, pressure sensors are installed at
both ends of the pump branch (i.e., pressure point B-P1 on the water supply side and B-P2
on the return side). The upper loop branches are labeled S-Z1 to S-Z3, while the lower loop
branches are labeled X-Z1 to X-Z5. Each branch is equipped with a pressure point and a
flow sensor to measure the pressure and flow rates at both the supply and return ends.

The leakage conditions for the site experiment are outlined in Table 4, detailing
leakage locations and flow rates. The model validation process is as follows. First, a
simulation model of the Zone 6 pipe network was established (see Figure 7), and the
resistance coefficients, pipe roughness, and other parameters were adjusted based on
measured values during normal operating conditions, as described in Section 2. Hydraulic
calculations were then performed under various leakage scenarios. The leakage simulation
model is depicted in Figure 8.
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Table 4. Tests on different leakage locations and leakage flow rates.

Leakage Test No. Leakage Test 1 Leakage Test 2 Leakage Test 3 Leakage Test 4

Leakage branch S-Z2 X-Z2 S-Z2 X-Z2
Leakage position Supply side Supply side Return side Return side

Leakage flow (m3/h) 0.2 0.58 0.2 0.3

Figure 7. Simulation model of the pipe network in the Zone 6 chilled water system.

Figure 8. Hydraulic model of leaks in the network of the Zone 6 chilled water system.

As shown in Figure 9, the errors between the simulation results and actual measure-
ments are all within 4%, indicating that the model closely aligns with the actual system
and accurately reflects the hydraulic state under leakage conditions.
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Figure 9. Relative deviations of measured and simulated pressure drops in the Zone 6 chilled
water system.

5. Calculations Results and Leakage Diagnosis of the Closed Pipe
Network System

Zone 1 of the closed chilled water pipe network system was used to simulate the
leakage and validate the leakage diagnosis scheme since this zone has a higher density
and a greater number of branches. This zone allows for a more comprehensive analysis of
pressure variation rates at each measurement point when a leakage occurs. The selected
leakage locations are depicted in Figure 5. A leakage point is set up on the water supply
side (supply side of branch X-Z3) and on the return side (return side of branch X-Z6) of
the different branches, respectively. This arrangement enables us to analyze the distinct
patterns of leakages occurring on the water supply side versus the water return side. It is
worth noting that only one leakage point occurrence at a time is considered since two or
more leakages rarely occur simultaneously in typical scenarios. Therefore, the diagnosis
and analysis are confined to examining one point leakage at a time to ensure the clarity of
the results.

5.1. Leakage Diagnosis at the Supply End of the Branch

The leakage is imposed on the water supply side of the X-Z3 branch at the entrance of
the terminal user, as shown in Figure 5. Following the approach outlined in Section 4.4, a
negative flow source is used to simulate the leakage.

Figure 10 illustrates the variation rate of the pressure monitoring point when the
leakage point is positioned near the water supply end of the X-Z3 branch and different
leakage levels are imposed. Four leakage flow levels are considered, as shown in Table 2,
representing 2%, 4%, 10%, and 20% of the total rated flow of the pipe network. It shows
that there is a corresponding pressure decrease at both the supply end (pressure points
P1, P3, etc.) and the return end (pressure points P2, P4, etc.) of all branches in the system.
For the leakage flow rate f 1 of 1 m3/h, the pressure variation rate at the monitoring point
P6 (located at the water supply end of X-Z3) is the highest at 1.18%, followed closely by
adjacent branches (P8, P10, and P12) with rates of approximately 1.16%. When the flow rate
increases to f 2 (2 m3/h), P6 again shows the highest variation rate at 2.25%, with adjacent
branches displaying rates around 2.23%. At a flow rate f 3 of 5 m3/h, P6 records a variation
rate of 5.86%, while the adjacent branches show rates of about 5.73%. For a flow rate f 4 of
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10 m3/h, P6 reaches a peak variation rate of 12.27%, followed by adjacent branches with
rates near 11.86%.

Figure 10. Pressure variation rate of each monitoring point with leakage occurrence in the branch of
X-Z3.

Figure 10 also shows that of the four leakage levels for different flow rates, pressure
point P6 at the water supply end of the leakage branch always has the highest pressure
variation rate. The pressure variation rates at monitoring points other than P6 can be
categorized into three levels according to their magnitude. The first level includes the
pressure monitoring points at the water supply end of the loop, where the leakage branch
is located, except for the leakage branch (P8, P10, and P12); the second level includes the
pressure monitoring points at the water supply end of each branch in the loops, except for
the loop where the leakage branch is located (P1, P3, P13, P15, P18, and P20); and the third
level includes the pressure monitoring points at the return end of all branches (P2, P4, P5,
P7, P9, P11, P14, P16, P17, and P19).

The above pattern can be used to locate leakage. We sorted the pressure variation
rates of all the pressure points and found that the pressure variation rates of the monitoring
points located in water supply monitoring are generally greater than the pressure variation
rates of the monitoring points on the return side, which can be determined to be caused
by a leakage in the water supply side. The branch with the highest possibility of leakage
is the branch with the largest pressure variation rate, P6. This is followed by P8, P10, and
P12, which are located at the water supply end of the loop in which the leakage branch
is located, except for the leakage branch. In fact, the location of the leakage is indeed the
water supply end of the branch where P6 is located.

5.2. Leakage Diagnosis at the Return End of the Branch

The leakage is imposed on the return side of the X-Z6 branch, at the outlet of the
terminal user, as shown in Figure 5. Following the methodology outlined in Section 4.4, a
negative flow source was employed to simulate the leakage.

Figure 11 illustrates the variation rate of the pressure monitoring point when the
leakage point is positioned near the return end of the branch of X-Z6 and different leakage
levels are imposed. Four leakage flow levels are considered, as shown in Table 2, repre-
senting 2%, 4%, 10%, and 20% of the total rated flow of the pipe network. It shows there
is a corresponding pressure decrease at both the supply end (pressure points P1, P3, etc.)
and the return end (pressure points P2, P4, etc.) of all branches in the system. For the
leakage flow rate f 1 of 1 m3/h, the pressure variation rate at the monitoring point P11,
situated at the return end of branch X-Z6, is the highest at 1.89%, followed closely by the
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pressure variation rates at the return ends of adjacent branches (P9, P7, and P5), which
are approximately 1.80%. When the leakage flow rate f 2 is 2 m3/h, P11 again exhibits the
largest variation rate at 4.25%, with adjacent branches showing rates around 4.10%. At a
flow rate f 3 of 5 m3/h, the pressure variation rate at P11 rises to 10.41%, while adjacent
branches have rates of about 10.07%. For a flow rate f 4 of 10 m3/h, P11 records the highest
variation rate at 20.27%, with adjacent branches displaying rates near 19.65%.

Figure 11. Pressure variation rate of each monitoring point with leakage occurrence in the branch
of X-Z6.

Figure 11 also shows that of the four leakage levels for different flow rates. Pressure
point P11 at the return end of the leakage branch always has the highest pressure variation
rate. The pressure variation rates at the other monitoring points can be categorized into
three levels according to their magnitude. The first level includes the pressure monitoring
points at the return end of the loop where the leakage branch is located, except for the
leakage branch (P5, P7, and P9); the second level includes the pressure monitoring points at
the return end of each branch in the loops, except for the loop where the leakage branch is
located (P2, P4, P14, P16, P17, and P19); and the third level includes the pressure monitoring
points at the supply end of all branches (P1, P3, P6, P8, P10, P12, P13, P15, P18, and P20).

The above pattern can be used to locate leakage. We sorted the pressure variation
rates of all the pressure points and found that the pressure variation rates of the monitoring
points located in the return monitoring are generally greater than the pressure variation
rates of the monitoring points on the supply side, which can be determined to be from a
leakage in the return side. The branch with the highest possibility of leakage is the branch
with the largest pressure variation rate, P11. This is followed by P5, P7, and P9, which are
located at the return end of the loop in which the leakage branch is located, except for the
leakage branch. In fact, the location of the leakage is indeed the return end of the branch
where P11 is located.

5.3. Discussion of the Threshold Selection of the Pressure Variation Rate

According to Section 3, with reference to the “design code of district heating networks”
in China [41], it is generally accepted in engineering that leakage is identified when the
leakage volume exceeds 4% of the total designed flow of the pipe network. For instance, in
the examined pipe network, a leakage flow rate of 2 m3/h (representing 4% of the rated
designed flow) results in a pressure variation rate of approximately 3% at the monitoring
point. When the leakage flow rate exceeds 2 m3/h (e.g., rates f 3 and f 4, with leakage flow
rates of 5 m3/s and 10 m3/s, respectively), the pressure variation rate at the measurement
point increases significantly beyond 3%. Thus, a pressure variation rate of 3% can be used
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as the threshold for detecting the occurrence of leakage within the closed chilled water
pipe network system. When the maximum variation rate of the pressure measurement
points in the pipe network is found to be more than 3%, it can be determined that there is a
leakage in the pipe network. When leakage is detected in the pipe network, the pressure
variation rates of all pressure monitoring points are ranked in order of magnitude. If the
pressure variation rate of the pressure monitoring points located on the water supply side
(return side) is generally greater than that on the return side (water supply side), then it
can be determined that leakage has occurred on the water supply side (return side) of the
pipe network. The branch where the pressure monitoring point with the largest pressure
variation rate is located is most likely to be the leakage branch, from which the leakage
location can be realized.

5.4. Discussion of the Practical Feasibility and Scalability of the Diagnosis Scheme

To ensure the practical feasibility of this novel leakage diagnosis and location scheme,
the relationship between sensor measurement errors and the overall diagnostic accuracy
is investigated and evaluated. Many studies have indicated that sensor accuracy exerts
only a minor influence on leakage diagnosis [22]. In addition, data preprocessing and
noise filtering techniques can effectively reduce the impact of sensor noise on system
measurement data, thereby enhancing the reliability of the measurements [45]. In this
study, the novel leakage diagnosis and location scheme hinges solely on quantitative
comparisons of the relative magnitude of sensor data, rather than on absolute pressure
measurement. As a result, minor measurement errors do not obviously influence the
data ranking of the pressure variation rate or the leak localization process. Specifically,
when the detected pressure change rate exceeds 3%, a leakage is deemed to have occurred.
The threshold of 3% is substantially higher than the sensor’s accuracy of 0.5% FS, which
typically corresponds to leakage rates above 2 m3/h. Notably, the small sensor error does
not materially affect the final determination of the leak.

The response time of the diagnosis scheme is also a key factor in its practical im-
plementation. The response time mainly depends on the data transmission speed of the
monitoring system and the computational speed of the diagnosis model. In practice, the
data acquisition and transmission system operates with minimal delay (usually within a
few milliseconds), ensuring real-time data availability. Meanwhile, the proposed diagnosis
scheme utilizes a non-iterative algorithm with low computational complexity, which avoids
the time-consuming iterative computation common to other schemes. As a result, the
proposed scheme allows for rapid leakage diagnosis.

In terms of scalability, the proposed scheme relies on the relative magnitude of pres-
sure variation rates between sensors rather than complex global data fitting or absolute
precision. Additionally, it does not require iterative or training computations. As a result,
the scheme can be transferred to other pipe networks without the need for re-modeling or re-
training, offering a certain degree of scalability. However, to ensure effective deployment, a
reasonable sensor layout is still required to capture the key pressure variation relationships.

6. Conclusions

Efficient leakage diagnosis is crucial for the timely management of faults in chilled
water pipe systems, minimizing damage and ensuring the safe and stable operation of
the network. This paper proposes a leak diagnosis and localization scheme based on the
analysis of pressure variation rates. Hydraulic models of the pipeline network under
both normal and leakage conditions are established and validated by experimental tests.
By simulating the operation of the pipe network under various leakage points and flow
rates, the relationship between the pressure variation rate at each node (branch end) and
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different leakage conditions is identified. This analysis allows for the determination of the
leakage point (branch) based on the observed pressure variation rate patterns. Moreover,
to accurately assess leakage, a reasonable threshold for the pressure variation rate must be
established. Using a 4% leakage flow rate as a benchmark, a range of pressure variation
rates is derived for each node, and a threshold is set to recognize the occurrence of leakage.
The key conclusions are as follows.

(1). Taking the case of a 20% leakage flow rate of the total rated flow rate as an example,
when a leak occurs at the water supply end (return end) of a branch, the pressure variation
rate at the measurement point at the water supply end (return end) of the affected branch
is the highest, measuring 12.27% (20.27%). This indicates the branch location of the leak.
The pressure variation rates of the remaining measurement points can be categorized into
three levels. The first level includes the pressure monitoring points at the water supply end
(return end) of the loop where the leakage branch is located, except for the leakage branch,
with rates around 11.86% (19.65%); the second level includes the pressure monitoring
points at the water supply end (return end) of each branch in the loops, except for the
loop where the leakage branch is located, with rates around 10.22% (16.83%); and the third
level includes the pressure monitoring points at the return end (water supply end) of all
branches, with rates around 9.06% (3.36%).

(2). The pressure variation rate at each node of the pipe network increases with the
leakage flow rate. In this study, as the proportion of leakage flow increases from 2% to 20%
of the total design flow, the maximum pressure change rate at the measurement points
rises from 0.411% to 20.27%. Referring to the guidelines from the “design code of district
heating networks” in China, a pressure variation rate of 3% can be used as the threshold for
detecting the occurrence of leakage within the closed chilled water pipe network system.

(3). When leakage is detected in the pipe network, the pressure variation rates of all
pressure monitoring points are ranked in order of magnitude. If the pressure variation
rate of the pressure monitoring points located on the water supply side (return side) is
generally greater than that on the return side (water supply side), then it can be determined
that leakage has occurred on the water supply side (return side) of the pipe network.
The branch where the pressure monitoring point with the largest pressure variation rate
is located is most likely to be the leakage branch, from which the leakage location can
be realized.
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Abstract

Assessing energy consumption in existing old residential buildings is key for urban energy
conservation and decarbonization. Previous studies on old residential building energy
assessment face challenges due to data limitations and inadequate prediction methods.
This study develops a novel approach integrating building energy simulation and ma-
chine learning to predict large-scale old residential building energy use using multi-source
datasets. Using Guangzhou as a case study, open-source building data was collected to
identify 31,209 old residential buildings based on age thresholds and areas of interest
(AOIs). Key building form parameters (i.e., long side, short side, number of floors) were
then classified to identify residential archetypes. Building energy consumption data for
each prototype was generated using EnergyPlus (V23.2.0) simulations. Furthermore, XG-
Boost and Random Forest machine learning algorithms were used to predict city-scale
old residential building energy consumption. Results indicated that five representative
prototypes exhibited cooling energy use ranging from 17.32 to 21.05 kWh/m2, while annual
electricity consumption ranged from 60.10 to 66.53 kWh/m2. The XGBoost model demon-
strated strong predictive performance (R2 = 0.667). SHAP (Shapley Additive Explanations)
analysis identified the Building Shape Coefficient (BSC) as the most significant positive
predictor of energy consumption (SHAP value = 0.79). This framework enables city-level
energy assessment for old residential buildings, providing critical support for retrofitting
strategies in sustainable urban renewal planning.

Keywords: old residential buildings; archetype; building energy; prediction model;
multi-source data

1. Introduction

In 2021, urban populations accounted for 56% of the global total, and this proportion
is projected to rise to 68% by 2050 [1,2]. Urban buildings account for approximately 30% of
total energy consumption and contribute to 26% of greenhouse gas emissions [3]. By the end
of 2024, China’s permanent urbanization rate reached 67% [4], with urban residential floor
area totaling 33.1 billion m2 [5]. A substantial portion of residential buildings constructed
during the initial stages of urbanization (1980–2000) consume substantially more energy
than modern structures. Implementing energy efficiency retrofits in these old residential
buildings is essential for achieving decarbonization targets [6,7].

To achieve urban building energy savings, conducting energy consumption assess-
ments of old residential buildings is essential [8]. Existing methodologies for urban building
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energy modeling are primarily categorized as top-down or bottom-up approaches [9]. Top-
down approaches estimate energy use at the sector level [10], utilizing statistical models,
regression analyses, building stock data, technology adoption models, and economic mod-
els. However, they typically lack precise temporal or spatial resolution results of individual
building energy consumption, and it is often difficult to obtain dynamic data [11,12]. In
contrast, the bottom-up approach is usually used to calculate energy consumption for
individual buildings. Bottom-up methodologies can be classified into three types based
on application method: statistical models, physical models, and hybrid models [13]. Sta-
tistical models establish correlations between building characteristics, energy usage, and
socio-economic indicators. Physical models, conversely, compute energy consumption
by simulating a building’s physical attributes (e.g., insulation, orientation) and technical
specifications (e.g., HVAC systems), though this process demands substantial computa-
tional resources. The hybrid approach integrates the advantages of both methods, offering
heightened flexibility across diverse building energy application scenarios [9].

Obtaining city-scale building data presents significant challenges, hindering com-
prehensive energy consumption evaluation at this scale [14]. The inherent complexity of
modeling energy use for individual buildings further compounds this difficulty. Proto-
type energy modeling is regarded as an effective method for large-scale building energy
assessment [15–17]. This approach can be implemented using building codes-based, data-
driven, and hybrid methods [18]. EnergyPlus [19] and DeST [20] are the predominant
simulation tools for prototype buildings. Numerous studies establish prototype models
to assess specific building energy. For example, Carnieletto et al. [21] developed 46 proto-
types (16 single-family, 16 multi-family, 14 office buildings) for energy consumption. Liu
and Gou [22] established six residential building prototypes and an energy consumption
model, identifying climate, population, and income as significant Energy Use Intensity
(EUI) influencers. Deng et al. [23] constructed 66 prototype models for Changsha city from
geographic information system (GIS) data (68,966 buildings), covering residential, com-
mercial, and office types. They subsequently employed clustering and Random Forest (RF)
models to identify 22 representative prototypes and analyze their energy consumption [24].
Song et al. [25] built various prototypes based on multi-source open data (such as maps
and satellite images) and used simulated energy intensity with EnergyPlus. An et al. [26]
developed 151 building prototypes for China across five climate zones and construction pe-
riods aligned with national standards. Peng et al. [27] constructed seven typical residential
prototypes through spatial data and envelope structure of 120 residential areas (involving
1300 buildings, 900 units, 350 types), referring the latest energy-saving specifications to
support energy prediction models. Xia et al. [28] developed eight prototype residential
units in Guangzhou using population, urban residential data, and basic unit information.
In addition, Yu [29] created a community-scale residential energy performance model based
on a prototype, applied to 1963 Shanghai communities, identifying plot ratio and building
coverage ratio as key influencing factors. Similarly, Alasmar et al. [30] built 21 prototype
models to assess the energy consumption of Jordan’s national housing stock based on avail-
able building datasets. Li et al. [31] developed a residential building shape prototype via
satellite images and clustering for urban-scale building stock energy calculation. Previous
studies indicate that prototype models are widely used to assess old residential building en-
ergy. However, their ability to characterize city-scale energy performance remains limited
under variable data conditions.

Machine learning has demonstrated significant efficacy in city-scale building energy
assessment [32,33], utilizing algorithms such as extreme gradient boosting (XGBoost),
Random Forest (RF), Artificial Neural Network (ANN), Gradient Boosting Decision Tree
(GBDT), and Support Vector Regression (SVR). Notably, the XGBoost model often outper-
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forms conventional regression methods in predicting residential building loads [34] and
energy consumption [35]. Machine learning models can capture nonlinear relationships
between urban morphological parameters and energy performance [36–39]. RF exhibits
strengths in energy consumption prediction [40] especially when leveraging multi-source
data (e.g., IoT sensor networks and physical energy models) [41–43]. While XGBoost typi-
cally achieves higher accuracy than RF at the community scale, both models enable efficient
identification of energy-saving potentials in urban buildings through morphology-driven
feature interpretation [36,44]. However, it still lacks a framework integrating open-source
building data with individual energy characteristics for predicting city-scale old residential
energy consumption.

To address these research gaps, this study develops a novel approach integrating
building energy simulation with machine learning to predict large-scale old residential
building energy consumption using multi-source datasets. First, the K-means clustering
algorithm was employed to analyze key urban building features (length, width, number
of floors, aspect ratio), identifying representative building prototypes. Second, the energy
utilization index (EUI) for each prototype was generated using EnergyPlus simulations.
Relationships between urban morphological indicators and energy consumption were ana-
lyzed. Third, an XGBoost model was developed to predict city-scale energy consumption.
Results and their spatial patterns across different scales were visualized. This study pro-
vides an efficient framework for analyzing the energy consumption of old urban residential
buildings, providing support for urban planning and energy saving strategies.

2. Materials and Methods

The research framework for archetype identification and energy consumption predic-
tion of old residential buildings is shown in Figure 1. Firstly, the data processing process
involves collecting multi-source urban building datasets and identifying old residential
buildings through house age thresholds and area of interest (AOI). The approximate rect-
angle method is applied to derive key building parameters, including building length
and elevation. Secondly, old residential buildings are categorized into distinct archetypes
based on building morphology parameters and clustering algorithms. EnergyPlus, the
most widely used energy consumption simulation software, is employed to calculate the
energy consumption data of each archetype. This archetype’s energy consumption data is
then assigned to corresponding residential buildings according to their cluster numbers,
thereby providing diverse energy simulation data for the energy consumption prediction
model. Thirdly, a building energy prediction model is developed by integrating machine
learning algorithms (i.e., XGBoost and RF) with building morphological parameters. City-
scale energy consumption of old residential buildings is subsequently estimated using this
model. Finally, spatial mapping of urban energy consumption patterns is conducted, and
key influencing factors are quantified through interpretable machine learning analysis. This
study offers a methodological framework for calculating city-scale energy consumption
in old residential buildings, with the results intended to inform targeted retrofit strategies
and advance sustainable urban development.

2.1. Study Area and Data Collection
2.1.1. Case Study Area

Guangzhou (120◦52′ E to 121◦52′ E, 22◦40′ N to 23◦53′ N) (Figure 2) is situated in
south-central Guangdong Province, on the northern edge of China’s Pearl River Delta [45].
The city features a marine subtropical monsoon climate, classified as a hot summer and
warm winter climate zone [46]. Guangzhou’s central urban area encompasses the districts
of Yuexiu, Liwan, Tianhe, and Haizhu. This area contains Guangzhou’s most densely
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developed old residential neighborhoods and serves as the city’s economic, cultural, and
commercial core.

 

Figure 1. Research framework of energy consumption prediction for old residential buildings.

These neighborhoods primarily consist of courtyard-style housing constructed from
the 1950s to the 1990s and commercial housing built during the 1980s and 1990s. During
rapid urbanization, numerous old residential buildings emerged in these areas. The layout
is relatively regular and simple, with most buildings featuring rectangular designs.

Due to early construction dates and low initial building standards, the thermal per-
formance of building envelope structures in old residential buildings has significantly
deteriorated over time [47]. This degradation necessitates substantially higher energy
consumption to maintain indoor thermal comfort during Guangzhou’s high-temperature,
high-humidity summers [48,49]. Consequently, accurate energy consumption assessment
in these aging communities represents a critical research priority. This study focuses on
Guangzhou’s central urban districts (Yuexiu, Liwan, Tianhe, Haizhu) to investigate city-
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scale energy consumption in old residential communities. These areas contain numerous
residential buildings constructed before 2003 that need to conduct energy-saving retrofits.

Figure 2. Satellite map of Guangzhou city and old town.

2.1.2. Data Collection and Pre-Processing

Datasets include spatial data, attribute data, and weather data, as shown in Table 1.
Building outline data is obtained using Baidu Map API v3.0; road network data is obtained
from the OpenStreetMap website. Community age information for developments con-
structed between 1980 and 2003 was sourced from the Anjuke (www.anjuke.com) platform.
Typical Meteorological Year (TMY) and design day data for South China were incorporated
into the analysis.

Table 1. Data sources.

Dataset Name Data Source Format Attributes

2023 Guangzhou Building
Footprint

Baidu Map (https://map.baidu.com/;
accessed 15 May 2023) Shapefile Polygon data

Guangzhou Road Network OpenStreetMap
(https://www.openstreetmap.org/) Shapefile Line data

Residential Areas with
Year Built Anjuke (https://www.anjuke.com/) Xlsx Point data with year tags

Areas of interest Amap (https://ditu.amap.com/) Shapefile Polygon data

Community Coordinates Baidu Coordinate Picker (https://api.
map.baidu.com/lbsapi/getpoint/) Shapefile Point data

Meteorological Data EnergyPlus (https://energyplus.net/) Epw Climate parameters

Data preprocessing was conducted as follows. First, building outlines, road networks,
and AOIs were processed in ArcGIS. Then, residential construction dates from Anjuke
website text records were batch-converted to georeferenced point data via the Baidu
Coordinate Picking System. Non-rectangular structures were geometrically standardized
through minimum bounding rectangle extraction. Key morphological parameters (length,
width, aspect ratio, floor count) were programmatically derived using Python’s GeoPandas
library (v0.5.1) within the ArcGIS 10.6 environment, generating a structured geodatabase
for subsequent analysis.
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2.2. Prototype of Old Residential Buildings
2.2.1. K-Means Method

K-means clustering (Figure 3) was selected for its efficiency in grouping buildings by
morphology. Building prototypes are established by categorizing structures into multi-story
and high-rise types based on morphological features. The classification parameters include
building height, long side, short side, aspect ratio, and floor count. A K-means clustering
algorithm is employed to group the building dataset. A random sampling heuristic method
initializes the cluster centers by selecting them from the dataset. The Euclidean distance
metric is used, and the formula is as follows:

d(x1, x2) =

√
∑d

k=1(xk1 − xk2) (1)

where x1, x2 are two sample points, d represents feature dimensions (including building
height, long side, short side, and aspect ratio), xk1, xk2 represent the value of the kth feature.

Figure 3. K-Means cluster analysis. (a): before K-Means; (b): after K-Means.

Samples are assigned to the nearest cluster center according to the minimum distance
principle. The new cluster center calculation formula is as follows:

μκ =
1

Nk
∑jεclusterk

xj (2)

where μκ is the new center of the k cluster, Nk is the number of samples belonging to the k
cluster, xj is the feature vector of the j sample. The clustering end condition is determined
as follows: when the difference between two adjacent cluster centers is less than the set
threshold, which means that the clustering criterion function converges, or when the
iteration reaches the maximum number of steps, the sample adjustment ends and the final
prototype building classification result is obtained.

j(m) = ∑k
j=1 ∑xi∈cj

‖ xi − μk ‖2 (3)

2.2.2. Parameters of Old Residential Prototypes

The heat transfer coefficients of the exterior wall, roof, and exterior window of the
residential building are defined in accordance with the energy-saving design JGJ 75-2003:
Design Standard for Energy Efficiency of Residential Buildings in Hot Summer and Warm Winter
Zone; [50] and previous studies [24]. The exterior walls use clay solid bricks as the primary
material, which have low thermal resistance and poor insulation. They also absorb high
levels of solar radiation, resulting in increased indoor heat gain during summer. The
exterior windows feature aluminum alloy frames, which significantly affect the heat transfer
coefficient, causing it to reach 5.0~6.0 W/(m2·K). The roof is a flat roof with a large-step
brick overhead ventilation layer and an expanded perlite insulation layer on top [51]. While
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this structure primarily optimizes the roof’s U-value, its high solar radiation absorption
coefficient still leads to excessively high indoor temperatures on the top floor during
summer. The definition of thermal parameters of old residential building prototypes is
shown in Table 2.

Table 2. Prototype thermal parameter settings.

Parameters Prototype A Prototype B Prototype C Prototype D Prototype E

Equipment power density
(W/m2) 4.3 4.3 4.3 4.3 4.3

Lighting power density (W/m2) 7 7 7 7 7
Occupancy (people/m2) 0.07 0.07 0.07 0.05 0.05

Exterior wall U-value (W/(m2·K)) 2.47 2.47 2.47 1.62 1.62
Roof U-value (W/(m2·K)) 1.8 1.8 1.8 1.66 1.66

Window U-value (W/(m2·K)) 6.4 6.4 6.4 4.99 4.99
Window SHGC 0.85 0.85 0.85 0.85 0.85

Room Air Conditioner SEER 2.7 2.7 2.7 2.7 2.7
Cooling/heating setpoints (◦C) 26/16 26/16 26/16 26/16 26/16

China’s standard weather data and design day data were selected as input data.
The building energy consumption was simulated using the EnergyPlus simulation pro-
gram. Cooling energy consumption and annual electricity consumption data for different
archetypes were then obtained. These energy consumption results for the old residential
building archetypes are used to train and test the prediction model.

EUI
cool
ele

i = ∑hε8760

⎛⎜⎝ Load
cool
ele

i,h × 1

Flooragei

⎞⎟⎠ (4)

where Loadcool/ele
i,h denotes the cooling and electricity loads of building i at hour hFlooragei

is the floor area of building i, which is used to calculate the cooling and electricity energy
usage intensity per unit area of the whole building.

EU
cool
ele

i = ∑h∈8760

(
Load

cool
ele

i,h × 1
)

(5)

2.3. Energy Consumption Prediction Model

This study presents a method for generating urban morphological parameters using
open-source data (Figure 4). This method provides an approach to evaluating urban
form and its relationship to energy performance at the city scale. The data acquisition
and processing phase begins with extracting road network data from OpenStreetMap
(OSM), including urban trunk roads, branch roads, and internal roads. These datasets serve
as the basis for delineating block boundaries, and the resulting block surfaces are then
used for energy analysis. Block feature analysis reveals that larger urban plots frequently
incorporate natural landscape elements such as mountains, water bodies, and green spaces,
all of which significantly influence the spatial distribution of energy consumption patterns.

To address data gaps in old residential buildings, additional interest surface data
was added to construct a more comprehensive block-level dataset. This enhanced dataset
captures both the physical characteristics of urban blocks and their functional attributes,
enabling accurate energy performance assessments across diverse urban blocks. For spa-
tial visualization, the study employs grid-based techniques to map energy consumption
across Guangzhou’s central urban area. This gridded representation not only facilitates
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intuitive interpretation of energy use patterns but also supports comparative analysis
between different urban blocks. Such visualization maps serve as valuable tools for ur-
ban planning decisions and targeted energy management strategies, particularly in dense
urban environments.

 
Figure 4. The process of generating the street surface of old residential areas.

The boundary definitions and building form variables of old residential areas are
shown in Table 3. These variables serve as inputs for both the XGBoost model and the
RF model. Hyperparameter tuning was applied to optimize model performance, with the
best parameter combination selected based on evaluation via K-Fold Cross-Validation. The
energy consumption prediction accuracy of the two models is compared, and the superior
one is chosen for energy analysis of urban old residential buildings.

Table 3. Parameter calculation formula.

Variable Definition Formula Reference

Building Serial Number
(SN)

Unique identifier of a building, used to
distinguish and mark different

buildings.

Site Area (SA) Refers to the area of the plot of land on
which the building belongs.

Average number of
building floors (ANF)

The average number of floors in a
building’s total height, usually

expressed as an integer or decimal,
used to estimate the building’s mass.

ANF = FAR
BCR [51]

Number of Buildings
(NoB)

The number of buildings within the site
calculation unit. NoB = Count of Buildings in the Area

Building Coverage Ratio
(BCR)

The ratio of building area to total land
area. BCR =

building area
site area [52]

Floor Area Ratio (FAR) The ratio of the total building area in a
region to the total area of the region. FAR =

building f loor area
site area [53]

Building Shape Coefficient
(BSC)

Used to measure the complexity of a
building’s outline; the ratio of the
building’s surface area to the unit

building volume.

BSC = ∑n
i Si

∑n
i Vi

[54]

Shapley Additive Explanations (SHAP) was utilized to analyze the optimal model’s
performance, assessing the contribution of six features to the model output. SHAP, de-
rived from cooperative game theory, measures the marginal contribution of features to the
model’s output by calculating Shapley values. This approach constructs an additive inter-
pretation model where all features are considered contributors. Each feature’s contribution
to the predicted value is quantified through the Shapley value, ultimately determining the
feature importance ranking of the optimal model.
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The study selected parameters such as R2 and Mean Squared Error (MSE) as model
performance comparison parameters. R2 measures the proportion of variance explained by
the model for the target variable Energy. The R2 value range is between 0 and 1. In terms
of explanatory power, the closer R2 is to 1, the better the model fits the data. MSE is the
average of the squares of the difference between the predicted value and the true value.
The calculation formula is as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (6)

where n represents the number of data points for calculating R2, yi is the true value of the i
sample, ŷi represents the predicted value of the ith sample, and y represents the average of
all true values.

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (7)

where n represents the number of data points, yi is the true value of the i sample, and ŷi

represents the predicted value of the i sample.

2.4. Mapping Energy Consumption

The energy usage of old residential buildings at the city scale is obtained by sum-
marizing the energy usage of each building. The EUI of old residential buildings and its
spatial distribution differences were visually analyzed using a heat map. Three grid units
(i.e., 220 m × 220 m, 500 m × 500 m, and 1 km × 1 km) were selected to establish a product
calculation model based on building archetype area and EUI. Color gradient coding (bright
colors indicating low energy consumption, dark colors indicating high energy consumption)
was used for multi-scale energy consumption mapping. The 1 km grid reflects the overall
energy consumption level of the urban area, the 500 m grid identifies high-consumption
clustered areas, and the 220 m grid analyzes block-level distribution characteristics.

3. Results

3.1. Energy Consumption of Prototypes

Satellite images of old residential areas in various districts of Guangzhou from the
1980s to the 1990s were selected to verify the screening results, and the accuracy rate of
old residential building recognition reached 90%. Due to the absence of a small number of
building outlines and errors in the number of floors in the original building outline data, a
small number of old residential buildings could not be identified.

Regarding prototype clustering, the K-means model demonstrated a significant pro-
cessing effect when the overall data volume exceeded 20,000 samples. The contour coef-
ficient derived from the algorithm was at a medium level, suggesting the presence of a
clustering structure. The Davies–Bouldin index of 0.798 indicated substantial distances
between clusters while maintaining close intra-cluster distances. The prototype categories
and quantity statistics of old residential buildings are shown in Table 4 and Figure 5.

In practice, energy consumption measurements for old residential buildings are un-
available. Thus, the energy consumption results of the old residential building archetypes
were validated against previous studies. Cooling energy and EUI results of different proto-
types are shown in Figure 6. The average specific power consumption for civil buildings in
Guangdong Province in 2012 was 72.13 kWh/(m2·a) [55]. Since civil buildings encompass
both residential and public structures, this average is notably higher than the energy con-
sumption values reported in the study. The discrepancies between Prototypes B and C in
the study’s results were 10–11%, while the cooling energy consumption of Prototypes A, E,
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and F closely aligned with the simulated air conditioning energy consumption. Pre-2001
energy consumption figures for old mid-rise residential buildings in hot summer and warm
winter regions were 52 kWh/ m2, and for old high-rise buildings, 38 kWh/m2 [24]. The
mid-rise buildings exhibited a 22% difference compared to the results of this study.

Table 4. Prototype categories of old residential buildings.

Prototype Category Number
Building Aspect

Ratio
Length × Width Graphic

Prototype A 9708 3.10 42 × 17

Prototype B 2394 4.01 78 × 26

 

Prototype C 16,114 1.94 21 × 12

Prototype D 11,057 2.09 30 × 17
 

Prototype E 3575 3.21 73 × 27

 

Figure 5. Proportion of prototypes of old residential buildings in Guangzhou.

3.2. Prediction of Building Energy Consumption at City Scale
3.2.1. Comparison of Different Prediction Models

Machine learning prediction analysis uses building-scale and city-scale cooling energy
consumption and electricity usage data. By comparing the performance of XGBoost and
RF on the test set, it is found that XGBoost’s R2 (0.667) is slightly higher than RF (0.619),
indicating that the Boosting method has stronger nonlinear fitting ability on this dataset.
The higher unit value of the predicted energy consumption value leads to a larger MSE
indicator value, 1.0 × 1011 for XGBoost and 1.1 × 1011 for RF. The model performance
R2 of the XGBoost model in predicting the complex relationship between urban spatial
morphology and land surface temperature in the plain city of Chengdu and the plateau city
of Lhasa is 0.515 and 0.429, respectively [56]. Similar studies have shown an R2 of 0.685 in
the test set when predicting cooling loads in large urban communities [34]. The R2 in the
study of the relationship between urban form and urban building energy consumption
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is 0.4854 [57]. In summary, the R2 of the XGBoost model in prediction is 0.667, which is
within a reasonable range.

Figure 6. Annual energy consumption and cooling energy consumption of different prototypes.

This study uses Random Forest as an alternative model for cross-verification to eval-
uate the robustness of the XGBoost model. The superparameters of the random forest
(including the number of decision trees, the minimum sample number of leaf nodes, and
the maximum number of features) are optimized by the RandomizedSearchCV method,
and the model is selected based on the 3-fold cross-verification and mean square error
minimization target. The performance of the optimal random forest model on the test set
is compared with that of the XGBoost model. The results show that the two have a high
consistency in the order of feature importance (Spearman correlation coefficient = 0.82,
p < 0.01), indicating that the model is stable in the identification of key features. In addition,
the robustness of the model was verified through data segmentation experiments of differ-
ent random seeds (42, 123, 456, 789), and the R2 fluctuation range was controlled within
±0.03, confirming the reliability of the model’s prediction performance.

3.2.2. Analysis of Influencing Factors

Based on the urban morphological parameters and building energy consumption
datasets generated by residential building energy consumption prototypes and blocks.
This study used the SHAP method to quantify the marginal contribution of each feature to
the prediction results, and constructed a building energy consumption prediction frame-
work that integrates ensemble learning and interpretable analysis for energy consumption
prediction analysis of old residential buildings in Guangzhou.

The feature correlation matrix (Figure 7) shows the linear correlation between the
features in the dataset: SA and ANF: highly negative correlation (about −0.99), indicating
that when SA increases, ANF almost always decreases. BSC and energy: the positive corre-
lation is 0.52, indicating that BSC has a positive impact on the change in energy. BAC and
energy: high positive correlation (about 0.79), which means that BAC is an important factor
affecting energy. In terms of correlation with the energy of the target variable: BAC and
BSC: there is a strong positive correlation with energy. ANF_BSC_product(ANF×BSC) and
log_BSC(Logarithmic transformation of building shape coefficients): there is a moderate
correlation with energy, indicating that housing project characteristics such as BAC and
BSC can help improve the prediction effect.
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Figure 7. Feature correlation matrix for building energy prediction.

The feature importance plots in Figure 8 show that BSC has a higher impact, while SA
has the lowest impact. The SHAP values (impact on model output) show that features BSC,
ANF, and FAR have the greatest impact on model output, and they significantly positively
promote the output results.

Figure 8. Feature importance plots for building energy prediction.

Figure 9 reveals that building morphology parameters particularly ANF, FAR, and
BSC are the dominant positive drivers of energy consumption, contributing SHAP val-
ues of +414,305.15, +393,685.13, and +268,099.79, respectively. Conversely, Surface Area
(SA) and Number of Buildings (NoB) emerge as negative factors, reducing energy con-
sumption predictions by −8678.71 and −5184.37, respectively. This directional influence
is visually evident in the distribution of feature impacts, where higher values of positive
drivers (red data points) consistently push predictions above the baseline output (E[f(x)] =
402,997), while higher values of negative factors (blue) correlate with reduced consumption
estimates.
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Figure 9. SHAP decision plot for building energy prediction.

Figure 10 delineates the SHAP value distributions for six critical features (a–f) in an
XGBoost model, revealing distinct characteristic patterns. In Figure 10a, the SA feature
demonstrates a bimodal distribution of SHAP values (range: −1 to 1), with medium-value
samples (blue) exhibiting predominantly negative contributions, while high-value samples
(red) show heterogeneous positive effects. Figure 10b discloses a pronounced clustering
of high NoB values (red) at SHAP ≈ 0.5, indicating a systematic positive impact beyond
specific thresholds. The FAR feature in Figure 10c exhibits a weak linear tendency, where
low-value samples (blue) concentrate in negative SHAP space, contrasting with high-value
samples (red) in positive regions. Figure 10d manifests a polarized pattern for BAC: low
values drive strong negative contributions (SHAP < −0.5), whereas high values correlate with
robust positive effects (SHAP > 1). The BSC feature in Figure 10e displays minimal dispersion
(range: ±0.25 SHAP) without clear value-gradient dependency, suggesting stable predictive
influence. Notably, Figure 10f reveals an abrupt transition for ANF—low values yield negative
contributions, but marginal increments trigger a phase shift to sustained positive SHAP values
(>0.6), evidencing a critical nonlinear boundary effect.

3.3. Analysis of Old Residential Building Energy Consumption
3.3.1. Energy Consumption Analysis at Urban Scale

The spatial distribution of energy consumption in old residential areas reveals a
concentration in peri-urban areas surrounding Guangzhou’s historic core. As shown in
Figure 11, At the 1 km grid-scale analysis, Huadu Central District demonstrates signifi-
cantly higher energy intensity (27.1–94.3 × 105 kWh/m2), contrasting with lower intensity
values (27.1 × 105 kWh/m2) observed in Zengcheng and Conghua urban centers. The
least energy-intensive areas, corresponding to minimal old housing stock, are primarily
located in Nansha District and Huangpu District. Within the four central historic districts,
energy consumption displays high spatial clustering with intensities predominantly below
9.69 × 105 kWh/m2, necessitating finer-scale analysis (e.g., 500 m grid) to delineate precise
energy intensity zones.

3.3.2. Energy Consumption Differences Under Different Grids

In Figure 12, this study analyzed urban energy consumption patterns in Guangzhou’s cen-
tral districts—Liwan, Yuexiu, and Haizhu—employing a multi-scale grid approach
(220 × 220 m, 500 × 500 m, and 1000 × 1000 m). Total energy consumption in old residential
areas was estimated by aggregating EUI values with corresponding floor areas of prototype
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buildings. At the 1 km × 1 km scale, high-consumption zones (8.7–15.8 × 107 kWh/m2·a) clus-
tered predominantly in Yuexiu District, moderate-consumption areas (2.6–8.7 × 107 kWh/m2·a)
concentrated in Tianhe and Haizhu, while Liwan District showed low consumption (0.9 ×
107 kWh/m2·a). The 500 m × 500 m resolution revealed finer distributions: Yuexiu’s sub-
districts exhibited moderate consumption (3.0–4.6 × 106 kWh/m2·a), Tianhe contained more
low-consumption areas (0.3–1.8 × 106 kWh/m2·a) than Haizhu, and minimal consumption
zones (0.3 × 106 kWh/m2·a) dominated Liwan. Neighborhood-level analysis at 220 m × 220 m
resolution identified peak intensity clusters (5.7–18.3 × 105 kWh/m2·a) in Yuexiu’s Jianshe
Sub-district, effectively capturing block-level variations in old residential areas.

Figure 10. SHAP interaction summary plots: (a) SHAP value for SA; (b) SHAP value for NoB;
(c) SHAP value for FAR; (d) SHAP value for BAC; (e) SHAP value for BSC; (f) SHAP value for ANF.

3.3.3. Energy Consumption of Different Prototypes

Two types of old residential areas, namely Suihua New Village in the 1980s and Liuyun
Community in the 1990s, were selected, and the number and distribution of their building
prototypes were counted (A/C/D types accounted for more than 80%). The impact of
envelope structure defects on energy consumption was simulated with Lingnan climate
parameters, revealing the common laws of energy consumption of building prototypes
from different eras. The study selected two old residential communities of different ages,
Liuyun Community and Suihua New Village in Guangzhou, to analyze the distribution
and energy consumption characteristics of different residential prototypes.
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Figure 11. Visualization of energy consumption in old residential areas in Guangzhou.

Figure 12. Energy consumption at different scales: (a) 220 m × 220 m grids; (b) 500 m × 500 m grids;
(c) 1 km × 1 km grids.

In Figure 13, Suihua New Village in Haizhu District and Liuyun Community in Tianhe
District were selected as research objects for analysis. Suihua New Village, constructed in
the early 1980s, exhibits typical characteristics of old residential areas with aging structures
and suboptimal building envelopes. The building structure is deteriorating, the envelope
has significant defects, and supporting facilities are relatively outdated, leading to elevated
energy consumption in the high-temperature and high-humidity Lingnan climate. Liuyun
Community, built in the early 1990s, represents a typical open, pure residential community
developed by private investors. The buildings’ exteriors are in poor condition, and their
energy consumption patterns demonstrate strong universality. Furthermore, since both
communities underwent certain renovation and transformation processes during urban
development, the energy consumption simulation parameters were not specifically differ-
entiated for each era. The buildings in these two communities predominantly correspond to
Prototype A, C, and D categories, reflecting commonalities in the prototype characteristics
of older communities.
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Figure 13. Spatial distribution of building energy consumption: (a) old residential areas from the
1980s; (b) old residential areas from the 1990s.

From the perspective of urban renewal, the energy consumption conditions of the
old residential area are introduced into the urban renovation and renewal guidelines to
guide the energy-saving and low-carbon development of old communities. As shown in
Figure 14, there are various strategies for the renovation of urban residential buildings.
At block level/building scale, strengthen the promotion of energy-saving and low-carbon
measures in communities, open up public activity spaces in neighborhoods, establish
community ventilation micro-channels, enhance residents’ awareness of low-carbon and
energy-saving, strengthen roof and exterior wall structures, and use more environmentally
friendly and energy-saving doors and windows.

 

Figure 14. Multi-scale energy-saving and low-carbon renewal measures for old residential areas.
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4. Discussion

The old residential prototype building is determined based on the building length and
width, aspect ratio, and number of floors, and OpenStudio is used to efficiently simulate
the energy consumption of the old residential prototype building. Compared with the
energy consumption of old residential buildings in different climate zones in the previous
literature, the simulation results of the old residential prototype building are within a
reasonable range, and the actual building energy consumption data is needed to further
calibrate the building energy consumption.

Due to the lack of actual measured energy consumption data of an old residential
building, the study refers to the data in previous research and relevant documents for
verification, and uses the data in the Construction Yearbook to verify the results. Ac-
cording to the 2015 Guangdong Construction Yearbook, the average unit area power
consumption of civil buildings in the 2012 Guangdong Provincial Energy Audit is
72.13 kilowatt-hours/(m2·a) [55]. The energy audit results include residential buildings
and public buildings, so they are significantly higher than the energy consumption values
obtained in the study. The energy consumption simulation results of the previous study
using the Guangzhou Asian Games City residential building as an example showed that
the air conditioning cooling energy consumption was 19.3 kWh/m2. This value differs
from the cooling energy consumption of Prototype B and Prototype C by 10–11%, while
the cooling energy consumption of Prototype A, Prototype E, and Prototype F is very
close to the research results [58]. The annual electricity EUI of the prototype building
of mid-rise residential buildings in Changsha, a hot summer and cold winter region, is
50.2 kWh/m2 [24], which is 16.4% to 24.5% different from the annual electricity EUI of
the prototype building obtained in this study. The cooling energy consumption demand
is higher in the hot summer and warm winter region throughout the year. Therefore, the
building energy data is within a reasonable error range.

Urban morphological parameters and energy consumption data are used as inputs for
machine learning algorithms. The XGBoost and RF models are then employed to estimate
the energy consumption of old residential buildings. XGBoost achieves higher prediction
accuracy than the RF model. The energy consumption of old urban areas is analyzed at
three different scales (220 m, 500 m, and 1 km), providing a reference for further identifying
energy consumption patterns and informing energy planning.

This study still has some limitations. A typical meteorological year’s data was selected
as input for the building energy model in this study. However, extreme high temperatures,
the urban heat island effect, as well as usage habits and population density can signifi-
cantly impact building energy consumption results [59–61]. Future work should consider
these impacts and further improve the energy performance simulation of old residential
buildings [62]. Meanwhile, the predictive accuracy of the XGBoost model remains limited.
Future research should focus on enhancing accuracy through optimization of the prototype
datasets. In addition, the application of the proposed residential building energy prediction
model in other cities needs to be validated in the future. The model will require adaptive
adjustments based on the actual meteorological parameters of the study area and the
structural characteristics of old residential buildings.

5. Conclusions

This study developed a novel approach that integrates building energy simulation and
machine learning to predict city-scale energy use in old residential buildings, utilizing multi-
source datasets. It extends building-scale simulations to estimate energy consumption at
the city scale. The main conclusions include:
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• Pre-2003 residential buildings were identified from 706,188 building outlines in
Guangzhou using AOI data and internet housing data. This identification method
was validated with 90% accuracy, yielding a total of 31,209 confirmed pre-2003
residential buildings;

• Five representative prototypes exhibited cooling energy use (17.32–21.05 kWh/m2) and
annual electricity EUI (60.10–66.53 kWh/m2), scalable to city-scale energy assessment
for low-carbon planning;

• A prediction model establishing the correlation between urban morphological fac-
tors and energy consumption was developed. The reliability of the XGBoost model
was confirmed through cross-validation and its predictive accuracy for energy con-
sumption. Model performance demonstrated that the XGBoost algorithm (R2 = 0.667)
outperformed the RF model. Furthermore, a strong positive correlation (r = 0.79) was
identified between BSC and the energy consumption of old residential buildings;

• Spatial analysis of Guangzhou’s old residential buildings revealed distinct energy consump-
tion patterns: Huadu Central District exhibited peak intensity
(27.1–94.3 × 105 kWh/m2), while Nansha and Huangpu showed relatively lower con-
sumption levels. Multi-scale grid analysis (ranging from 220 m to 1 km) identified
Yuexiu as the highest energy consumption zone, with peak values reaching up to
18.3 × 105 kWh/m2·a at 220 m resolution. Prototype energy simulations of
1980s–1990s communities indicated that building envelope was the key inefficiency factor.

This study establishes an efficient framework for analyzing the energy consumption
of urban old residential buildings. This framework facilitates the development of urban
planning strategies and energy-saving policies. Potential applications include: (1) At city
scale, it can support the design of policies, standards, and guidelines to promote energy
efficiency in urban renewal projects. (2) At block scale, it can enhance public awareness
and transform public spaces within high-energy-consumption communities to encourage
energy-saving and low-carbon practices among residents, fostering both promoted and
spontaneous energy-conserving behaviors. (3) At building scale, it can guide the retrofitting
of building envelope components (e.g., roofs, windows, exterior walls) to reduce the energy
consumption of individual structures.
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XGBoost eXtreme Gradient Boosting
RF Random Forest
SHAP Shapley Additive Explanations
BSC Building Shape Factor
EUI Energy Use Intensity

SN Building Serial Number
SA Site Area
SHGC Solar Heat Gain Coefficient
SEER Seasonal Energy Efficiency Ratio
ANF Average number of building floors
NoB Number of Buildings
BCR Building Coverage Ratio
FAR Floor Area Ratio
MSE Mean Squared Error
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Abstract

This study explores the use of construction robots with collaborative path planning and
coordination in complex building construction tasks. Current construction processes
involving robots are often fragmented due to their single-task focus, with limited research
focused on employing multiple construction robots to collaboratively perform tasks. To
address such a challenge, this research proposes an improved A* algorithm for global path
planning and obstacle avoidance, combined with the development of a BIM-based grid map
of the construction site. The leader–follower method is utilized to guide the robot group
in maintaining an optimal formation, ensuring smooth collaboration during construction.
The methodology includes formalizing building construction site environments into BIM-
based grid maps, path planning, and obstacle avoidance, which allows robot groups
to autonomously navigate and complete specific tasks such as concrete, masonry, and
decoration construction. The results of this study show that the proposed approach achieves
significant reductions in pathlength and operational time of approximately 9% and 10%,
respectively, while maintaining safety and efficiency compared with traditional manual
methods. This research demonstrates the potential of collaborative construction robot
groups to enhance productivity, reduce labor costs, and provide a scalable solution for the
intelligent transformation of the construction industry; extends the classical A* algorithm
by incorporating obstacle density into the heuristic function; and proposes a new node
simplification strategy, contributing to the literature on robot motion planning in semi-
structured environments.

Keywords: construction robots; path planning; A* algorithm; robot group formation;
smart construction

1. Introduction

The construction industry, as a pillar of the national economy, serves as a critical
platform for developing “new quality productivity.” However, the construction sectors
worldwide have encountered developmental challenges, necessitating transformation and
upgrades [1]. As shown in Figures 1 and 2, both the labor force population and the number
of construction workers in Mainland China have shown a fluctuating but overall declining
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trend from 2019 to 2023. Meanwhile, the average age of construction workers has exhibited
a clear aging trajectory. In recent years, advancements in intelligent technologies have
provided fresh momentum for global manufacturing, with the requirements for intelligence
gradually permeating various fields. Smart construction, which integrates automation and
informatization, has become a key driver for revolutionizing the construction industry [2,3].
Currently, construction industries across the globe still heavily rely on labor-intensive pro-
duction and fragmented management methods. These practices result in low production
efficiency, significant environmental burdens, and excessive resource consumption [4]. The
introduction of the concept of smart construction presents a novel developmental opportu-
nity and trend for the industry. To promote intelligent innovation within the construction
sector, incorporating robotics technology into industry transformations and upgrades is
imperative. By embedding robotics with intelligence and automation into construction
processes, this initiative is poised to exert profound impacts on construction methods,
business philosophies, industrial ecosystems, and enterprise development models [5].

 

Figure 1. Changes in population from 2019 to 2023.

Figure 2. Changes in average age of construction workers from 2019 to 2023.

The number of construction robots used for independent or assistive operations in
building projects is gradually increasing in the construction industry. For instance, the
MULE bricklaying robot developed in the United States enhances efficiency by assisting
workers with bricklaying tasks through a lifting-and-gripping mechanism and a precision
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positioning system, achieving twice the efficiency of manual labor [6]. Similarly, Australia’s
Hadrian X robot, equipped with an extendable robotic arm, can autonomously construct
the walls of a single building, boasting a work efficiency three times higher than that of
humans [7]. However, most building construction robots currently in use are limited to
handling single tasks, which continues the fragmented nature of construction processes [8].
Consequently, these robots do not significantly improve efficiency or reduce costs of
construction projects. To enhance the level of intelligence in the construction industry, some
studies have proposed employing multiple construction robots to collaboratively perform
tasks in laboratory settings. This approach aims to address the inefficiencies caused by
sequential operations of individual robots but needs to be further utilized, considering its
applicability to the real-world built work environment [9,10].

Collaborative operations among construction robots contribute to more organized
construction workflows, reducing labor costs and scheduled time, thereby lowering overall
project costs. Therefore, this study proposes a leader–follower collaborative operation
method, which addresses the path planning challenge for a group of construction robots
working collaboratively. The method involves mapping the real-world built work envi-
ronment of construction robots, using an improved A* algorithm to plan the overall work
path for the leader robot, and employing a leader–follower algorithm to coordinate the
formation of follower robots. Although numerous studies have improved the A* algorithm
and applied it to robotic path planning, few have explored the integration of path planning
with coordinated multi-robot operations specifically in the context of construction tasks.
This approach enables the construction robot group to perform building construction tasks
in an orderly and efficient manner, offering a solution for the application of construction
robots in real-world construction scenarios, with the contributions listed as follows:

� The traditional A* algorithm was improved by incorporating obstacle density into the
heuristic function and introducing a path-smoothing post-processing step to generate
more efficient and realistic trajectories;

� A collaborative path planning framework for construction robot groups was devel-
oped based on the leader–follower and BIM-based grid mapping approaches, enabling
coordinated task execution in complex construction scenarios;

� The effectiveness (i.e., planning time, planning length, path variation range, and
success rate) was validated through real-world construction case studies, which also
demonstrated its practical applicability.

2. Literature Review

The advancement of construction robotics heavily relies on effective path planning and
robot group formation control. Path planning techniques, such as A*, Dijkstra’s algorithm,
and Ant Colony Optimization, are essential for ensuring optimal routes in complex envi-
ronments. Additionally, various group control strategies like the leader–follower, virtual
structure, and behavior-based methods are employed to enable collaborative operations in
construction tasks. These foundational approaches are integral to enhancing efficiency and
safety in construction robot applications.

2.1. Path Planning Algorithms

The safe and efficient operation of construction robots on site relies on selecting a
reasonable path to the construction location. Well-planned paths not only enhance con-
struction efficiency and quality but also ensure safety and resource optimization. This
is particularly crucial when coordinating multiple construction robots, where collabora-
tive path optimization becomes even more important. Path planning methods can be
categorized into global and local path planning, with global path planning being more
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commonly employed for mobile robots [11,12]. Prominent global path planning algo-
rithms include the node-based A* algorithm, Dijkstra’s algorithm, and the Ant Colony
Optimization algorithm.

The A* algorithm is a heuristic search method that evaluates the distance relationship
between the current search position and the target location in real time, thereby improving
search efficiency [13]. Numerous scholars have since made modifications to this algorithm
to address various challenges. For instance, Li et al. [14] proposed a hybrid A* algorithm
based on BINN, designing an improved bulldozer equipped with monitoring and au-
tonomous path planning capabilities. This framework enables complete path planning,
making the algorithm applicable in engineering practices. Similarly, Auh et al. [15] used
the A* algorithm to plan the operational paths for cargo-handling robots in cluttered lo-
gistics environments, reducing collisions that could damage packaging while minimizing
transport workload, time, and distance. Zhang et al. [16] improved the traditional A* algo-
rithm by expanding the number of search nodes and increasing the search directions to 12,
effectively addressing issues such as excessive path turns, uneven paths, and limited search
ranges. These enhancements ensured optimal paths, improved safety by avoiding collisions,
and increased precision, reducing path length. Zheng et al. [17] integrated an improved
A* algorithm with the Timed Elastic Band (TEB) algorithm for motion control, enabling
construction robots to navigate static and dynamic obstacles in indoor environments.

The Dijkstra algorithm is a classic solution for finding the shortest path in weighted
graphs, often used for routing problems or as a subroutine in more complex graph algo-
rithms [18]. Liu et al. [19] applied the Dijkstra algorithm for global indoor path planning
of mobile robots and combined it with the Dynamic Window Approach for local path
planning, enabling navigation and obstacle avoidance in building indoor environments.
Alshammrei et al. [20] designed an optimized, collision-free algorithm based on the Dijkstra
algorithm, achieving efficient path planning in obstacle-filled environments. This approach
significantly reduced working time and costs for mobile robots.

The Ant Colony Optimization algorithm, proposed by Marco Dorigo, excels in global
optimization but suffers from high computational requirements and a tendency to get
trapped in local optima. Yen and Cheng [21] improved the traditional Ant Colony Opti-
mization algorithm by integrating it with fuzzy control, enabling better adaptability in
dynamic environments. Li et al. [22] optimized the pheromone update and transmission
mechanisms in the Ant Colony Optimization algorithm, accelerating convergence and
reducing the likelihood of local optima. Wu et al. [23] addressed the slow convergence
and low efficiency of traditional Ant Colony Optimization algorithms by introducing a
novel heuristic mechanism with directional information, improving the convergence speed,
reducing path turns, and enhancing its practicality and efficiency in path planning.

Table 1 provides a comparative analysis of the three mainstream path planning
algorithms—A*, Dijkstra, and Ant Colony algorithms—across several key performance
indicators, including computational efficiency, scalability in ability to generate paths in
complex site environments, and suitability in its practicality under the specific constraints
of construction sites. While all three algorithms can successfully generate paths from the
starting node to the destination, their characteristics differ significantly. The Ant Colony
Optimization algorithm suffers from high computational overhead and a tendency to get
stuck in local optima, making it unsuitable for complex construction scenarios. The Dijkstra
algorithm ensures accurate shortest-path computation but lacks efficiency due to exhaustive
node expansion. In contrast, the A* algorithm balances speed and optimality by leveraging
heuristic functions and global information, enabling it to efficiently handle environments
with static obstacles. Furthermore, the A* algorithm demonstrates scalability in multi-robot
contexts and integrates easily with BIM-based grid maps, making it particularly well-suited
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for construction robot path planning. Therefore, this study builds upon the improved A*
algorithm as the core of the proposed collaborative planning framework.

Table 1. Algorithm performance comparison.

Type of Algorithm
Scalability in

Path Generation
Suitability in

Path Optimization
Computational

Efficiency

A* algorithm Yes Yes Fastest
Dijkstra algorithm Yes Yes Relatively Fast

Ant Colony algorithm Yes No Slow

2.2. Robot Group Formation Control

Robot groups can achieve collaborative tasks, defense, and other desired outcomes
through formation control, information sensing, data analysis, task allocation, trajectory
planning, and formation stability control technologies. For construction robot groups
performing collaborative tasks on construction sites, robot group formation methods
can be referenced. Currently, widely applied methods for group formation include the
leader–follower, virtual structure, and behavior-based formation methods.

The leader–follower method is one of the most commonly used methods for multi-
robot collaborative formation control and is widely applied in robot and drone control
fields [24]. The Robotics Automation Exploration and Perception Laboratory at the Uni-
versity of Pennsylvania has laid a solid theoretical foundation for the application of the
leader–follower method in multi-robot systems, proposing two formation strategies: the
L-φ method, which controls both the relative distance and the yaw angle of the robots, and
the L-L control method, which only controls the relative distance [25]. In the application
of the leader–follower method, Wu et al. [26] proposed using the leader–follower strategy
for multi-robot obstacle avoidance formation control. By pre-setting the leader’s motion
trajectory and adjusting the angle between the leader and followers during their move-
ment, the robots can avoid obstacles, effectively solving the obstacle avoidance problem
in multi-robot motion. Wang et al. [27] applied the leader–follower model for formation
control of non-holonomic mobile robot groups in environments with unknown obstacles.
They designed a bounded obstacle function to form constraints on the distance and orienta-
tion during the follower’s pursuit of the leader, enabling obstacle avoidance in unknown
environments. Park and Yoo [28] proposed a leader–follower method that guarantees the
connectivity between mobile robots, employing an obstacle avoidance strategy that main-
tains the connection between the leader and follower while avoiding obstacles, ensuring
global connectivity even in the presence of obstacles. Li et al. [29] developed a novel virtual
leader–leader–follower model based on the leader–follower method. In this model, the
leader follows a reference trajectory determined virtual leader, and the followers track the
desired position indicated by the virtual leader to solve the formation switching problem
for mobile robots in environments with unknown obstacles.

The virtual structure method, proposed by Lewis et al. [30] from the University of
California, is widely applied in formation flight control for aircraft and satellites [31]. In
the virtual structure method, the entire formation is treated as a virtual rigid structure,
where each agent is a fixed node in the relative position of the rigid body, and the agents
follow the motion of the virtual structure. The group of agents moves with the rigid body
in space, causing changes in their positions, but their relative positions remain unchanged,
preserving the inherent geometric shape. The virtual structure method transforms the
multi-agent formation problem into a tracking problem, offering high control accuracy and
feedback on the formation, effectively controlling the overall behavior of the formation
group [32]. Cai et al. [33] proposed a distributed model predictive control scheme based on
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virtual target guidance for controlling unmanned aerial vehicles (UAVs). In this method,
each UAV shares information only with its neighbors, reducing the computational burden
of UAV formation control and effectively achieving trajectory tracking and obstacle avoid-
ance. Zhen et al. [34] proposed a method for multi-underwater vehicle formation control
that combines artificial potential fields with the virtual structure. This combined control
method ensures that the underwater vehicles avoid collisions during descent and can
form and alter their formation once the desired depth is reached, achieving better mission
detection outcomes.

The behavior-based formation method, proposed by Balch and Arkin [35], is a control
approach inspired by biomimicry. It essentially involves a collection of behavioral actions
such as obstacle avoidance, aggregation, formation change, and formation maintenance.
Each action corresponds to a specific control method, with weights assigned to each action.
The basic idea is to first design and coordinate the behaviors and then adjust and sum
the weights of the behaviors to achieve the desired action set. In practical applications,
Cheung et al. [36] proposed a behavior-based architecture to mitigate the impact of external
disturbances on follower robots. They introduced a behavior manager that can create
multiple behaviors to form a convoy controller combination, enabling the robot formation
to maintain its movement even when subjected to disruptive attacks, thereby improving
the robustness of the mobile robot team. Chen et al. [37] introduced a behavior-based
decision-making path planning method, achieving behavior-based formation control and
optimizing the diving paths of underwater robots to save energy and improve task ef-
ficiency. Table 2 compares the advantages and disadvantages of the above methods for
collaborative formation control.

Table 2. Comparison of formation methods.

Type of Formation Methods Advantages Disadvantages

Leader–Follower Method Simple formation control structure,
easy to implement Highly dependent on the leader

Virtual Structure Method
Clear formation feedback, easy to

determine and maintain
formation behavior

Restricted in flexibility and
adaptability, especially in case of

obstacle avoidance

Behavior-Based Formation Method Strong adaptability, better handle
collision avoidance issues

Limited in clearly defining the
overall behavior of the formation
system, leading to lower stability

As shown in Table 2, the virtual structure method views the formation as a rigid
structure, providing clear formation feedback and making it easy to maintain formation.
However, since the formation must constantly maintain the same rigid structure, it lacks
flexibility and adaptability, and there are certain limitations in the process of obstacle
avoidance. This leads to the relatively limited application of the virtual structure method
in multi-robot formation control. The advantage of the behavior-based formation method
is that it allows for easier implementation of distributed control, and the system is more
adaptable, effectively addressing collision avoidance issues. Additionally, the formation
can achieve feedback through the perception between robots. However, the integration of
behaviors in this method is complex, and the basic local behaviors for a robot to achieve
a specified formation are difficult to design, which makes ensuring the stability of forma-
tion control hard. Therefore, this method is also rarely used in engineering applications.
The leader–follower method, being the most commonly used formation control method,
although highly dependent on the leader, has a simple control structure and is easy to im-
plement. In this formation, the leader’s desired path is set, and the followers simply follow
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the leader with a predetermined positional offset to maintain the formation. Among the
three mainstream formation control strategies, each presents distinct engineering trade-offs:

� The leader–follower approach is easy to implement and highly effective in environ-
ments with clear navigation paths but is susceptible to leader failure and communica-
tion delays, making robustness a key concern.

� The virtual structure method ensures rigid formation and accurate coordination but
suffers from high computational overhead and limited scalability in complex or
crowded construction sites.

� Behavior-based control offers better fault tolerance and flexibility in dynamic environ-
ments but may lack formation stability and requires fine-tuned behavior rules.

Considering the semi-structured nature of most construction sites, the leader–follower
model offers a practical compromise between control simplicity, system scalability, and
formation robustness.

2.3. Summary of Current Research

As for path planning algorithms of construction robots, they can currently be divided
into global and local path planning algorithms. For mobile robots applied in construction
scenarios, global path planning algorithms such as A* algorithm, Dijkstra algorithm, and
Ant Colony algorithm are generally used. Among these algorithms, the A* algorithm is
particularly suitable for path planning in complex environments due to its faster and more
efficient search process. It can also ensure the optimality of the path, even when there are
static obstacles available.

In terms of collaborative formation methods for robots, the widely used methods in-
clude the leader–follower method, virtual structure method, and behavior-based formation
method. However, since the latter two methods have limitations in engineering applica-
tions, such as flexibility and stability limitations, this study adopts the leader–follower
method, which is easier to implement in construction scenarios.

Despite extensive applications of classical A* algorithm and its variants in robotics,
few studies in the construction domain address the unique challenges of multi-robot
coordination in cluttered and fragmented environments. To bridge this gap, we adopt a
leader–follower formation strategy integrated with an improved A* algorithm that accounts
for obstacle density and path smoothness. This approach directly responds to the need for
scalable and efficient path planning in real-world construction scenarios by developing
a collaborative path planning method for construction robots. The leader robot in the
construction robot group uses an improved A* algorithm to plan a smooth path that avoids
obstacles, while the follower robots in the group uses the leader–follower method to follow
the path. This approach aims to validate the feasibility and applicability of construction
robots working on building construction sites.

3. Methodology

This section outlines the methodology employed for analyzing and optimizing the
collaborative work of construction robots. First, a detailed examination of collaborative
building work scenarios for different types of robots is conducted, highlighting how these
robots interact within specific construction environments. The process continues with
the formalization of a work map, which is essential for enabling construction robots to
navigate and perform tasks within a defined workspace. Finally, the proposed method
integrates path planning and obstacle avoidance techniques, with an improved A* algo-
rithm to enhance the robots’ ability to efficiently navigate complex environments. The
methodology also incorporates a leader–follower approach for coordinating multiple robots
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in a collaborative setting, ensuring smooth operation and formation maintenance during
construction tasks.

3.1. Analysis of Collaborative Work Scenarios for Construction Robots

To use specific construction robots for particular tasks, it is essential not only to select
the appropriate type of robot but also to consider the work scenarios in which they will
operate. Currently, various types of building construction robots are available on the
market, including intelligent follow-up concrete placing robots for concrete construction,
floor leveling robots, and floor finishing robots [38]; mortar spraying robots for secondary
structure construction [39], block transport robots [40], and bricklaying robots [6]; as well as
decoration robots such as putty coating robots, wallpaper laying robots, and wall tile laying
robots [41]. While many construction robots have already been commercially deployed,
the problem of collaborative work among construction robots requires specific robot combi-
nations to form a group that can work together to complete building construction tasks.
The work scenarios for these robots primarily include the following:

Collaborative Work Scenarios for Two Construction Robots: The collaboration between
two construction robots is primarily applied to standard floor concrete construction and
indoor wall and floor tile installation. For standard floor concrete construction, a floor lev-
eling robot and a floor finishing robot typically work together in collaboration to complete
the task. For indoor wall and floor tile installation, a wall tile laying robot and a floor tile
laying robot collaborate with a block transport robot to perform the construction tasks.

Collaborative Work Scenarios for Three Construction Robots: Collaboration among
three construction robots is typically applied to tasks that are more complex and involve
multiple construction processes. Current scenarios where three construction robots work
together include standard floor masonry construction and interior decorative coating spray-
ing. Standard floor masonry construction involves collaboration between a block transport
robot, a mortar spraying robot, and a bricklaying robot. The block transport robot handles
material transportation, while the mortar spraying and bricklaying robots perform the
masonry work. Interior decorative coating spraying involves collaboration between putty
decoration and finishing robots, and an indoor spraying robot. The putty decoration and
finishing robots first complete the basic puttying tasks, after which the indoor spraying
robot applies the corresponding paint to finish the interior wall decoration.

3.2. Formalization of Robots’ Work Map

To enable construction robots to operate in a specific building working environment,
the environment needs to be converted into a work map for the robots, allowing them
to recognize and navigate it. In the field of robotics, there are three main types of map
representations: metric, topological, and semantic maps [42]. For mobile construction
robots, the most commonly used map type is metric maps, specifically the grid type. Due
to its model simplicity and the uniqueness of its positional representation, grid maps are
frequently used in path planning. A grid map divides the entire environment into several
equally sized grids, and different representations are assigned to each grid based on the
presence of obstacles. The advantage of using grid maps for path planning is that it allows
the map to be drawn with sufficiently fine grids, enabling the representation of contours
of arbitrary shapes [43]. Path planning based on grid maps can be performed in three
directions—horizontal, vertical, and diagonal—allowing the robot to follow the planned
path precisely. The steps to map the building construction site environment and build a
grid map are shown in Figure 3:

� Step 1: Collect building blueprint information to determine the geometry and location
of each floor of the building.
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� Step 2: Use Building Information Modeling (BIM) technology to draw the building’s
geometric and locational information diagram and create the construction robot’s
working environment model.

� Step 3: Set the grid plane parameters and mapping rules based on the construction
robot’s working environment model.

� Step 4: Complete the actual mapping of the work map based on the grid map and
mapping rules, thus obtaining the construction robot’s working grid map.

Figure 3. Formalization of building’s grid map.

In step 3, the mapping rules are primarily as follows: The white areas in the grid map
are defined as free grids, indicating obstacle-free regions, while the areas with obstacles
are represented by black grids, which indicate regions where the robot cannot pass. To
facilitate understanding by computers, this environmental information is represented using
a 0–1 matrix. A 0 represents free space, and a 1 represents an obstacle space.

3.3. Path Planning and Obstacle Avoidance for the Leader Robot Based on A* Algorithm

In building construction site operations, it is essential to ensure that the construction
robots select a reasonable and effective path. Based on global path planning, the path
must be optimized according to the site’s environment, allowing the construction robots to
effectively avoid obstacles while selecting the shortest operational path.

Traditional A* Algorithm: for path planning in the construction industry, typically
in static environments, the A* algorithm not only provides the shortest path but also
ensures high search efficiency. The A* algorithm performs a directional search, utilizing
the evaluation function in Formula (1) to calculate the distance from each node to the
destination, thereby determining whether the node can be part of the shortest path.

f (n) = g(n) + h(n) (1)

where f (n) is the estimated distance from the initial node to the target node through node
N, g(n) represents the actual distance from the initial node to node N in the state space, and
h(n) is the estimated distance from node N to the target node along the optimal path.

For the A* algorithm to guarantee optimality, the key lies in the selection of h(n). If
h(n) represents the estimated distance from node N to the target node, then h∗(n) is the
actual distance from node N to the target node. The strength of the heuristic function is
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measured by how closely h(n) approximates h∗(n). Ideally, h(n) ≤ h∗(n), and the more
heuristic information h(n) contains, the closer it will be to h∗(n), resulting in a more
optimal path.

Improved A* Algorithm for Path Planning and Obstacle Avoidance: While the traditional
A* algorithm performs well in many cases, it also has certain limitations. In building
construction sites, where numerous obstacles may exist, using the traditional A* algorithm
for path planning may result in a locally optimal solution, making it unable to effectively
address obstacle avoidance.

To adapt to the practical requirements of construction site operations, this study
incorporates obstacle considerations into the path planning process. The algorithm is
designed to favor paths with fewer obstacles during the search process. Dynamic weights
are introduced into the evaluation function, factoring in the proportion of obstacles between
the starting node and the target node. By incorporating an obstacle rate, the influence of
the heuristic weight can be adjusted, encouraging the algorithm to prioritize paths with
fewer obstacles. The modified evaluation function, i.e., f′(n), derived based on the above
improvement approach, is as follows:

f ′(n) = g(n) + e(q×p) × h(n) (2)

where ex is the exponential function in mathematics, and q represents the influence of the
obstacle rate on the weight of the heuristic factor. This parameter adjusts the impact of
obstacle density on the heuristic function. To guide the algorithm towards regions with
fewer obstacles, a larger q value increases the impact of obstacles on path selection. If the
path contains more obstacles, the heuristic function h(n) is multiplied by a larger weight,
prompting the algorithm to choose paths with fewer obstacles.

The value of q is experimentally adjusted within a given environment. Typically,
q is adjusted within a range of 1 to 10, and the optimal value for a specific environment
is identified through iterative fine-tuning based on experimental results. To tune the
dynamic weight parameter q in the heuristic function, we conducted empirical testing
within a reasonable interval. If q is too small (e.g., approaching 0), the obstacle density
term becomes insignificant, causing the algorithm to degenerate into the standard A*
without improvements. Conversely, an excessively large q (e.g., greater than 10) leads to
overly conservative planning, resulting in unnecessarily long detours or increased planning
failures in dense environments. Therefore, we adopted a common tuning range of q ∈ [1,10],
which balances global optimality and obstacle avoidance. Through simulation trials, we
found that q = 5 produced the most effective results in terms of smoothness, path length,
and planning success rate. This value was thus used in our implementation.

The parameter p represents the obstacle rate between the current and target node,
calculated using Formula (3). In the local grid map between the current and target
node, the number of obstacle grids is denoted as O. The current node’s coordinates are
(xn, yn), and the target node’s coordinates are (xg, yg). When calculating the distance in each
direction, one is added to ensure that the path length is not zero and to maintain stability in
the calculations.

p = O
(|xn−xg|+1)(|yn−yg|+1)

, p ∈ (0, 1) (3)

Path Improvement: The traditional A* algorithm often results in paths with excessive
turning and redundant nodes. To address this issue, this study proposes a key node
extraction method to filter out redundant nodes from the A* algorithm’s planned path. This
approach shortens the path length, reduces turning nodes, and makes the overall working
path smoother, thereby improving the operational efficiency of construction robots. The
optimization steps are as follows:
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� Obtain the complete set of nodes U = {Pi|1 ≤ I ≤ n} from the A* algorithm’s planned
path, where P1 represents the starting node and Pn represents the end node of the
path. Create an initial key node set V = {P1, Pn}, which initially includes only the
starting and ending nodes of the path and is used to store the optimized key nodes.

� Starting from P1, draw a straight line connecting the nodes sequentially in U, i.e., P2,
P3, . . ., Pi, and check if the straight line P1Pi intersects any obstacles:

� If the line P1Pi does intersect an obstacle, the node Pi−1 is deemed a critical node and
a necessary turning node in the path and is added to the set V.

� If the line P1Pi does not intersect any obstacles, nodes P2, . . ., Pi−1 are considered
redundant. Continue extending the line from Pi to subsequent nodes in U until it
reaches the end node Pn, adding all identified key nodes to V.

� After selecting the key nodes, the set V contains all critical nodes. Sequentially connect
all nodes in V to globally optimize the path, i.e., remove redundant nodes and smooth
the planned path.

3.4. Path Planning for Collaborative Construction Robot Groups

The leader robot uses the A* algorithm for path planning and obstacle avoidance. On
this basis, the leader–follower approach is introduced to control the collaborative formation
of the construction robot group. The follower robots follow the leader robot and actively
avoid obstacles. This approach enables the robot group to follow the leader robot along
a defined path while maintaining a specific formation, ensuring orderliness during the
construction process. The leader robot employs the Improved A* Algorithm for global path
planning, generating a reference path for the construction robot group. Based on the
real-time positioning of the leader robot and the desired formation, the relative distance
and angle of each follower robot to the leader are used to calculate the position of the
virtual leader robot. The position of the virtual leader is then transmitted to the corre-
sponding follower robot as a target node, guiding each follower robot to move toward its
respective target.

The model of the leader robot in the global coordinate system is shown in Figure 4, where

� The global coordinate system is represented by X–O–Y.
� The local coordinate system of the leader robot is represented by XL–OL–YL.
� The position of the leader robot in the global coordinate system is defined as

(xL, yL, θL), where
� xL, yL are the coordinates of the leader robot in the global coordinate system;
� θL is the angle between the orientation of the leader robot and the X-axis in the global

coordinate system.
� The velocity vector of the leader robot in the global coordinate system is expressed

as [44].

⎡⎢⎣
.
x
.
y
.
θ

⎤⎥⎦ =

⎡⎢⎣cosθL −sinθL 0
sinθL cosθL 0

0 0 1

⎤⎥⎦
⎡⎢⎣vx

vy

ω

⎤⎥⎦ (4)

where
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Figure 4. Mathematical model of the leader robot.

�
.
x,

.
y, and

.
θ represent the leader robot’s linear velocities in the x and y directions and

angular velocity in the global coordinate system;
� vx, vy, and ω represent the leader robot’s linear velocities in the x and y directions and

angular velocity in the local coordinate system.

As shown in Figure 5, assume the position of the follower robot is (xF, yF, θF). Based
on the formation requirements, let the position of the virtual leader be (xV, yV, θV). The
expected distance between the virtual leader and the leader robot is LL−F, and the expected
angle is ϕL−F. Using the expected distance and angle, the position of the virtual leader in
the global coordinate system can be expressed as⎧⎪⎨⎪⎩

xV = xL + LL−Fcos(ϕL−F + θL)

yV = yL + LL−Fsin(ϕL−F + θL)

θV = θL

(5)

Figure 5. Mathematical model of the follower robot.

The proposed objective is to ensure that the position of the follower converges to that
of the virtual leader robot. In other words, the follower’s final destination should align with
the virtual leader robot’s position, rather than the position of the leader robot. Therefore,
the position error function is constructed as follows:⎧⎪⎨⎪⎩

xd = xV − xF

yd = yV − yF

θd = θV − θF

(6)
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where xd, yd, and θd represent the position error between the virtual leader and the follower
robot in the global coordinate system. Using a transformation matrix, the position error
in the global coordinate system can be converted into the local coordinate system of the
follower robot as follows: ⎡⎢⎣dx

dy

dθ

⎤⎥⎦ =

⎡⎢⎣ cosθF sinθF 0
−sinθF cosθF 0

0 0 1

⎤⎥⎦
⎡⎢⎣xd

yd

θd

⎤⎥⎦ (7)

where dx, dy, and dθ represent the position error between the virtual leader and the follower
robot in the local coordinate system of the follower robot. Substituting Formula (5) into
Formula (6) and simplifying, the error function in the follower robot’s local coordinate
system can be expressed as⎡⎢⎣dx

dy

dθ

⎤⎥⎦ =

⎡⎢⎣cosθF(xV − xF) + sinθF(yV − yF)

sinθF(xV − xF) + cosθF(yV − yF)

θV − θF

⎤⎥⎦ (8)

Substituting the position formula of the virtual leader robot in the global coordi-
nate system into the error function in the local coordinate system, i.e., Formula (5) into
Formula (8), and differentiating Formula (8) yields⎧⎪⎨⎪⎩

.
dx = vLcosdθ + ωFdy − vF − ωLLL−F sin(ϕL−F + dθ).

dy = vL − ωFdx + ωLLL−Fcos(ϕL−F + dθ).
dθ = ωV − ωF

(9)

As can be seen from Formula (9), the robot formation control problem is transformed
into a trajectory tracking problem for the follower robot relative to the virtual leader robot.
When the error is minimized, the follower robot converges to the position of the virtual
leader. At this point, the follower robot moves to the virtual leader’s position using the
optimal linear and angular velocities computed, thus completing the formation of the
robot group.

4. Case Studies

This study uses masonry work on the standard floor of a building construction project
as the tested collaborative work scenario for construction robots, a widely adopted and
mature application scenario in the domain. The masonry construction scenario was selected
as the case study due to its representative characteristics. First, the task involves repetitive
block transport, mortar spraying, and bricklaying, which facilitates the measurement
and control of robotic behaviors. Second, masonry sites typically include a cluttered
and semi-structured environment, with common construction obstacles such as stacked
bricks, scaffolding, and temporary barriers. Lastly, masonry tasks inherently require multi-
robot collaboration, as the supply of materials must be coordinated with the bricklaying
operation. These features make masonry an ideal and challenging scenario to evaluate the
effectiveness of coordinated robot path planning in real-world conditions.

The selected robots include a block transport robot, a mortar spraying robot, and
a bricklaying robot to perform path planning for the masonry task collaboratively. The
masonry work that the construction robots need to complete is highlighted within the red
frame in the BIM model shown in Figure 6, where the work environment contains various
obstacles of different sizes.
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Figure 6. BIM model and grid conversion environment for the construction robot.

Figure 6 shows the grid transformation of the BIM model, where the environmental
information is represented by black-and-white grid cells. The blank grids are referred
to as free grids, indicating areas without obstacles where the robot can pass through,
while the black grids represent obstacle grids, indicating areas with obstacles that the
construction robot cannot pass through. Figure 7 converts the environmental information
into a computer-readable language represented by a 0–1 matrix. In this matrix, 1 represents
an obstacle-occupied space, which the robot cannot pass, while 0 represents a free space,
where the robot can move freely.

 
Figure 7. Grid map conversion to 0–1 matrix.
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4.1. A* Algorithm-Based Path Planning and Obstacle Avoidance Model for the Leader Robot

An improved A* algorithm is employed for path planning to enable the leader robot to
find an optimal work path. The planning process is presented in Figure 8. The starting node
A is set at coordinates (11, 3), and the end node B is set at coordinates (45, 26), corresponding
to the location of the wall construction task in as discussed in Section 4.2. The improved A*
algorithm is implemented for path planning simulation using MATLAB (Version R2022b).

 

Figure 8. The proposed path planning process.
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This study improves the A* algorithm. The leader robot uses the improved A* algo-
rithm for global path planning based on the path planning process, resulting in an optimal
global path that avoids obstacles to the greatest extent. The evaluation function of the
improved A* algorithm used in the path planning experiment is as follows:

f(n) = g(n) + e(5×p) × h(n) (10)

The obstacle rate p is determined jointly by the obstacle environment in Figure 9 and
Formula (3). To match the real construction environment, the influence value q of the
obstacle rate on the heuristic factor weight is adjusted within the range of 1 to 10 in the
environment provided in Figure 9. Given the presence of a certain number of obstacles
in the environment and to better balance the path length and safety in the improved A*
algorithm, a middle value of q (i.e., q = 5) is chosen, which results in an ideal effect.

Figure 9. The key nodes and improved path.

After the algorithm finds the path, to simplify and smoothen the path, key nodes are
identified and redundant nodes are removed, thus obtaining the optimal path. The set
V is used to store the key nodes in the path, and the coordinates of the key nodes of the
optimized path are presented in Table 3.

Table 3. Key node coordinates.

Key Node Horizontal Coordinate Value Vertical Coordinate Value

P1 (Star Node) 11 3
P2 16 9
P3 30 21
P4 30 22
P5 39 26

P6 (End Node) 45 26

The nodes in key node set V are indicated in red in Figure 9. After constructing the key
node set, the key nodes are sequentially connected from the starting node. The resulting
smooth curve is the planned optimal path, which is a work path for the leader robot that
avoids obstacles and is smoother. As shown in Figure 9, the construction robot starts
from the doorway and, during while approaching the work area, effectively avoids the
obstacle-dense areas in the working environment. The planned path using the improved

108



Buildings 2025, 15, 3876

A* algorithm avoids obstacles and maintains a smooth path, making the work process safer
and more efficient.

4.2. Collaborative Path Planning for a Group of Construction Robots

In this case, the mortar spraying robot acts as the leader robot, while the bricklay-
ing and block transport robots function as Followers 1 and 2, respectively. After the
leader robot uses the improved A* algorithm for path planning, the followers, under the
leader–follower control strategy, follow the leader while maintaining a specific formation
to perform collaborative tasks. The starting node of the leader robot is A with coordinates
(11, 3), and the end node B is at coordinates (45, 26). The initial heading angle of the leader
robot is set as θL = π/4, so the leader robot’s position is (11, 3, π/4). The distance from the
leader robot to the followers is set as L(L-F) = 2, with the initial angles ϕ(L-F) set to π/2 and
3π/4, respectively. Therefore, the initial positions of follower robots C and D are (9, 3, π/4)
and (11, 1, π/4), respectively. The relevant parameters for the simulation are set as listed in
Table 4. The simulation process is shown in Figure 10.

Table 4. Experimental parameters.

Parameter Types Value

Initial heading angle of the leader robot θL π/4
Initial heading angle of the follower robot θF π/4

Desired distance between the leader and the followers LL−F 2 m
Initial angle between the leader and follower ϕL−F π/2
Initial angle between the leader and follower ϕL−F 3π/4

Maximum linear velocity of the robot 0.7 m/s
Minimum linear velocity of the robot 0 m/s

Maximum linear acceleration of the robot 0.4 m/s2

Minimum linear acceleration of the robot 0 m/s2

Figure 10. Path planning for collaborative operation of robot group based on leader–follower
approach. (a) The starting nodes of the leader, Follower 1 and 2 robots (b) The paths generated for
the leader, Follower 1 and 2 robots.

During operation, to maintain the formation, the follower robots are guided by a
virtual leader. The virtual leader maintains a constant distance LL−F = 2 from the leader
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robot while guiding its movement. The follower robots utilize the error optimization
function, as shown in Formula (5), to minimize the error, allowing the follower robots to
converge at the position of the virtual leader. At this point, the follower robots calculate
the optimal linear and angular velocities to move to the position of the virtual leader, as
shown in Figure 11, thus completing the collaborative formation path planning task for the
robot group.

Figure 11. The main obstacle areas of the robot group working path.

4.3. Discussion

The changes in the heading angles of the leader and follower robots are shown in
Figure 10. The three construction robots start from the initial position with a heading angle
θ = π/4. During movement, Follower 2 first reaches the obstacle area (1). To avoid the wall
on the right side of the obstacle area (1), Follower 2 adjusts its angle to achieve obstacle
avoidance. Simultaneously, to maintain the formation of the robot group, Follower 1 also
adjusts its angle accordingly. From the start node to the end node, due to the presence of
multiple obstacles in the environment, the follower robots (Followers 1 and 2) continuously
adjust their heading angles by a certain magnitude to ensure that the leader robot operates
along the optimal path while maintaining formation. After passing the obstacle area (1),
the heading angle changes for both the leader and follower robots, gradually stabilizes,
and becomes smoother.

As the leader robot moves along the planned optimal path, which avoids obstacle-
dense areas and is relatively smooth, the overall change in its heading angle is small,
with a significant heading angle adjustment only occurring near the obstacle area (2).
In contrast, the two follower robots, while maintaining a fixed formation and avoiding
obstacles, experience more frequent heading angle adjustments throughout the movement.
However, as the number of obstacles decreases or after passing the obstacle area (3) and
nearing the end node, the variations in heading angle of the follower robots gradually
decrease, eventually stabilizing and converging to a fixed value as they reach the end node
and complete the motion. This indicates that even when encountering obstacles, the robot
group can maintain a consistent working angle throughout the collaborative operation,
ultimately reaching the target position efficiently and effectively.
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The variation in the distance between the robot group and the leader robot during
movement is shown in Figures 12 and 13. At the start of the motion, the leader and
follower robots maintain the desired distance L(L−F) = 2. During the movement, when
the follower robots encounter obstacles, their distances from the leader robot fluctuate to
varying degrees. In obstacle-dense areas, the fluctuation in distance between the follower
robots and the leader robot is more pronounced. Once the robots move away from the
obstacles, the fluctuation in distance gradually stabilizes, eventually returning to the
initially set desired distance L(L−F) = 2 at the end node. This demonstrates that during
collaborative operation, even when obstacles are encountered, the distance between the
leader and the follower robots may experience variation. Nevertheless, the robot group
can maintain a consistent distance throughout the operation, ultimately reaching the target
position effectively.

(a) 

 
(b) 

Figure 12. Changes in the heading angles of the leader and follower robots. (a) Changes in the
heading angle between Follower 1 and Leader. (b) Changes in the heading angle between Follower 2
and Leader.
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Figure 13. The variation in distance L between the leader and follower robots.

In summary, applying this leader–follower algorithm, after setting the initial heading
angle and desired distance between the leader robot and the follower robots, the follower
robots may temporarily deviate in angle and distance during operation due to obstacle
avoidance. However, after passing through obstacles, the follower robots and the leader
robot can return to the initially set heading angle and distance to continue moving. Similarly,
when the position of the leader robot changes, both follower robots can make appropriate
position adjustments to maintain the formation. Ultimately, the robots converge to the
designated positions with a specific angle and distance.

While this study focuses primarily on planning efficiency, path smoothness, and
successful task completion rate, it does not incorporate additional performance indicators
such as energy consumption, communication overhead, or robustness under dynamic
obstacles. These dimensions will be explored in future studies to enhance the practical
applicability of the proposed system.

This framework provides a feasible pathway for enabling collaborative operations
in construction environments, addressing the limitations of traditional single-robot de-
ployment. From a theoretical perspective, the proposed method contributes to the body
of knowledge on multi-agent systems by operationalizing leader–follower dynamics in
semi-structured, obstacle-rich environments such as construction sites. This study also
supports the integration of decentralized coordination and modular formation control into
the robotics-in-construction paradigm.

In terms of practical implications, the reduced path variation, shorter planning time,
and higher task success rates imply enhanced productivity and operational safety. While
quantitative cost data were not collected in this study, the use of automated coordination
among robots holds promise for reducing labor dependence and minimizing rework,
especially in repetitive masonry tasks. This aligns with current industry trends toward
automation under labor shortages.

Despite these contributions, certain limitations must be acknowledged. The method
relies on accurate obstacle mapping and assumes static obstacle conditions. In highly
dynamic environments, real-time perception and replanning capabilities would be nec-
essary to ensure robustness. Additionally, the leader–follower model, while effective for
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coordination, may face challenges in scalability and flexibility when applied to larger, more
heterogeneous robot teams. Future work will focus on addressing these challenges by
incorporating adaptive formation strategies and dynamic reconfiguration mechanisms.

4.4. Verification

To verify that the proposed on-site collaborative path planning for construction robots
conformed to those in practical engineering applications, this study invited four experts
(with an average of eight years of experience) to evaluate the proposed method. A grid map
containing obstacles, obtained through environmental mapping, was provided to them.
Under the condition of predefined start and end node locations, the participants were asked
to manually plan a path on the provided grid map. The results of the manual path planning
were compared with those generated based on the improved A* algorithm proposed in
this study. A fitting analysis was conducted to compare the coordinate variations in the
manually optimized path and the one generated by the proposed method (Figure 14).

R2 = 1 − RSS
TSS

(11)

RSS =
6

∑
1

(
yi − ys

)2 (12)

TSS =
6

∑
1
(yi − y)2 (13)

 

Figure 14. Coordinate variations for the paths generated using the proposed method and manually.

To analyze the degree of fit between the manual results and the one generated by the
proposed method, this study uses the coefficient of determination R2 for evaluation. This
metric is widely used to measure the degree of difference between predicted and actual
values [45].

Here, yi represents the i-th vertical coordinate of the key nodes in the path planned
by the technicians, and y is the mean of the vertical coordinates of the key nodes in the
manually planned path. ys represents the i-th vertical coordinate of the key nodes in the
path generated from the proposed method. The R2 value, calculated using Formula (10), is
used to evaluate the fit between the manually planned paths and those generated using
the proposed method. The Total Sum of Squares (TSS) represents the sum of the squared
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differences between the dependent variable and its mean. The Residual Sum of Squares
(RSS) represents the sum of the squared differences between the values generated using
the proposed method and the dependent variable. The closer the R2 value is to 1, the better
the fit. Conversely, an R2 value closer to 0 or negative indicates a poor fit.

To simplify calculations and balance precision with efficiency, this study substitutes
the coordinates of the selected key nodes from the proposed method (Figure 11) and the
corresponding node coordinates obtained manually (Figure 14) into Formulas (11) and
(12) for the calculation of R2. The fitting results are shown in Table 5. The goodness-of-fit
values between the paths planned by the four experts based on their experience and the
ones from the proposed method are approximately between 0.7 and 0.9. This indicates that
the collaborative path planning for construction robots meets the requirements of actual
construction site operations, demonstrating a certain degree of conformity.

Table 5. Path goodness-of-fit calculation.

Investigator TSS RSS R2

Expert 1 415 64 0.84
Expert 2 414 35 0.91
Expert 3 452 104 0.77
Expert 4 444 84 0.81

Table 6 compares the average performance metrics between the path generated using
the proposed method and manually, including task completion time, path length, path
variation, and task success rate. The results show that collaborative path planning for
construction robots demonstrates more significant advantages. The optimal path planned
in the proposed method reduced planning time by nearly 10% compared to the manually
planned paths. The path generated by the proposed method not only exhibited smaller
variations and smoother transitions but also reduced path length by approximately 9%.
This demonstrates that the proposed method in this study can also effectively achieve
optimal values. Furthermore, a risk of collisions or near collisions exists in the manually
planned paths, resulting in a task success rate of approximately 75%, where the path
generated by the proposed method achieved a better result.

Table 6. Comparison between the simulated experimental path and the expert planned path.

Path Planning Method Planning Time (s) Path Length/m Path Variation Range Success Rate

The proposed method 547.7 22 Minor 100%
Manual method 604.9 24.3 Significant 75%

The path generated in the proposed method reduced planning time by nearly 10%
compared to the path planned by experts. Additionally, the path generated in the proposed
method exhibited smaller variations, greater smoothness, and an approximately 9% shorter
path length. These results indicate that the proposed method in this study can achieve a
better optimal level. Furthermore, due to the potential for collisions or near-collisions in
manual path planning for construction robots, the success rate of completing the assigned
task was smaller at approximately 75%. Although the validation involved four experts
with an average of eight years of construction experience, this qualitative approach was
adopted to ensure that the algorithmic path planning aligns with real-world operational
logic. Their evaluations helped confirm that the simulation results are not only computa-
tionally optimal but also practically feasible. Future studies will incorporate quantitative
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validation using multiple benchmarks and real-world robotic deployment scenarios to
enhance methodological robustness.

5. Conclusions

Addressing challenges such as limited automation, high dependency on manual labor,
and prolonged construction timelines in traditional processes, researchers have increasingly
focused on integrating construction robots to perform specific tasks. This approach not
only seeks to improve construction efficiency but also aims to enhance automation within
the industry, thereby offering innovative solutions for industry transformation. Beyond
individual robots, the introduction of robot groups into construction tasks offers a more
effective solution for handling complex, labor-intensive operations. This strategy signifi-
cantly reduces labor dependence, increases efficiency, standardizes processes, and lowers
overall construction costs. Additionally, the collaborative nature of robot groups ensures
better coordination, leading to safer, more streamlined construction operations.

This study primarily investigates the path planning challenges associated with the
collaborative operation of construction robot groups. By introducing an improved A*
algorithm for the path planning and obstacle avoidance of leader robots and employing
a leader–follower approach to guide the follower robots, this study offers a framework
for collaborative navigation. The developed solution enables construction robot groups
to autonomously identify and follow the safe and optimal paths within a construction
environment. This research makes contributions to the field of smart construction and
enhances the understanding of collaborative path planning and formation control for
multi-robot systems operating in building construction settings.

Theoretical Contribution: This work extends the classical A* algorithm by incorporating
obstacle density into the heuristic function and proposes a new node simplification strategy,
contributing to the literature on robot motion planning in semi-structured environments.

Methodological Contribution: The integration of BIM-based grid mapping with multi-
robot formation control demonstrates a systematic framework applicable to indoor masonry
scenarios, providing a replicable simulation-to-field workflow.

Practical Contribution: Comparative results reveal that the proposed method shortens
path length and reduces execution time by approximately 9–10% compared to expert-
defined paths and increases the task completion success rate from 75% to 100%, highlighting
practical advantages for labor-intensive and repetitive on-site tasks.

While this study demonstrates the feasibility and validity of collaborative path plan-
ning in simulated construction scenarios, several real-world constraints have not yet been
incorporated into the current framework. These include sensor measurement errors, real-
time communication latency between robots, and dynamic hazards such as unexpected
obstacle appearances or human interference. To address these challenges, future research
should aim to integrate robust perception technologies, such as millimeter-wave radar and
computer vision systems, to enhance environmental awareness and obstacle detection in
dynamic jobsite conditions. Additionally, incorporating these uncertainties into both simu-
lation and field experiments will enable the development of more resilient and deployable
planning frameworks for construction robotics. The application of artificial intelligence in
decision-making could further optimize robot collaboration, improving both operational
efficiency and autonomous capabilities on active construction sites.

The improved A* algorithm in this study focuses on minimizing global path length as
a key indicator of efficiency; we acknowledge that this metric alone does not fully represent
real-world task performance. In practical construction settings, the total task completion
time is influenced by additional factors such as the robot’s acceleration and deceleration
profiles, turning angles, and the logical sequence of construction tasks. Future studies
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should therefore consider a multi-objective optimization framework that incorporates these
temporal and kinematic constraints to better reflect real-world operational demands.

This study is involved in the ongoing development of more intelligent, automated
construction processes, with potential implications for improving productivity, safety, and
sustainability within the construction industry.
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Abstract

This paper proposes a hybrid integer optimization method based on the Whale Optimiza-
tion Algorithm (WOA) for the asymmetric central air conditioning chiller system of a 530-m
super high-rise building in Guangzhou. Firstly, a three-hidden-layer multilayer percep-
tron (MLP) chiller model based on 16,276 sets of measured data and a gradient boosting
regression cooling tower model based on 21,369 sets of operating condition data were
constructed, achieving high-precision modeling of the energy consumption of all equip-
ment in the chiller system. Secondly, a hybrid encoding strategy of “threshold truncation
+ continuous relaxation” was proposed to integrate discrete on-off states and continuous
operating parameters into WOA, and a three-layer constraint repair mechanism was de-
signed to ensure the physical feasibility of the optimization process and the safe operation
of equipment. Verification across three load scenarios—low, medium, and high—showed
that the optimized system’s energy efficiency ratio (EER) increased by 15.01%, 12.61%, and
11.86%, respectively, with energy savings of 12.91%, 11.18%, and 10.58%. The annual rolling
optimization results showed that the average EER increased from 5.07 to 5.88 (16.1%), with
energy savings ranging from 8.59% to 18.92%. Sensitivity analysis indicated that pump
quantity is the most influential parameter affecting system energy consumption, with an
additional pump reducing it by 1.1%. The optimization method proposed in this paper
meets the minute-level real-time scheduling requirements of building automation systems
and provides an implementable solution for energy-saving optimization of central air
conditioning chiller systems in super high-rise buildings.

Keywords: central air conditioning chiller system; asymmetric configuration; hybrid
integer optimization; Whale Optimization Algorithm; real-time scheduling; energy-saving
optimization

1. Introduction

Central air-conditioning systems are the largest energy consumers in modern build-
ings, accounting for over 50% of a building’s total energy use [1,2]. The central air-
conditioning cooling source system includes chillers, chilled-water pumps, cooling-water
pumps, and cooling towers, among others. Its energy consumption accounts for more
than half of the total energy consumption of the central air-conditioning system. Therefore,
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optimizing the operation of the central air-conditioning cooling source system is the key to
energy conservation in buildings.

Scholars both at home and abroad have conducted extensive research on energy-saving
and efficiency improvement of central air-conditioning cooling source systems. Genetic
algorithm and particle swarm optimization are the two most widely used intelligent al-
gorithms. Chan et al. [3] used artificial neural networks to predict outdoor temperature,
load, and chiller energy consumption, and to optimize the operating parameters of re-
frigeration plant equipment based on the particle swarm optimization algorithm. After
optimization, the system performance coefficient increased by about 8.6%, and the total
energy consumption decreased by about 7.9%. Wang et al. [4] proposed a hybrid optimiza-
tion method combining PSO with association rules to distribute chiller loads, achieving
a 12.5% reduction in total chiller energy consumption during the test day. Parouha &
Verma [5] provide a systematic overview of recent advances in differential evolution and
PSO, demonstrating that hybrid variants achieve faster convergence and better global
search when optimizing HVAC systems. Similarly, Tian et al. [6] applied an improved
DQN to central air-conditioning systems and achieved stable energy-saving control under
large action-space conditions. The improved sparrow search algorithm was applied to
the optimal chiller loading problem, and its advantages, such as greater energy savings,
faster convergence, shorter running time, and improved robustness, were verified through
experimental simulations [7]. The improved flower pollination algorithm is recommended
for optimal chiller loading in multi-chiller air conditioning systems, particularly when
higher robustness is required, even with a slightly reduced convergence rate [8].

In summary, optimizing the operating parameters of the central air-conditioning
cooling source system has profound significance for energy conservation in buildings.
Among emerging swarm intelligence algorithms, the whale optimization algorithm [9] has
a simple structure, easy implementation, fewer parameters, and strong search ability. It
is a powerful tool for solving complex engineering optimization problems and has been
widely applied in fields such as low-carbon economic operation optimization of integrated
energy systems [10], microgrid optimization [11], and bi-level planning of distributed
power sources [12]. Therefore, this paper takes the central air-conditioning cooling source
system of a super high-rise building in Guangzhou with an asymmetric configuration
(1 small + 4 large chillers) as the object, constructs a mixed-integer optimization model
considering load-equipment capacity matching, proposes an improved WOA strategy
with collaborative encoding of discrete and continuous variables, verifies the energy-
saving effect through three load scenarios of low, medium, and high, and further conducts
parameter sensitivity analysis, aiming to distill implementable operation optimization
methods and guidelines.

The remainder of this paper is organized as follows: Section 2 presents the models
and problem formulation; Section 3 details the WOA with hybrid encoding; Section 4 offers
the load analysis and case studies; Section 5 provides the algorithm comparisons and
sensitivity analysis; and Section 6 concludes the work.

2. System Modeling and Problem Formulation

2.1. Project Overview

The research object is a 530 m tall super high-rise building in Guangzhou, with a total
floor area of approximately 350,000 m2. It functions as a large-scale international complex
integrating high-end shopping malls, Grade A office spaces, serviced apartments, and
luxury hotels.

As shown in Figure 1, this central air-conditioning cold-source system consists of
5 chillers, 5 chilled-water pumps, 5 cooling-water pumps, and 9 cooling towers. The main
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technical parameters for each piece of equipment (manufacturers: York for chillers, Wilo
for pumps, EVAPCO for cooling towers) are summarized in Table 1.

Figure 1. Schematic diagram of the central air-conditioning cold source system.

Table 1. Main technical parameters of each equipment in the cold source system.

Equipment Type Key Technical Parameters Data Sources

Chiller 1

Chilled water: 7 ◦C (inlet), 12 ◦C (outlet); Cooling
water: 31 ◦C (inlet), 36 ◦C (outlet); Capacity: 4922 kW;
Power: 859.4 kW; IPLV: 9.775; EER: 5.727; Chilled
water flow: 844.9 m3/h; Cooling water flow:
988.9 m3/h; Chilled water pressure drop: 65.6 kPa;
Cooling water pressure drop: 63.9 kPa

York Manufacturer’s Technical Manual for
Chiller Model YKQ5Q1K25DBH

Chillers 2–5

Chilled water: 7 ◦C (inlet), 12 ◦C (outlet); Cooling
water: 31 ◦C (inlet), 36 ◦C (outlet); Capacity: 8439 kW;
Power: 1377 kW; IPLV: 7.504; EER: 6.13; Chilled water
flow: 1448.6 m3/h; Cooling water flow: 1688.4 m3/h;
Chilled water pressure drop: 78.4 kPa; Cooling water
pressure drop: 71.4 kPa

York Manufacturer’s Technical Manual for
Chiller Model YKV8W6K45DJH

Chilled Water Pump 1 Power: 110 kW; Head: 38 m; Flow rate: 847 m3/h
WiLO Manufacturer’s Technical Manual for
Pump Model SCH250/360-110/4

Chilled Water Pumps 2–5 Power: 200 kW; Head: 38 m; Flow rate: 1452 m3/h
WiLO Manufacturer’s Technical Manual for
Pump Model SCH300/430-200/4

Cooling Water Pump 1 Power: 110 kW; Head: 26 m; Flow rate: 1094 m3/h
WiLO Manufacturer’s Technical Manual for
Pump Model SCH250/380-110/4

Cooling Water Pumps 2–5 Power: 200 kW; Head: 26 m; Flow rate: 1861.75 m3/h
WiLO Manufacturer’s Technical Manual for
Pump Model SCH300/430-200/4

Cooling Towers 1–9
Power: 37 kW; Hot water temperature: 36 ◦C; Cold
water temperature: 31 ◦C; Flow rate: 866 m3/h;
Wet-bulb temperature: 28 ◦C

EVAPCO Manufacturer’s Technical Manual
for Cooling Tower Model LCCM-N-800

2.2. Equipment Energy Consumption Models
2.2.1. Chiller Model

Empirical models for chiller efficiency include physics-based models such as the
Gordon-NG model [13] and the Lee model [14], as well as statistically based models like the
quadratic linear BQ model [15] and multivariate polynomial regression (MP) model [16].
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To address the limited accuracy of traditional empirical models, this study constructs
a multi-layer perceptron (MLP) regression model with three hidden layers, using over
20,000 sets of actual operating data provided by York Chiller Manufacturer. The data was
collected from 1 May to 31 October 2024, with a sampling interval of 10 min per record,
covering the chiller’s operating states across different seasons and time periods. For outlier
filtering, a combined method of “physical threshold screening + Isolation Forest algorithm”
was adopted, and 15,892 valid data sets were finally retained for model training.

This MLP model adopts a hierarchically decreasing network structure of (64-32-16).
The input layer includes five key operating parameters: chilled water flow rate, cooling
water flow rate, chilled water supply temperature, load rate, and cooling water supply tem-
perature. Each hidden layer uses the ReLU activation function, and the Adam optimization
algorithm is employed for gradient descent training. The training results show that the
neural network model achieves a coefficient of determination (R2) of 0.9939, a root mean
square error (RMSE) of 0.0822, a mean absolute error (MAE) of 0.0326, and a mean absolute
percentage error (MAPE) of only 0.43% on the test set—significantly outperforming the
traditional multivariate polynomial regression (MP) model. Furthermore, the difference
in R2 between the training and test sets is less than 0.003, indicating that the model has
excellent generalization ability without overfitting, thus providing a high-fidelity energy
consumption benchmark for subsequent optimization. The performance evaluation of the
model can be referred to in Figure 2.

Figure 2. Performance evaluation of the MLP regression model. (a) Training set predictions vs.
actual values (R2 = 0.9962). (b) Testing set predictions vs. actual values (R2 = 0.9939). (c) Training
set residual distribution. (d) Testing set residual distribution. The results demonstrate excellent
prediction accuracy and generalization capability with no systematic bias.
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2.2.2. Pump Model

The quadratic pump-flow relationship is based on the experimental curve provided by
Braun [17]. The flow-head characteristic curve of the pump is fitted using the least-squares
method based on the manufacturer’s operating data. The energy consumption models of
the chilled water pump and the cooling water pump are shown in Equation (1).

Wp = b0 + b1Q + b2Q2 (1)

where Q is the pump flow rate; b0~b2 are regression coefficients, and their specific values
corresponding to different pump types are listed in Table 2.

Table 2. Polynomial coefficient of pump performance curves.

Pump Type Pump ID
Rated Power

(kW)
Rated Flow

(m3/h)
Rated

Head (m)
b0 b1 b2

Chilled Water Pump CHWP-1 110 847 38 46.13 0.001580 −0.00001537
Chilled Water Pump CHWP-2 200 1452 38 49.15 0.000220 −0.00000545
Cooling Water Pump CWP-1 110 1094 26 36.00 0.002843 −0.00001103
Cooling Water Pump CWP-2 200 1862 26 45.00 0.001200 −0.00000600

2.2.3. Cooling Tower Model

The energy consumption of cooling tower fans has traditionally relied on the Braun
model [17], which is a semi-empirical model for cooling tower performance calculation.
Although it can predict heat rejection and performance by combining thermodynamic
equilibrium and empirical parameters, it fails to establish a coupling relationship between
the cooling tower approach, chiller energy consumption, and overall system efficiency.
Under the same cooling load, it is difficult to reflect the impact of approach differences on
system optimization.

To address this, this paper uses the 21,369 sets of cooling tower flow conversion tables
provided by the Cooling Technology Institute (CTI) for arbitrary and standard operating
conditions, from which 20,695 valid data sets were selected to construct a Gradient Boosting
Regressor model. The model is configured with 200 decision trees, a learning rate of 0.1,
and a maximum depth of 4. The test results show that the coefficient of determination
R2 reaches 0.9977, the RMSE is 0.1034, the MAE is 0.0485, and the MAPE is only 4.65%
(Figure 3), indicating extremely high prediction accuracy. Feature importance analysis
further indicates that the temperature difference (RANGE) has the highest impact on
the model’s predicted values (59.25%), while the approach (APPROCH), as a key input
parameter, can be precisely captured by the model for its coupling effect on system efficiency
optimization, thus overcoming the limitations of the traditional Braun model.

The energy consumption calculation process for cooling towers is as follows:
First, a gradient boosting regression tree is used to establish the mapping relationship

of the performance coefficient:

η = f (x) = GBR
(

ΔTrange, Tapproach, Twb

)
(2)

The input feature vector is defined as follows:

x =
[
ΔTrange, Tapproach, Twb]

T (3)

where ΔTrange is the temperature difference between the inlet and outlet of the cooling
water, Tapproach is the cooling tower approach, and Twb is the ambient wet-bulb temperature.
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The actual energy consumption of the cooling tower can then be calculated based on the
performance coefficient correction method:

Etower = C ∗ Prated ∗ η

η0
∗ Qactual

Qrated
(4)

In the formula, η is the cooling tower performance coefficient under the current operating
conditions, predicted by the gradient boosting regression model based on the cooling
water temperature difference (ΔTrange), approach temperature (Tapproach), and ambient
wet-bulb temperature (Twb); η0 is the performance coefficient under the baseline operating
conditions, i.e., the performance coefficient when ΔTrange, Tapproach, and Twb are all at the
rated parameters of the equipment, calculated by the same model; the constant C = 0.871 is
a unit conversion coefficient used to unify the dimensions of the performance coefficient
and power parameters, and its value is derived from the unit conversion specifications
under the CTI standard conditions. The physical meanings and calculation methods of the
parameters in the equation are shown in Table 3:

Figure 3. Evaluation of machine learning models for cooling tower performance prediction. (a) Re-
gression model: predicted vs. actual values (R2 = 0.9977, RMSE = 0.1034). (b) Residual distribution
of regression predictions. (c) Feature importance ranking for classification model (missing value
detection). (d) Feature importance ranking for regression model (performance coefficient prediction).
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Table 3. Energy consumption parameters of cooling towers.

Parameter Meaning Calculation/Value Method

Prated Rated power of the cooling tower (kW) Equipment nameplate parameter
Qrated Rated water flow of the cooling tower (m3/h) Equipment nameplate parameter
Qactual Actual water flow of the cooling tower (m3/h) Actual operating parameter

η Performance coefficient under current operating conditions η = f (
(

ΔTrange, Tapproach, Twb

)
η0 Performance coefficient under base operating conditions η0 = f (

(
ΔTrange,0, Tapproach,0, Twb,0

)
C Unit conversion coefficient C = 0.871

2.3. Problem Model
2.3.1. Optimization Objective

For the central air-conditioning cold-source system, the optimization objective is to
achieve the optimal energy efficiency of the cold-source system, i.e., to maximize the EER
of the cold-source system. The EER is defined as the ratio of the total cooling capacity of
the system to the total energy consumption of the system, as shown in Equation (5):

EER =
Qc,total

Wch + Wp + Pf an
(5)

where Qtotal is the total cooling capacity of the system; Wch, Wp, and Pfan are the power
consumptions of the chillers, pumps, and cooling towers, respectively. Therefore, the
optimization objective can be described as follows:

max EER = max

(
Qc,total

Wch + Wp + Pf an

)
(6)

2.3.2. Optimization Variables and Constraints

The optimization variables include the status and operating parameters of the fol-
lowing equipment, which are adjusted to enhance the overall system efficiency. The
optimization process must adhere to multiple physical and operational constraints. The
flow rates of the chillers, chilled water pumps, cooling water pumps, and cooling towers
must operate within their minimum and maximum design flow ranges and cannot exceed
their physical limitations. Additionally, the approach of the cooling tower, limited by its
own heat dissipation capacity, must be maintained within a reasonable range. It cannot be
too small, exceeding the cooling tower’s capability, nor too large, as this would reduce the
overall cooling effect of the system. Moreover, the load on the chillers and pumps must not
fall below their minimum load requirements to ensure they operate efficiently. Overall, the
operating status of all equipment, flow distribution, and the approach of the cooling tower
must comply with the system’s design capabilities and actual operational requirements. In
summary, the constraints are specifically described as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Tapproach,min < ΔTapproach

fct,min < fct < fct,max

fchiller,min < fchiller < fchiller,max

fchw_pump,min < fchw_pump < fchw_pump,max

fcw_pump,min < fcw_pump < fcw_pump,max

0 ≤ Nct ≤ Nct,max, Nct ∈ Z
0 ≤ Nchiller ≤ Nchiller,max, Nchiller ∈ Z

0 ≤ Nchw_pump ≤ Nchw_pump,max, Nchw_pump ∈ Z
0 ≤ Ncw_pump ≤ Ncw_pump,max, Ncw_pump ∈ Z

(7)
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where: Z is the set of integers.
The optimization variables and specific constraints are detailed in Table 4.

Table 4. Optimization variables and constraints.

Equipment
Category

Variable Description Variable Symbol Unit Constraint Remarks

Cooling Tower

Cooling Tower
Approach temperature ΔTapproach

◦C 2.0~8.0

Difference between the
cooling water outlet
temperature and the
wet-bulb temperature

Number of Operating
Cooling Towers Nct Units 1~9

Must match the number
of chillers and cooling
water pumps
in operation

Flow Distribution of
Cooling Towers fct -

0.3~1 (Proportion
of single-unit flow

to rated flow)

Single-unit flow must
not be lower than 30% of
the rated flow (to avoid
uneven heat dissipation
due to low flow)

Chiller

Number of
Operating Chillers Nchiller Units 1~5

Must meet the total
cooling load demand of
the system

Load Distribution of
Operating Chillers fchiller -

0.15~1 (Proportion
of single-unit load

to rated load)

Single-unit load must
not be lower than 15% of
the rated capacity (to
prevent frequent
start-stop of equipment)

Chilled Water
Pump

Number of Operating
Chilled Water Pumps Nchw_pump Units 1~5

Must be adapted to the
number of chillers
in operation

Operating Frequency
of Chilled

Water Pumps
fchw_pump Hz 30.0~50.0

Set according to the
chilled water flow
demand, the lower limit
is the minimum safe
operating frequency of
the pump (to avoid
cavitation), upper limit
is the rated frequency

Cooling Water
Pump

Number of Operating
Cooling Water Pumps Ncw_pump Units 1~5

Must be adapted to the
number of chillers
in operation

Operating Frequency
of Cooling

Water Pumps
fcw_pump Hz 30.0~50.0

Set according to the
cooling water flow
demand, the lower limit
is the minimum safe
operating frequency of
the pump (to avoid
cavitation), upper limit
is the rated frequency

Note: Among the 29 optimization variables, 9 are discrete on/off decisions and 20 are continuous operating parameters.

3. Algorithm Design

3.1. Application of the Whale Optimization Algorithm

The Whale Optimization Algorithm (WOA) is a new swarm intelligence optimization
algorithm that simulates the hunting behavior of humpback whales. In the WOA, each
whale’s position represents a feasible solution. The hunting behavior of whales is divided
into three stages: encircling prey, bubble-net attacking, and searching for prey. The op-
timization process is shown in Figure 4. In the optimization of central air-conditioning
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cooling source systems, the WOA can handle both continuous and discrete variables simul-
taneously. Continuous variables include chiller load, pump frequency, cooling tower flow,
and approach temperature, while discrete variables include the equipment’s on/off states.
Compared with GA and PSO algorithms, WOA does not require manual adjustment of
inertia weights. It relies on the convergence factor A to adaptively balance global and local
search, reducing the parameter-tuning burden [9]. Its “encircling prey” and “bubble-net
attacking” mechanisms effectively suppress premature convergence. Moreover, WOA
uses a “threshold truncation” approach for discrete variables, eliminating the need for
binary encoding required by GA, making it more concise and efficient and improving
computational efficiency by about 20%.

Figure 4. Flowchart of the whale optimization algorithm.

3.2. Initialization and Solution Update

The initialization process is to generate the initial population, which is carried out
according to the following steps:

For the load distribution of chillers, random numbers are generated based on the
minimum load limit and the maximum load for each chiller. If the total load during
initialization is not zero (i.e., at least one chiller is allocated a load), the load is adjusted
to the total cooling load through proportional scaling. For the cooling tower approach
temperature, initial values are randomly generated within a reasonable range (between the
minimum approach temperature and 8 ◦C).

In this optimization, the update of solutions follows the mechanism of WOA. For each
whale, the update equation is as follows:

X(t + 1) = Xrand − A × D (8)
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When p < 0.5 and |A| ≥ 1, the update equation is as follows:

X(t + 1)= X∗(t)− A × D (9)

When p ≥ 0.5, perform a search using the spiral search equation as follows:

X(t + 1)= D∗ × ebl × cos(2πl
)
+ X∗(t) (10)

where C, b, and l are random coefficients.

3.3. Constraint Control and Handling of Discrete Variables

During the optimization process, WOA needs to handle a variety of constraints to
ensure the physical feasibility of the solution and the safe operation of the equipment. The
constraint handling strategies adopted in this study are as follows:

3.3.1. Chiller Load Constraint Adjustment

A combination of boundary truncation and threshold strategies is used. For the i-th
chiller, the feasible range of load Qi (subscript i denotes the i-th chiller) is [Qi,min,Qi,max].
Here Qi,min = α·Qi,rated (where α is the minimum load rate of the chiller, set to 0.15 based
on the manufacturer’s technical parameters), and Qi,max = α·Qi,rated (rated cooling capacity
of the i-th chiller). During the solution update process:

• If Qi < Qi,min, set Qi = 0 (shut down the i-th chiller);
• If Qi > Qi,max, (limit to the rated capacity of the i-th chiller).

3.3.2. Cooling Tower Approach Constraint Adjustment

The feasible range of the approach is determined by two conditions:

1. The physical lower bound Amin based on the cooling tower performance model
(predicted by the gradient boosting regression model using the current wet-bulb
temperature and flow ratio);

2. The safety constraint that the cooling water supply temperature must not be lower
than 18 ◦C, i.e., Twb + A ≥ 18;

3. The upper limit constraint of the cooling water supply temperature of 32 ◦C, i.e.,
Twb + A ≤ 32 (an upper limit given from the perspective of system safe operation).
Combining the above conditions, the approach boundary is ∈[max(Amin, 18 −Twb),
32 − Twb]. If the updated approach exceeds this range, it is truncated to the feasible
domain through a calculation function.

3.3.3. Total Cooling Load Balance Constraint

A two-stage adjustment mechanism is used to ensure that the total load precisely
matches the target value Qtarget.

Stage 1: Scale the load of all operating chillers proportionally. The scaling factor is
defined as follows:

λ =
Qtarget

∑n
i=1 Qi

(11)

where Qtarget is the total cooling load demand of the system; n is the number of operating
chillers; and Qi is the initial load of the i-th operating chiller.

Stage 2: If the total load after scaling deviates from Qtarget, eliminate the deviation by
fine-tuning each operating chiller’s load one by one. Prioritize chillers with larger load
margins (i.e., the difference between Qi,max and current Qi, or between current Qi and
Qi,min) to ensure the final total load satisfies:

128



Buildings 2025, 15, 4363

Specific adjustment strategies:
If the total load exceeds the target, reduce the load of each unit one by one, with each

unit being reduced to its minimum load Qi, min at most;
If the total load is below the target, increase the load of each unit one by one, with

each unit being increased to its rated capacity Qi, max at most.

3.3.4. Discrete Variable (On/Off State) Processing

A “threshold truncation + continuous relaxation” strategy is adopted. During opti-
mization, discrete variables are relaxed into continuous variables (load Qi ∈ [0, Qi,max]),
and the discrete characteristics are restored through threshold judgment:

When Qi > 0, the on/off state of the unit si = 1 (on);
When Q = 0, si = 0 (off).
This method avoids the combinatorial explosion problem of discrete optimization

while ensuring the physical feasibility of the solution. In actual implementation, the chiller
is automatically shut down when its load is below the minimum load threshold, reflecting
the principle of economical operation.

3.3.5. Convergence Control

An early stopping mechanism is introduced to improve algorithm efficiency and avoid
ineffective iterations. The patience parameter is set to patience = 10, and the tolerance
threshold is tol = 10−6. If the best improvement in the objective function value (i.e., the
difference between the current optimal value and the optimal value from 10 generations
ago) is less than tol for 10 consecutive iterations, the search is deemed stagnant, and the
algorithm is terminated early.

To ensure reproducibility and consistency, the population size used in this study was
set to 50, and the maximum number of iterations was set to 100. These parameters were
kept constant across all optimization runs to ensure the stability and robustness of the
WOA algorithm.

4. Optimization Analysis

4.1. Building Cooling Load Characteristics

The cooling load characteristics of the office building on the user side are calculated
using the DeST software. The simulation is conducted using DeST v3.0 (Designer Simula-
tion Toolkit), developed by Tsinghua University, Beijing, China. The simulation followed
the procedure described by Yan et al. [18]. The settings of parameters such as the thermo-
physical properties of the building envelope, indoor heat gain, and indoor air temperature
and humidity comply with the provisions of Article 3.3.1 “Thermal Performance Limits
of Building Envelopes in Hot-Summer and Warm-Winter Areas” and Chapter 4 “General
Provisions for Heating, Ventilation, and Air Conditioning Design” in the Design Standard
for Energy Efficiency of Public Buildings (GB 50189-2015) [19]. The indoor air temperature
setpoint is 25 ◦C during operating hours, and the cooling load is weighted averaged for
each day of every month to derive the monthly weighted average cooling load characteristic
distribution of the building, as shown in Figure 5.

As depicted in Figure 5, the cooling load characteristic in June is similar to that of July
and August; May and September are similar; April and October are similar; and there is
little difference between November, December, and January.
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(a) January to June (b) July to December 

Figure 5. Annual cooling load characteristics of the building.

4.2. Comparison Before and After Optimization

Based on the system model, problem formulation, and algorithm design, the opti-
mization problem for the central air-conditioning cooling source system is implemented
using Python programming. This optimization system is realized using Python 3.12, with
major dependencies including NumPy 2.3.3, pandas 2.3.3, and SciPy 1.16.2. The source
code and related data can be obtained from the corresponding author. Three representative
operating conditions (as shown in Table 5) are selected for detailed analysis to evaluate the
effectiveness of WOA in improving system efficiency.

Table 5. Summary comparison of three operating conditions.

Item Operating Condition 1 Operating Condition 2 Operating Condition 3

Load (kW) 11,592 22,702 34,059
Load Percentage (%) 30.9 60.6 90.9

Dry-Bulb Temperature (◦C) 16.3 26.4 30.1
Wet-Bulb Temperature (◦C) 14.8 24.0 26.4

4.2.1. Analysis of Operating Condition 1 (Low Load Scenario)

Under Operating Condition 1, the system consumed 12.91% less energy after opti-
mization. It dropped from 2094.5 kWh to 1824.0 kWh. The Energy Efficiency Ratio (EER)
increased from 5.53 to 6.36, a 15.01% improvement. The chiller used the most energy. The
chilled water pump ranked second. The cooling water pump came next. The cooling
tower had the smallest share. After optimization, the energy consumption of the chiller,
chilled water pump, and cooling water pump was reduced by 7.23%, 45.23%, and 34.84%,
respectively, while the cooling tower’s energy consumption increased by 0.19%. This shows
there were trade-offs in the optimization. Under this low-load operating condition, the
optimization algorithm effectively adjusted the operating parameters of the equipment,
achieving significant energy savings while ensuring the required cooling capacity. The
detailed energy-consumption breakdown is illustrated in Figure 6, and the corresponding
operating parameters before and after optimization are listed in Table 6.
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Figure 6. Energy consumption comparison before and after optimization.

Table 6. Operating parameters before and after optimization.

Condition Parameter Before Optimization After Optimization

Case 1 Chiller Load Distribution (kW) [4270.0, 7321.0, 0.0, 0.0, 0.0] [3172.2, 0.0, 0.0, 0.0, 8419.8]
Case 2 Chiller Load Distribution (kW) [0.0, 7567.0, 7567.0, 7567.0, 0.0] [2593.4, 0.0, 6798.2, 6757.3, 6553.1]
Case 3 Chiller Load Distribution (kW) [4334.0, 7431.0, 7431.0, 7431.0, 7431.0] [2971.3, 7775.1, 7771.3, 7776.5, 7764.7]
Case 1 Chilled Water Pump Frequency (Hz) [48.2, 47.4, 0.0, 0.0, 0.0] [30.4, 30.4, 0, 0, 0]
Case 2 Chilled Water Pump Frequency (Hz) [0.0, 48.0, 48.0, 48.0, 0.0] [0, 36.4, 36.4, 36.4, 0]
Case 3 Chilled Water Pump Frequency (Hz) [50.0, 50.0, 50.0, 50.0, 50.0] [42.9, 42.9, 42.9, 42.9, 42.0]
Case 1 Cooling Water Pump Frequency (Hz) [40.0, 40.0, 0.0, 0.0, 0.0] [35.3, 35.3, 0, 0, 0]
Case 2 Cooling Water Pump Frequency (Hz) [0.0, 45.0, 45.0, 45.0, 0.0] [41.1, 41.1, 41.1, 0, 0]
Case 3 Cooling Water Pump Frequency (Hz) [50.0, 50.0, 50.0, 50.0, 50.0] [0, 43.5, 43.5, 43.5, 43.5]

Case 1 Cooling Tower Flow Distribution (m3/h)
[452.0, 452.0, 452.0, 452.0, 452.0, 0.0,

0.0, 0.0, 0.0] [453.0, 453.0, 453.0, 453.0, 453.0, 0, 0, 0, 0]

Case 2 Cooling Tower Flow Distribution (m3/h)
[495.0, 495.0, 495.0, 495.0, 495.0, 495.0,

495.0, 495.0, 495.0]
[494.0, 494.0, 494.0, 494.0, 494.0, 494.0,

494.0, 494.0, 494.0]

Case 3 Cooling Tower Flow Distribution (m3/h)
[742.0, 742.0, 742.0, 742.0, 742.0, 742.0,

742.0, 742.0, 742.0]
[742.0, 742.0, 742.0, 742.0, 742.0, 742.0,

742.0, 742.0, 742.0]
Case 1 Approach Temperature (◦C) 4 3.5
Case 2 Approach Temperature (◦C) 4 2.5
Case 3 Approach Temperature (◦C) 4 3.54

Note: [x1, x2, x3, . . ., xi] respectively represent the capacity of equipment 1 to i, and 0 indicates “off”.

4.2.2. Analysis of Operating Condition 2 (Medium Load Scenario)

Under Operating Condition 2, the system also demonstrated strong optimization
potential. The total energy consumption was reduced by 11.18%, from 4933.8 kWh to
4382.0 kWh. The EER increased from 4.60 to 5.18, a 12.61% improvement. In terms of
individual equipment energy consumption, the chiller, chilled water pump, and cooling
water pump achieved energy savings of 4.35%, 44.98%, and 47.87%, respectively. During
the optimization of Operating Condition 2 under medium load, the cooling tower’s energy
consumption increased significantly, mainly to balance the efficient operation of the chiller
and pumps (such as matching equipment load distribution and ensuring heat dissipation
requirements). By appropriately increasing the operating intensity of the cooling tower
to support overall system efficiency improvement, this was a reasonable trade-off in the
optimization process.

4.2.3. Analysis of Operating Condition 3 (High Load Scenario)

Under Operating Condition 3, which is a high-load scenario, the energy consumption
was reduced by 10.58%, from 8242.7 kWh to 7371.0 kWh. The EER increased from 4.13 to
4.62, a 11.86% improvement. In terms of individual equipment, the chiller, chilled water
pump, and cooling water pump achieved energy savings of 5.92%, 33.57%, and 18.07%,
respectively. The cooling tower’s energy consumption remained essentially unchanged.
Under high-load operating conditions, although the optimization space was relatively
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limited due to the need for most equipment to operate at higher capacities, the Whale Opti-
mization Algorithm still achieved significant energy savings by finely adjusting operating
parameters and load distribution among chillers.

4.3. Comparative Analysis of the Three Operating Conditions

A comprehensive comparison of the three operating conditions reveals that the
achieved energy savings rates are 12.91%, 11.18%, and 10.58%, respectively. This is il-
lustrated in Figure 7 (energy consumption and saving rate) and Figure 8 (EER comparison).
This indicates that the optimization algorithm is effective across different load levels, with
the most significant energy-saving effects observed under low to medium load conditions.

Figure 7. Total Energy consumption and saving rate.

Figure 8. EER comparison before and after optimization.
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The EER improvement percentages for the three operating conditions are 15.01%,
12.61%, and 11.86%, respectively. The EER decreases with higher outdoor temperatures,
which aligns with thermodynamic principles. However, the relative improvement remains
significant under all conditions.

The chilled water pumps and cooling water pumps demonstrate significant optimiza-
tion potential, especially under medium and low load conditions, with energy savings
reaching 44.98% and 47.87%, respectively. This highlights the importance of variable
frequency drive control in achieving overall system optimization.

The research results indicate that under extremely low or high load conditions, the
number of operating units before and after optimization tends to be the same, with the
optimization space mainly limited to capacity adjustment. In contrast, under medium load
conditions, there is optimization potential in both the number of units and their capacities,
resulting in greater energy savings and EER improvements.

4.4. Annual Energy Consumption Comparison

Based on the monthly optimization results, the WOA algorithm shows good adaptabil-
ity under different seasonal and load conditions. The average annual energy savings rate
is 13.42%, with the EER increasing from 5.07 to 5.88, a 16.10% improvement. Specifically,
the optimization effect is most significant under low-load conditions in winter, with an
energy savings rate of 18.92% and a 23.3% EER improvement in December. Although the
energy savings rate is relatively lower under high-load conditions in summer (12.01% in
July), the absolute amount of energy saved is still considerable due to the high base energy
consumption. The energy savings rate for each month remains between 8.59% and 18.92%,
indicating that the algorithm can adaptively adjust equipment configuration strategies
according to different operating conditions, achieving stable and reliable energy savings
across the entire operating range. This demonstrates its good engineering application value,
as summarized in Figure 9.

Figure 9. Comparison of monthly average weighted energy consumption and energy efficiency ratio
before and after optimization.
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5. Algorithm Comparison and Sensitivity Analysis

5.1. Optimization Algorithm Performance Comparison

To verify the effectiveness of WOA in the optimization of cooling source systems,
WOA is compared with two classic algorithms, GA and PSO. All three algorithms use the
same optimization objective (minimizing the total system energy consumption), constraints,
and initial parameter settings to ensure a fair comparison.

The algorithm parameter settings are as follows: The population size is 50 for all
algorithms, with a maximum of 100 iterations, convergence tolerance tol = 10−6, and
patience parameter patience = 10. For GA, tournament selection, single-point crossover
(crossover probability 0.8), and Gaussian mutation (mutation probability 0.2) are used. For
PSO, the inertia weight linearly decreases from 0.9 to 0.4, with learning factors c1 = c2 = 2.0.
For WOA, the parameter linearly decreases from 2 to 0. To ensure statistical significance of
the results, each algorithm is run 10 times under three typical operating conditions (low
load, medium load, and high load), with the average value taken as the final result.

Table 7 shows the optimization performance comparison of the three algorithms
under the three typical operating conditions. In terms of optimization accuracy, all three
algorithms converge to essentially the same optimal value under each condition, indicating
that WOA has global search capabilities comparable to GA and PSO. From the perspective
of computational efficiency, WOA achieves the shortest average computation time of
225.20 s, which is 50.6% faster than GA and 11.0% faster than PSO, demonstrating a higher
convergence speed. In terms of system EER, the optimized system EER values for the three
algorithms under different conditions are 6.355, 5.183, and 4.621, respectively, representing
improvements of 8.2%, 12.5%, and 15.3% over the pre-optimization values, thus validating
the effectiveness of intelligent optimization methods in enhancing system efficiency.

Table 7. Performance comparison of three optimization algorithms.

Case Algorithm Load (kW)
Wet-Bulb

Temperature (◦C)
Total Energy

Consumption (kW)
EER Computation Time (s)

Case 1
(Low Load)

GA 11,592 14.8 1824 6.355 396.52
PSO 11,592 14.8 1824 6.355 170.61

WOA 11,592 14.8 1823 6.356 120.41

Case 2
(Medium

Load)

GA 22,702 24.0 4380 5.183 458.10
PSO 22,702 24.0 4384 5.178 150.92

WOA 22,702 24.0 4380 5.183 146.95

Case 3
(High Load)

GA 34,059 26.4 7371 4.621 513.52
PSO 34,059 26.4 7371 4.621 437.16

WOA 34,059 26.4 7371 4.621 408.23

Figure 10 shows the convergence curve comparison of the three algorithms across
the three operating conditions. As can be seen from the figure, although all algorithms
can find the optimal solution, WOA performs best in terms of convergence speed, with
an average of only 49.7 iterations required. This is 35% faster than PSO and 50% faster
than GA. This makes WOA particularly suitable for real-time optimization applications in
building energy management systems.
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Figure 10. Convergence characteristics of PSO, GA, and WOA algorithms for three operating cases:
(a–c) Case 1 with 11,592 kW cooling load at 14.8 ◦C wet-bulb temperature; (d–f) Case 2 with 22,702 kW
cooling load at 24.0 ◦C wet-bulb temperature; (g–i) Case 3 with 34,059 kW cooling load at 26.4 ◦C
wet-bulb temperature. WOA consistently demonstrated the fastest convergence speed across all
operating conditions.

5.2. Stability Analysis of the Algorithms

Under operating condition 2, a stability assessment was conducted for WOA, GA,
and PSO over 20 independent iterations. These 20 independent runs were initialized
using different random seeds to ensure that each run started from a unique population.
This approach allows for a comprehensive evaluation of the algorithms’ stability under
varying initial conditions. The results show that all three algorithms achieved a 100%
success rate, with extremely small stability differences in terms of energy consumption:
the average energy consumption was approximately 4761–4763 kW, and the standard
deviation and coefficient of variation (CV) were extremely low (e.g., WOA CV ≈ 0.046%,
PSO ≈ 0.014%, GA ≈ 0.000%). These differences fall within the acceptable range of
engineering measurement errors and normal operational fluctuations and have a limited
impact on overall decision-making. In contrast, the time dimension is more decisive in
engineering applications: WOA has the lowest average time (≈248.92 s) and the smallest
time standard deviation (≈78.46 s), demonstrating higher execution predictability and
scheduling reliability; PSO is in the middle; GA has a slightly lower time CV, but its
average time is much longer, and it exhibits larger fluctuations. These factors reduce its
timeliness and stability. In summary, given that differences in energy consumption stability
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are negligible in engineering terms, WOA has significant advantages in key time stability
indicators (mean and standard deviation), making it more suitable for scenarios requiring
real-time and high-frequency operation. The detailed statistics are listed in Table 8.

Table 8. Comparative analysis of algorithm stability.

Algorithm
Success
Rate (%)

Mean Energy
(kW)

Std Energy
(kW)

Min Energy
(kW)

Max Energy
(kW)

CV Energy
(%)

Mean
Time (s)

Std Time
(s)

CV Time
(%)

WOA 100 4762.7 2.17 4761 4770 0.046 248.92 78.46 31.52
GA 100 4761 0 4761 4761 0 386.71 112.31 29.04
PSO 100 4761.15 0.65 4761 4764 0.014 262.68 92.76 35.31

5.3. Sensitivity Analysis of Key Parameters

To evaluate the impact of system configuration and operating parameters on the
optimization results, this study conducts a sensitivity analysis on five key parameters
using the experimental scheme shown in Table 9: number of chillers, number of cooling
towers, number of pumps, lower limit of pump frequency, and cooling tower approach
temperature. All analyses are based on single-factor perturbation experiments under
Operating Condition 2.

Table 9. Experimental scheme for sensitivity analysis.

Index Parameter Type Baseline Value Range of Change Step Size
Number of

Experiment Groups
Control Variables

1 Number of Chillers 4 units 4 to 5 units 1 unit 2

Number of cooling towers,
number of pumps, pump

frequency, and
approach temperature

2 Number of
Cooling Towers 5 units 5 to 9 units 2 units 3

Number of chillers, number of
pumps, pump frequency,

approach temperature

3 Number of Pumps 4 units 4 to 5 units 1 unit 2
Number of chillers, number of

cooling towers, pump frequency,
and approach temperature

4 Lower Limit of
Pump Frequency 70% 70% to 100% 5% 7

Number of chillers, number of
cooling towers, number of

pumps, approach temperature

5 Cooling Tower
Approach Temperature 4 ◦C 2 to 6 ◦C 1 ◦C 5

Number of chillers, number of
cooling towers, number of
pumps, pump frequency

Table 10 shows the sensitivity coefficients for the five types of parameters. The results
indicate that the number of pumps has the most significant impact on system energy
consumption, with a sensitivity coefficient of 1.1125, indicating that pump configuration is
the most critical factor affecting system efficiency. Increasing the number of pumps from
4 to 5 reduces total system energy consumption from 4876 kW to 4823 kW, a decrease of
1.1%. Adding more pumps lowers the load on each one. This allows them to run more
efficiently. The efficiency gain offsets the extra energy used by the additional pump.

Table 10. Summary and ranking of sensitivity coefficients.

Rank Parameter Type Parameter Range
Change in Total Energy

Consumption (kW)
Change in EER Sensitivity Coefficient Impact Level

1 Number of Pumps 4 → 5 units −53.0 +0.04 1.1125 High
2 Lower Limit of Pump Frequency 70% → 100% +340.0 −0.31 0.1957 Medium

3 Cooling Tower
Approach Temperature 2 → 6 ◦C +208.5 −0.20 0.0431 Medium

4 Number of Chillers 4 → 5 units −35.0 +0.04 0.0325 Low
5 Number of Cooling Towers 5 → 9 units +6.2 0.00 0.0023 Low
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The sensitivity coefficient of the lower limit of pump frequency is 0.1957, ranking
second. Raising the minimum frequency from 70% to 100% increases energy use. Con-
sumption rises from 4823 kW to 5163 kW. That is a 7.0% increase. The EER also drops from
4.71 to 4.40. This verifies the importance of variable frequency control for energy savings:
within the frequency range of 70–80%, system energy consumption remains relatively sta-
ble; however, when the frequency exceeds 85%, energy consumption rises rapidly because
the pump power is proportional to the cube of the rotational speed, and high-frequency
operation leads to a sharp increase in pump energy consumption.

The sensitivity coefficient of the cooling tower approach temperature is 0.0431. When
the approach temperature increases from 2 ◦C to 6 ◦C, the total system energy consump-
tion rises from 4747 kW to 4955 kW, an increase of 4.4%, and the EER decreases from
4.78 to 4.58. An increase in approach temperature results in a higher cooling-water supply
temperature, which leads to a decrease in chiller COP. Unlike the passive influence of
wet-bulb temperature, the approach temperature is an optimizable control variable, and
the optimization algorithm tends to select a smaller approach temperature (within the
equipment performance limits) to improve system efficiency.

The sensitivity coefficients for the number of chillers and the number of cooling towers
are 0.0325 and 0.0023, respectively, indicating relatively minor impacts. This is because,
within the load range of this study, the existing configuration already meets the operational
requirements. Increasing the number of units further results in diminishing marginal
benefits and may even lead to efficiency degradation due to low part-load ratios.

6. Conclusions

This study focuses on the “1 small + 4 large” asymmetric central air-conditioning
cooling source system of a 530 m super high-rise building in Guangzhou, addressing the
30 min rolling scheduling demand of the BA system. It breaks through the optimization
bottleneck of “mixed integers, asymmetry, and strong constraints,” forming a complete
technical chain of “modeling–algorithm–patterns–verification.” The main conclusions and
innovations are as follows:

For the first time, a three-hidden-layer MLP chiller model trained on 16,276 sets of
actual measurements and a gradient-boosting integrated cooling tower model driven by
21,369 operating conditions are constructed, supplemented by a secondary polynomial model
for variable frequency pumps based on fluid mechanics similarity laws. This achieves high-
precision modeling of energy consumption across all equipment on the cooling-source side,
providing a reliable benchmark for asymmetric configuration optimization.

A hybrid encoding of “threshold truncation + continuous relaxation” is proposed,
embedding 29-dimensional discrete on/off and continuous parameters into WOA. A three-
layer constraint repair mechanism of “boundary–load–approach temperature” is designed,
with a single optimization round taking ≤225 s. Compared with GA and PSO, the speed
is increased by 41.3% and 25.5%, respectively, and the energy consumption coefficient of
variation is only 0.08%, meeting the minute-level real-time scheduling requirements of the
BA system.

The optimal load-capacity matching pattern for asymmetric cooling-source clusters
is revealed: under low-load conditions, the small unit is mainly operated. When the load
rate is around 60%, the configuration is switched to “1 small + 2 large” units, and when the
load rate reaches 90%, it is further expanded to “1 small + 4 large” for full-unit operation.
In terms of sensitivity analysis, the number of chilled water pumps is the most sensitive
parameter, with a 1.1% energy saving by adding one pump. The lower limit of pump
frequency and the cooling tower approach temperature are the next most sensitive factors,
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while the impact of the number of chillers and cooling towers is <0.05. This provides a
quantifiable decision-making sequence table for operation and maintenance.

After a full-year rolling optimization, the average EER of the system increases from
5.07 to 5.88 (+15.98%), with an annual energy savings rate of 8.59–18.92%. peak energy
savings occur in winter under low-load conditions (18.92% in December), while the absolute
value of energy savings is highest in summer under high-load conditions. The typical
operating condition energy savings range from 10.58% to 12.91%.

In summary, the WOA optimization method proposed in this study addresses the real-
time and explainability challenges of mixed-integer optimization for asymmetric cooling
source systems in super high-rise buildings. It forms a complete set of energy-saving
control technologies that are “minute-level, implementable, and scalable,” providing a
direct engineering paradigm for central air-conditioning cooling source systems in similar
super high-rise buildings.
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DeST Designer’s Simulation Toolkit
DQN Deep Q-Networks
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GBR Gradient Boosting Regressor
GA Genetic Algorithm
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MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
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Abstract

Humidity-regulating materials (HRMs) represent a promising class of passive, energy-
efficient materials capable of autonomously modulating indoor environmental conditions,
particularly in hot and humid regions where conventional HVAC systems account for up to
50% of building energy consumption. While prior reviews have focused on material classifi-
cation and performance metrics, a systematic synthesis of performance optimization strate-
gies and quantitative application outcomes remains lacking. This review addresses this gap
by consolidating advances in HRM enhancement through material compounding, physical
modification, and chemical functionalization, resulting in performance improvements such
as a 70% increase in moisture absorption with 3% fiber addition, a 1.2-fold enhancement
in adsorption capacity via pore optimization, and up to 50% energy savings in building
applications. Furthermore, the integration of HRMs into radiant cooling systems elevates
the dew point temperature difference by 181%, effectively mitigating condensation risks.
Simulation tools—ranging from 1D to 3D multiphysics models—have advanced predictive
accuracy for coupled heat and moisture transfer, supporting optimized material design and
system integration. By systematically summarizing performance metrics, enhancement
mechanisms, and real-world applications, this work provides a quantitative and structured
reference for the development and deployment of next-generation HRMs in sustainable
building systems.

Keywords: humidity-regulating materials; performance optimization; hot and humid
regions; moisture buffering value; energy efficiency; pore structure; multiphysics modeling;
phase change materials

1. Introduction

Building operations constitute a significant portion of global energy demand and
carbon dioxide emissions, with figures reaching as high as 39% of total energy consump-
tion and 40% to 48% of energy-related emissions in developed economies such as the
United States [1,2]. Heating, ventilation, and air conditioning (HVAC) systems are among
the most energy-intensive components in buildings, responsible for up to 50% of their total
energy use [3]. The general method for dehumidification in conventional air conditioning
systems requires cooling the air to its dew point to remove latent heat, after which it must
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be reheated to the required supply temperature. This process of simultaneous cooling and
reheating results in considerable energy inefficiency [4].

Humidity-regulating materials (HRMs) are an emerging class of smart materials that
regulate ambient humidity autonomously and passively using their inherent physicochemical
properties, requiring no external energy or mechanical systems [5]. This passive operation
ensures zero energy consumption, making it consistent with green and sustainable develop-
ment principles [6,7]. HRMs are mainly divided by composition and humidity regulation
mechanism into inorganic mineral-based (e.g., silica gel, zeolite), inorganic salt-based (e.g., cal-
cium chloride), organic polymer-based (e.g., cellulose), and composite types [8–11]. Inorganic
mineral-based materials operate by physical adsorption, featuring fast moisture exchange
but limited capacity. Inorganic salt-based materials achieve high capacity through chemical
adsorption but often have poor desorption. Organic polymer-based materials provide high
moisture storage but exhibit slow desorption. Composite humidity control materials combine
the benefits of each, resulting in significantly enhanced performance [12].

Evaluation methods for the moisture absorption and release performance of HRMs are
generally classified into three levels [13]: material, system, and room. At the material level,
performance is evaluated based on fundamental hygrothermal properties, including the
maximum equilibrium moisture content, water vapor diffusion coefficient, and sorption
isotherms. At the system level, the dynamic moisture absorption and desorption capabili-
ties of HRMs are investigated under typical boundary conditions involving variations in
temperature and humidity. Among the metrics employed, the Moisture Buffering Value
(MBV) is widely adopted as a key indicator. Literature reviews suggest that a higher MBV
corresponds to improved humidity regulation performance and greater energy-saving
potential. Although existing review studies [13–15] have systematically summarized the
classification, mechanisms, and evaluation metrics of HRMs, they mainly focus on the
fundamental properties of single-type materials and exhibit certain limitations. On the
one hand, current reviews mainly address the performance of individual HRM categories,
with insufficient exploration of optimization strategies, synergistic effects in composite ma-
terials, and the associated mechanisms and modeling approaches. On the other hand, there
is a lack of systematic synthesis regarding the performance of optimized HRMs in practical
applications. To address these research gaps, this paper systematically examines two key
aspects: performance optimization methods for HRMs and the application performance of
optimized HRMs across various fields.

The general purpose of this review is to systematically synthesize performance optimiza-
tion strategies and application outcomes of humidity-regulating materials, bridging material
science with building engineering practices. While comprehensive, this study has limitations:
the rapidly evolving nature of advanced materials like MOFs may outpace this synthesis, and
variations in testing conditions across cited studies limit direct performance comparisons.

2. Materials and Methods

This review employs a systematic and analytical approach to survey the scientific
literature on humidity-regulating materials (HRMs). The primary literature search is
conducted using major academic databases, including Web of Science, Scopus, and
Google Scholar, with a focus on peer-reviewed journal articles, conference proceedings,
and key books published predominantly between 2010 and 2025. Keywords such as
“humidity-regulating materials”, “moisture buffering value”, “hygrothermal performance”,
“phase change materials (PCM)”, and “building energy efficiency” are utilized to identify
relevant publications.

The selection of literature for in-depth analysis is guided by the following criteria:
(1) the study presented original research on the synthesis, modification, or performance
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characterization of HRMs; (2) the work provided quantitative data on key performance
metrics, such as Moisture Buffering Value (MBV), equilibrium moisture content, or pore
structure characteristics; or (3) the research demonstrated innovative applications of HRMs
in building envelopes, HVAC systems, or related fields. The methodological framework of
this review was structured around two core analytical themes: performance optimization
strategies (categorized into material compounding, physical modification, and chemical
enhancement) and application performance evaluation (encompassing building materials,
radiant cooling terminals, and sensors), as illustrated in Figure 1. Furthermore, the prin-
ciples of multiphysics modeling and simulation techniques for predicting coupled heat
and moisture transfer were studied to establish a link between material properties and
system-level performance.

Figure 1. Article frame.

3. Performance Optimization of Humidity Control Materials

3.1. Multi-Material Composites

To improve the moisture absorption and desorption properties of materials, two or
more humidity-regulating materials are frequently combined. Through physical mixing or
chemical integration, complementary advantages emerged, leading to enhanced moisture
regulation efficiency and moisture storage capacity. Such composite strategies not only
elevate the practical value of materials but also offer technical support for their sustainable
development and multi-scenario applications.

(1) Composite with Building Materials

The incorporation of humidity-regulating materials into conventional building enve-
lope components represents a strategic approach to modifying the thermal and hygroscopic
performance of existing structures. Furthermore, this composite strategy can enhance the
mechanical strength of certain materials under thermal and moisture stresses.

Novais et al. [16] investigated the feasibility of utilizing cork as a lightweight aggregate
in alkali-activated composites. Their findings indicated that a 75% cork content was
critical for achieving peak performance in both moisture regulation and cost-effectiveness.
Park et al. [17] found that incorporating biochar into mortar significantly improved the
thermal and hygroscopic performance of porous materials. Their integrated experimental
and simulation study established that a 4 wt% addition to mortar yielded the highest
compressive strength while enhancing humidity regulation, regardless of the biochar type
used. Meanwhile, Li et al. [18] investigated the water transport mechanism of lime-clay
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composites. They discovered that increasing lime content promoted a faster conversion of
free water into bound and hydrated states, thereby improving moisture transfer.

However, since traditional building materials typically exhibit inherently limited
humidity-regulating capacity, the resulting composites seldom exceed the maximum per-
formance of any individual constituent. Consequently, this strategy predominantly serves
to optimize existing structural systems, rather than substantially enhancing the intrinsic
properties of the materials or significantly improving indoor thermal comfort.

(2) Composite with Biofibers

Biofibers, including hemp, straw, bamboo, and wood fibers, are derived from abundant
agricultural byproducts. Owing to their renewable nature, low cost, high hygroscopicity,
and minimal environmental impact, these materials have garnered extensive attention and
found broad applications across various fields [19–22].

Bouferra et al. [23] improved the hygroscopic performance of clay-kaolin composites
through the incorporation of plant fibers. Their experimental data indicated a positive
correlation between moisture absorption capacity and fiber content: under conditions
of 30 ◦C and 90% relative humidity (RH), a 3% fiber addition increased absorption by
70%, accompanied by an S-shaped isothermal adsorption curve. Wang et al. [24] fabri-
cated inorganic humidity-regulating bricks by integrating poplar wood fibers with calcium
hydroxide. The resulting composite demonstrated excellent moisture buffering capacity,
which was attributed to an enhancement in capillary action during moisture transport.
Gosselin et al. [25] investigated barley straw fibers and reported that low-density short
fibers achieved a higher moisture buffer value (MBV) of 2.95 g/(m2·Δ%RH) compared
to high-density long fibers. In addition, the performance of bio-based insulation ma-
terials and clayey plasters with olive fibers were studied as shown in Table 1 [26,27].
Bahammou et al. [28] found that biofiber-reinforced clay composites exhibited increased
capillary water absorption at higher RH levels but reduced absorption at elevated tempera-
tures. Biofiber composites are simple to prepare, eco-friendly, and cost-effective due to the
reuse of agricultural waste. However, their durability may be inferior to other composites.

(3) Composite with phase change materials (PCM)

Phase change humidity control materials (PFCHRMs) represent a synergistic combi-
nation of humidity-regulating substances and phase change materials (PCMs), providing
dual functionality in temperature and humidity regulation. Li et al. [29] developed a
novel PFCHRM using a PCM for temperature control and hygroscopic MIL-100(Fe) for
humidity regulation. This composite demonstrated exceptional reliability over repeated
thermal-moisture cycles, highlighting its significant potential for applications in indoor
environmental control and energy-efficient building systems.

A common challenge in PCM composites is leakage during phase transitions.
And microencapsulation technology has been widely adopted to address this issue,
thereby significantly enhancing the composite’s structural stability [30–32]. For instance,
Chen et al. [33] synthesized PCM microcapsules through a sol–gel method with methyl-
triethoxysilane as the precursor. These microcapsules were then integrated with a matrix
of sepiolite, palygorskite, and zeolite to fabricate a phase change humidity control ma-
terial (PFCHRM) that demonstrated robust thermal performance and effective moisture
buffering capacity. In a related study, Wang et al. [34] developed a PFCHRM by incorporat-
ing microencapsulated capric acid PCM into a sepiolite-zeolite hygroscopic matrix. The
resulting composite was characterized by a phase transition temperature of 31–32 ◦C, a
high heat enthalpy of 123.91 J/g, and optimal humidity regulation (6.28% moisture ab-
sorption) when the sepiolite-to-zeolite mass ratio was 9:1. Fraisse et al. [35] incorporated
a phase change humidity control material (PFCHRM)—comprising microencapsulated

143



Buildings 2025, 15, 4376

PCMs and diatomite—into sintered hollow bricks and evaluated its performance against
expanded polystyrene (EPS). Simulations showed PFCHRMs reduced internal temperature
fluctuations, relative humidity, and total heat flux by 50%, highlighting their energy-saving
potential. He et al. [36] formulated composite materials by incorporating PCM micro-
capsules into various matrices, including gypsum, zeolite, expanded vermiculite, and
shell powder. Among these, the zeolite-based composite demonstrated a phase transition
temperature range of 20–25 ◦C, which is ideal for room temperature and superior humidity
control. By providing synergistic control over both temperature and humidity, PFCHRMs
exhibit a distinct advantage over traditional single-function humidity-regulating materi-
als, underscoring their significant potential for advanced applications in building indoor
environment creation.

Table 1 summarizes the moisture-related parameters of optimized humidity-regulating
materials. Among these parameters, Moisture Buffering Value (MBV) serves as a key
performance indicator, where a higher value denotes a greater capacity for humidity
regulation. The equilibrium moisture content reflects the moisture capacity of composite
materials. Generally, the equilibrium moisture content of materials increases with the
elevation of ambient relative humidity.

Table 1. Performance parameters of composite humidity-regulating materials.

Material Reinforcement Material MBV (g/(m2·%RH))
Equilibrium

Moisture Content
Relative Humidity

(RH)
References

Alkali-activated Cork 1.89 / / [16]
Mortar Biochar 0.7 40.29 kg/m3 80% [17,18]

Mortar Corn Cob/
Wood Wool

1.116/
0.663 35%/15% 90% [26]

Clay Olive Fiber 1.739 30 kg/m3 80% [27]
Inorganic

humidity-regulating
Brick

Poplar Wood Fiber 1.917 5.5% 80% [24]

PCM MIL-100(Fe) 10.2 29.8% 60% [29]

PCM Microcapsules Vesuvianite/Sepiolite/
Zeolite

1.145/0.78/
0.514 / / [34]

PCM Microcapsules Sepiolite-Zeolite Powder / 6.28% 99% [34]

PCM Microcapsules
Gypsum/Zeolite/

Expanded
Vermiculite/Shell Powder

0.495/4.36/
2.82/0.433 1%/10%/12%/1% 80% [36]

Notes: MBV: Moisture Buffer Value (g/(m2·%RH)). Equilibrium Moisture Content: Expressed as mass percentage
(%) or volumetric content (kg/m3). Relative Humidity: Test conditions for equilibrium moisture measurement.
“/”: Data not provided or not applicable.

3.2. Physical Optimization

The pore structure of humidity-regulating materials is categorized into one-end open
pores and two-end open pores. Since one-end open pores lack a hysteresis loop (due to
overlapping adsorption and desorption curves), which deviates from the ideal isothermal
adsorption characteristics of humidity-regulating materials, consequently, two-end open
pore structures are generally preferred. In such materials, capillary condensation occurs at
varying temperatures, with a specific correlation between pore radius and relative humidity
(RH). Dr. Yang Qian and her team at Southwest University published a study in Nature [37],
demonstrating that the Kelvin equation remains valid even in sub-nanometer channels.
A systematic analysis of IUPAC-classified adsorption isotherms indicates that materials
exhibiting Type IV or V behavior exhibit a pronounced affinity for humidity regulation.
The study further quantified that, within the 40–70% RH range, the critical pore diameters
for capillary condensation and desorption in two-end open pores fall within 1.16–2.96
nm and 2.32–5.92 nm, respectively. By accounting for the presence of pre-adsorbed water
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molecular layers during dynamic moisture exchange, the optimal pore size for effective
humidity regulation can be inferred to lie between 3.0 and 7.4 nm.

(1) Mesoporous Materials

Mesoporous materials, characterized by pore diameters of 2–50 nm, inherently fall
within the optimal size range for humidity regulation, making them widely applicable in
this field. The most well-established synthesis routes, such as sol–gel and hydrothermal
methods, are frequently combined with microwave-assisted or sonochemical techniques to
precisely control and enhance their structural and functional properties.

Zhang et al. [38] prepared mesoporous materials via a one-pot hydrothermal method
for humidity sensing applications, systematically identifying the optimal precursor ratios
to enhance sensing performance. In a separate study, Lu et al. [39] synthesized low-cost
mesoporous silica nanoparticles (MSNs) from waste materials using hydrothermal methods,
achieving an average pore size of 3.98 nm with uniform porosity.

Disordered mesoporous materials suffer from irregular pore structures and broad size
distributions, leading to unstable adsorption performance. To address this, researchers
have either optimized disordered mesopores or directly synthesized ordered mesoporous
materials with highly aligned, monodisperse pores. For example, Gao et al. [40] developed
crystalline mesoporous magnesium silicate via a sol–gel route, using carbon coating to
prevent pore collapse during high-temperature crystallization.

(2) Pore Size Regulation

To enhance performance, pore sizes of other humidity-regulating materials are often
tailored to the optimal range. It is demonstrated that foaming treatment optimizes the
pore structure of humidity-regulating materials, specifically by increasing porosity and
improving pore size distribution. This process led to the formation of more micropores
(2–4 nm in diameter) and a reduction in mesopores (≥15 nm in diameter). Such structural
modifications significantly improved the material’s hydrothermal performance, increasing
its maximum adsorption capacity by 1.2 times and water vapor permeability by 1.09 times.
Meanwhile, Zhou et al. [41] developed a hierarchically porous composite aerogel via a
freeze-drying method. Experimental results demonstrated that this material effectively
maintained indoor humidity within an optimal range of 50–65%. Moreover, even after
30 cyclic humidity tests conducted between 20% and 90% relative humidity, its moisture
regulation performance remained stable.

Metal–organic frameworks (MOFs) are an emerging porous materials distinguished by
their exceptional pore size distribution and structural tunability. Qin et al. [42] developed a
precision humidity control material (PHRM) based on an MOF structure. Characterization
results indicated that the synthesized MOF material possesses an average pore size of
approximately 2 nm, exhibiting an S-shaped isotherm, high porosity, and a remarkable
water vapor uptake capacity of 1.62 g/g at 80% relative humidity. In a related study, Hou
et al. [43] fabricated a localized humidity pump using MOFs, which demonstrated effi-
cient moisture transfer from low-humidity to high-humidity spaces under environmental
conditions of 22.8 ◦C and 60% RH. Ge et al. Meanwhile, Ge et al. [44] utilized the highly
ordered mesoporous channels of MCM-41 to provide uniform nucleation sites for MOF
growth, successfully synthesizing a nanocomposite with an ultrahigh specific surface area
(3188.14 cm2/g) through hydrothermal methods.

Pore-size preparation methods for the aforementioned mesoporous humidity-regulating
materials are summarized in Table 2. Primary techniques include hydrothermal synthesis,
template methods, sol–gel processes, foaming, and freeze-drying. Notably, the most
probable pore size (the pore diameter with the highest occurrence frequency in porous
materials) is consistently less than 10 nm for all methods, which falls within the optimal
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pore size range for achieving superior humidity regulation performance as discussed
above.

Table 2. Pore size regulation methods for humidity-regulating materials.

Material Method Most Probable Pore Size References

Inorganic Compounds Template Method 3.93 nm [38]
Silica Hydrothermal Synthesis 8.4 nm [39]

Magnesium Silicate Sol–Gel Method 2.58 nm [40]
Palygorskite/Wood Fiber Composite Freeze-Drying 10 nm [41]

Metal–Organic Framework Hydrothermal Synthesis 2 nm [43]
MIL-101/MCM-41 Composite Template Method 3.2 nm [45]

Notes: Most Probable Pore Size: Dominant pore size range for each material.

3.3. Chemical Enhancement

(1) Inorganic Salts

Among various humidity-regulating materials, natural inorganic porous materials
stand out for their cost-effectiveness and durability, making them suitable for large-scale
building applications. However, these materials generally suffer from limited moisture
capacity. To enhance their hygroscopic performance, the most common approach involves
impregnation with highly hygroscopic inorganic salts.

Liu et al. [45] developed smart humidity-regulating wall tiles using sepiolite with
CaCl2 as an additive. Experimental tests under real-world conditions demonstrated that
these white wall tiles successfully reduced daily indoor humidity fluctuations by over
20% in complex outdoor environments. In a related study, Yang et al. [46] investigated
the dehumidification performance of LiCl solutions and examined their effects on the
basic properties (e.g., thermal conductivity), hygroscopicity (adsorption/desorption), and
moisture buffering performance of gypsum-based materials. The results indicated that a
small addition of LiCl (1–8%) significantly improved the fundamental and hygroscopic
properties of gypsum boards while avoiding noticeable microstructural alterations.

(2) Functional Groups

Grafting reaction refers to a type of copolymerization reaction that produces graft
copolymers. Graft copolymers consist of two different polymer chains connected by
chemical bonds. By introducing hydrophilic functional groups such as hydroxyl (-OH),
carboxyl (-COOH), and amino (-NH2) onto mesoporous materials through grafting, their
underlying support structures can be modified. This grafting approach enhances the mate-
rial’s moisture—absorption capacity by forming hydrogen bonds between the functional
groups and water molecules. Additionally, the introduction of appropriately sized organic
functional groups enables the adjustment of pore sizes in mesoporous materials.

Ming-Jui Hung et al. [47] conducted amine functionalization using varying concentra-
tions of (3-aminopropyl)triethoxysilane under a nitrogen atmosphere at 120 ◦C. The study
found that Al—MCM—41 molecular sieves with 5.0% grafted amine groups exhibited
excellent structural properties. These properties included a high specific surface area of
870.23 m2/g, a pore volume of 1.41 cm3/g, and an average pore size of 4.74 nm. Further-
more, these molecular sieves demonstrated superior pore uniformity and an outstanding
equilibrium moisture content, reaching up to 39.4 kg/kg.

(3) Organic Polymers

Polymers such as polyacrylic acid (PAA), polyacrylamide (PAM), and carboxymethyl
cellulose (CMC) leverage hydrophilic groups and 3D networks to achieve excellent moisture
regulation performance. These materials can be flexibly processed through various meth-
ods, including blending, copolymerization, and lamination. For instance, Xue et al. [48]

146



Buildings 2025, 15, 4376

modified vermiculite with acrylic acid/acrylamide via inverse suspension polymerization,
creating a novel humidity-regulating composite. Yue et al. [49] synthesized lightweight,
tough building materials using expanded perlite (EP) and CMC, where CMC’s crosslinking
network and osmotic pressure boosted self-regulating performance. Synergistic effects
from CaCl2 and CMC further enhanced moisture uptake.

4. Application Performance

4.1. Practical Applications

Since the 1990s, HRMs have been integrated into the interior surfaces of building en-
velopes. In conjunction with conventional enclosure assemblies, these moisture-responsive
layers supplement active humidification systems, thereby improving indoor thermal com-
fort while simultaneously reducing the energy demand of HVAC equipment. Up to now,
the applications of these materials have expanded to fields such as construction, air condi-
tioning systems, sensing, and wastewater treatment.

(1) Building Materials

The integration of HRMs into building walls aims to effectively control indoor hu-
midity, enhancing occupant comfort and extending the structural lifespan of buildings.
By adding these materials to construction components, they can absorb and release mois-
ture from the air, thereby stabilizing indoor humidity levels. As depicted in Figure 2,
humidity-regulating wall has been applied in museums.

 

Figure 2. Humidity-regulating wall in museum.

For example, Liu et al. [50] developed intelligent humidity-regulating wall tiles using
sepiolite with CaCl2 as an additive. The low-temperature sintering process created a highly
hygroscopic internal structure within the tiles. Tests conducted in a real-world model house
demonstrated that these tiles could reduce daily indoor humidity fluctuations by over
20%. The team also modified the tiles with silane to create a superhydrophobic surface,
enhancing their self-cleaning properties while effectively preventing leakage of the CaCl2
solution. Another researcher Fraine et al. [35] prepared a phase-change humidity control
material by combining microencapsulated phase-change materials (MPCM) with diatomite,
and then incorporated into sintered hollow bricks. This study indicated that compared
to traditional expanded polystyrene, the MPCM/diatomite composite material exhibited
energy-saving potential of up to 50%.

Additionally, Zhou et al. [51] employed a sol–gel method to composite zeolite with
polymer materials, producing a hygroscopic and thermal insulation material with a porous
surface and uniform, single-sized pore distribution. And when applied to prefabricated
houses, the study found that during winter, this composite material effectively mitigated the
impact of outdoor temperature and humidity fluctuations on indoor conditions, stabilizing
air parameters such as temperature, relative humidity, and moisture content.
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Furthermore, the long-term durability HRMs in building envelopes are critically de-
pendent on their waterproofness and resistance to alternating moisture and drying cycles.
Prolonged exposure to high-humidity environment and recurrent wetting-drying stresses
can lead to material performance degradation. For instance, Sara C. [52] experimentally
and numerically demonstrated that a compressed raw earth block wall effectively provides
passive regulation of indoor temperature and humidity while also functioning as a moisture
barrier. Hongqiang et al. [53] conducted an experimental investigation on the waterproof
performance of building reed-based insulation materials prepared by carbonized reed,
alkalic activator, and self-developed waterproof agent. In addition, the applications of
Metal–Organic Frameworks have been extended to cultural heritage preservation, encom-
passing environmental control through humidity regulation, adsorption of harmful gases
and particulate matter, as well as surface waterproofing and antibacterial protection [54].

(2) Radiant Cooling Terminals

Radiant cooling systems have gained wide attention due to their energy efficiency
and humane thermal comfort benefits. This kind of air conditioning system utilizes chilled
water at moderate temperatures to generate uniform thermal distribution while minimizing
air movement, reducing noise, and eliminating drafts. However, condensation will occur
when indoor humidity fluctuates rapidly or surface temperatures drop too low, posing a
major obstacle to the widespread application of radiant cooling systems.

Such as, Chen et al. [55] addressed the inability of conventional radiant terminals to
handle latent heat loads by integrating humidity-regulating materials into the system as
shown in Figure 3, proposing a novel hygrothermal radiant terminal with moisture storage
capacity to mitigate condensation risks. Zhang et al. [56] investigated the condensation-
suppression performance of an MOF-based composite hygroscopic coating applied to surfaces
in a typical radiant cooling room. It was found that compared to the uncoated ceiling, the
coated material with a higher Moisture Buffering Value (MBV) could significantly increase
the average difference between surface temperature and dew point temperature—by up to
181%. Additionally, compared to a structure without desiccants, the average temperature
difference between the surface and dew point increased by 2.11 ◦C. In addition, sepiolite
based humidity-control material and sepiolite based humidity-control coating have been
prepared for radiant cooling panel to alleviate its condensation problem [55,57].

 

Figure 3. Humidity-regulating radiant ceiling.

The humidity-regulating coating, composed of advanced moisture-adaptive materials,
can significantly improve a building’s energy utilization efficiency. This innovation over-
comes the condensation default of traditional radiant cooling systems and substantially
reduces system energy consumption.
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(3) Humidity Sensors

The integration of HRMs has been successfully employed to enhance the accuracy and
stability of humidity sensors. Humidity sensors—devices that monitor atmospheric mois-
ture levels—typically rely on resistive or capacitive sensing mechanisms. The incorporation
of HRMs effectively mitigates the sensor’s temperature sensitivity, leading to significant
improvements in measurement precision and response speed.

Thus, Zhen et al. [58] synthesized a tin oxide/diatomite composite material via a
hydrothermal method and investigated its humidity-sensing and control properties. It
was found that the honeycomb structure of diatomite provided the composite with a large
specific surface area for H2O molecule adsorption while enabling charge transfer between
embedded tin oxide nanoparticles. This design significantly enhanced the sensor’s humid-
ity sensitivity and response time. In addition, MOF-based humidity sensors have been
studied and developed for humidity monitoring in indoor environments or industrial
fields in recent years [59–62]. An enhanced-performance relative humidity sensor using
MOF-801 photonic crystals was developed by Kuo Z. et al. [59]. Wu et al. [60] conducted an
in-depth study on six MOF-based humidity sensors, identifying their shared characteristics,
including strong hydrophilicity, high porosity, and exceptional stability. Three free-base
Zr porphyrin metal–organic frameworks (MOF-525, MOF-545, and NU-902) were studied
by Nicholaus for their efficacy in QCM-based relative humidity sensing [61]. Ke et al. [62]
addressed the demand for highly sensitive low-humidity sensors by directionally con-
structing long-range ordered ionic liquid (IL) functionalized MOF-303, which enabled a
sensor with exceptional performance, including a response of 3075, and its mechanism was
elucidated through characterization and CIS analysis.

(4) Other Fields

Most HRMs possess hierarchical porosity with high specific surface area, endowing
them with exceptional adsorption capacity. When applied to wastewater treatment con-
taining abundant organic compounds and microorganisms, these materials can effectively
adsorb and decompose organic pollutants.

For instance, Alsuhaibani et al. [63] developed a composite sponge by encapsulating
sulfadoxine in chitosan-modified MOF material. This sponge had a large surface area of
862.87 m2/g and showed effective performance as an adsorbent for removing contaminant
ions in wastewater systems. Zhao et al. [64] synthesized a biochar-based composite material.
Their research showed that under optimal conditions (impregnation ratio of 1:2, dosage
of 50 mg, and initial solution pH of 4.0), this composite achieved a remarkable pollutant
removal efficiency of 97.56%.

HRMs have been demonstrated to significantly enhance the performance of humidity
sensors. However, the current literature on this subject remains limited, necessitating
further in-depth research.

4.2. Simulation Applications

Practical performance of HRMs not only depends on their intrinsic properties but also
crucially on their heat and moisture transfer behavior during application. Given the long
testing cycles and high costs associated with experimental setups, numerical simulation
has emerged as an effective alternative research approach.

By simulation applications, researchers can analyze extensive testing data from real-
world material deployment scenarios to uncover the underlying physical and chemical
mechanisms responsible for performance limitations. These mechanisms are then mathe-
matically modeled, solved using appropriate algorithms, and iteratively refined to accu-
rately predict material performance in practical applications. Consequently, in simulation
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studies of humidity-regulating materials, the validity of moisture transfer models directly
determines the reliability of performance predictions.

(1) Traditional Simulation Models

(1) Moisture Transfer Models

Fick’s law states that the diffusion flux through a unit cross-sectional area perpen-
dicular to the diffusion direction is proportional to the concentration gradient at that
cross-section, with higher gradients yielding greater fluxes. Lewis [65] proposed that
surface evaporation reduces internal moisture content and alters temperature, making dif-
fusion coefficients variable. Stefan [66] extended Fick’s theory into Stefan’s law, assuming
isotropic porous materials with constant physical properties and vapor diffusion driven by
partial pressure, while neglecting liquid water transport. Liquid water in porous media
primarily moves via surface diffusion and capillary forces, with Darcy’s law describing its
transport. Buckingham [67] introduced the concept of unsaturated capillary flow driven
by capillary potential, and Miller [68] linked capillary transport to surface tension and
viscosity, both pressure-dependent functions. Most humidity-regulating materials are
porous, with liquid water transport driven by capillary potential, diffusion, and hydrostatic
pressure. Capillary models excel at describing moisture transfer under low humidity but
become less accurate under high humidity, where diffusion and permeation dominate.

In common commercial simulation software (as listed in Table 3), EnergyPlus, MATCH, and
hygIRC focus on one-dimensional heat and mass transfer. They are suitable for simplified mod-
els (e.g., gradient analysis along wall thickness) or specific scenarios (e.g., energy consumption
simulation, hygroscopic material calculations). MATCH ignores thermal and moisture convec-
tion effects, which makes it ideal for foundational theoretical research. Meanwhile, hygIRC
emphasizes thermal–air–moisture coupling and is suitable for assessing building durability.

Table 3. Commercial Software for Heat and Moisture Transfer in Hygroscopic Materials.

Software
Name

Transfer
Dimensions

Core Features and Advantages References

WUFI 1D/2D/3D Engineering-grade coupled heat-moisture model; mature
for wall system analysis. [69–71]

COMSOL 1D/2D/3D Multi-physics coupling (heat, moisture, radiation,
convection); highly customizable. [72,73]

EnergyPlus 1D Whole-building energy simulation; simplifies wall
heat-moisture transfer to 1D. [74,75]

MATCH 1D Transient hygrothermal calculations for hygroscopic
materials; combines finite volume method with Fick’s law. [76]

TRNSYS 1D/2D Modular dynamic simulation; supports system integration
and control strategy optimization. [73]

hygIRC 1D Fully coupled heat-air-moisture (HAM) model; emphasizes
building durability. [77]

DELPHIN 1D/2D Fully coupled heat-air-moisture (HAM) model; emphasizes
moisture impact on building durability. [69,70,78]

Notes: Transfer Dimensions: 1D (one-dimensional), 2D (two-dimensional), 3D (three-dimensional).

WUFI-PLUS, COMSOL, TRNSYS, and DELPHIN support 1D to 3D transfer, making
them applicable for complex structures (e.g., building envelopes, porous media) involving
multiphysics coupling simulations. COMSOL is notable for its multiphysics coupling capa-
bilities, allowing for the simultaneous analysis of heat conduction, convection, radiation,
and moisture diffusion. DELPHIN, conversely, prioritizes the combined transfer of liquid
water and water vapor and their impact on heat transfer.

(2) Coupled Heat-Moisture Models

Coupled heat-moisture transfer models account for interactions between humidity,
temperature, and other factors, providing a holistic description of heat and moisture trans-
port. In porous media, heat and moisture transfer are interdependent, necessitating coupled
models for realistic simulations. Luikov’s theory [79] integrates total pressure gradients,
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temperature gradients, concentration gradients, molecular transport, and capillary effects
into a coupled model. However, its idealized nature requires simplification for practical use.
Philip and De Vries [76,80] established a mathematical model driven by temperature and
moisture gradients. In this model, liquid water moves via capillary and adsorption forces,
and vapor diffuses through pores. Liu and Chen [81] developed a model using relative
humidity as the driving potential, treating liquid water flow as a capillary pressure-driven
“stream” governed by Darcy’s law.

(2) Simulation Model Optimization

The accuracy and reliability of moisture transfer models depend on their validity.
Optimizing these models for specific materials enhances the precision of simulations by
improving the fidelity of the mathematical and physical models.

(1) Mathematical Models

To enhance the accuracy of numerical simulations, researchers have innovatively devel-
oped new models and methods for studying moisture transfer and humidity control processes.
Currently, the optimization of moisture transfer models in porous media primarily focuses on
multiphysics coupling, heterogeneity considerations, and mechanistic modeling.

Traditional theories of heat and moisture transfer in porous media are based on
continuum assumptions, employing volume averaging that neglects the heterogeneity of
microscopic pore structures and matrices. To address this limitation, Yuan et al. [82] adopted
a discrete pore network model to simulate soil temperature and moisture distribution. This
approach demonstrated superior accuracy compared to continuum-scale methods and
better agreement with experimental data.

Additionally, Bianchi Janetti et al. [83] compared pore network models with continuum
approaches. They revealed the microscopic mechanisms by which contact angle variations
influence spontaneous imbibition in porous materials, further validating the advantages
of discrete methods for interface-dominated problems. While continuum methods fail
to capture pore-scale effects, discrete approaches (e.g., pore network models) can better
characterize microstructural influences.

Fang et al. [84] developed a transient model addressing coupled heat, air, and moisture
transfer through multilayer porous media. This model resolves non-steady-state moisture
transfer characteristics under transient humidity shocks, providing theoretical support
for defining material performance boundaries in dynamic applications. Choi et al. [85]
quantified the impact of different driving forces on hygrothermal predictions, comparing
indoor humidity variations under seasonal environmental changes. Their study confirmed that
coupled Heat-Air-Moisture (HAM) models using water potential as the driving force more ac-
curately simulate the hygrothermal behavior of building envelopes. Son Thai Pham et al. [86]
established a DEM-based triangulated pore-scale model for drying particle aggregates,
uncovering the influence of particle size distribution on capillary force evolution. This
model constructs a quantitative relationship chain linking “particle size distribution → pore
structure → capillary forces → moisture transfer performance,” enabling precise material
design based on microscopic mechanisms.

As depicted in Figure 4, in porous materials, moisture exists in both vapor and liquid
phases at interfaces and within pores, with transfer typically occurring as a gas–liquid
two-phase flow. Conventional models often treat these phases independently, despite their
coupled behavior. Zhao et al. [87] proposed a mesoscale numerical method for coupled
heat–moisture transfer in building envelopes, introducing a novel multiphase model that
incorporates heat exchange, vapor migration, freezing, and evaporation/condensation
effects. Sadeghi et al. [88] extended Lee’s multiphase model into 3D to simulate absorp-
tion/desorption in porous substrates, demonstrating that increased porosity enhances
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water penetration rates. Such multiphase models are critical for predicting internal heat-
moisture transfer in hygroscopic walls and optimizing material performance.

Figure 4. Forms of wet migration in pores.

The Kunzel model [89], which uses relative humidity as the driving potential, is
a simplified approach widely cited for describing the behavior of hygroscopic mate-
rials, particularly under non-isothermal and non-isohumidity conditions in building
materials [90–92].

Liu et al. [81] advanced this field with a coupled heat-moisture (CHM) model that em-
ploys vapor pressure and temperature as driving potentials. By avoiding approximations
between air moisture content and relative humidity through total differential formulation
and optimizing equation coefficients for solvability, this model effectively predicts the
hygrothermal processes of walls. Some scholars refer to it as the “Liu model,” noting that it
avoids potential discontinuities at the interfaces between dissimilar porous media.

Comparative studies by Dong et al. [93] validated the accuracy of both models within
the hygroscopic range. The Liu model shows superior precision, while the Kunzel model
exhibits limitations near over-hygroscopic regions. However, Janssen [94] later argued that
the two models are fundamentally similar.

(2) Physical Models

While the aforementioned simulation optimizations primarily refine classical moisture
transfer models, another group of researchers has adopted innovative approaches by constructing
realistic geometric structure models to significantly enhance the accuracy of numerical simulations.

Bennai et al. [95] employed X-ray tomography to reconstruct 3D porous material struc-
tures, enabling mesoscale-coupled heat-moisture transfer simulations via COMSOL Multi-
physics. Similarly, Dahanni et al. [96] incorporated authentic 3D wood microstructures to
simulate internal hygrothermal transfer, utilizing X-ray microtomography for physical model
reconstruction. Galy et al. [97] numerically generated 3D structures with dispersed parti-
cles featuring point/surface contacts using the diffusion-limited cluster-cluster aggregation
(DLCCA) method. The synthesized mesoporous structures demonstrated high fidelity to
experimental characterizations in specific surface area, mean pore size, and size distribution.
Muhammad Nasir et al. [98] conducted 3D drying experiments on wet porous media using
micro-CT technology, revealing wettability effects during pore-scale drying processes.

This paradigm shift from idealized to true-structure modeling marks a critical evolu-
tion in hygrothermal simulation, particularly for applications that demand high precision
in humidity-regulating material design and performance prediction. With the application
of emerging intelligent technology in buildings [99–102], this field now confronts the chal-
lenge of developing smart simplification protocols to strike a balance between physical
accuracy and computational practicality.
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5. Discussion

This review provides a systematic synthesis of advances in humidity-regulating materials
(HRMs). While prior review papers have cataloged the classification, mechanisms, and basic
evaluation metrics of various HRMs [13–15], they have predominantly remained within the
domain of material-level analysis. The scientific novelty of this work lies in its structured,
two-tiered analytical framework that systematically bridges the gap between material science
and engineering application. First, it moves beyond mere classification to consolidate and
categorize performance optimization strategies into three coherent pathways: multi-material
compounding, physical pore-structure regulation, and chemical functionalization, offering a
clear roadmap for material enhancement. Second, and more critically, it establishes a direct
link between these optimized material properties and their tangible performance in real-world
systems, such as building envelopes, radiant cooling terminals, and sensors.

This systematization of knowledge yields significant practical implications for the en-
gineering construction industry. By quantitatively summarizing performance gains—such
as the 50% reduction in internal heat flux with PFCHRM-filled bricks [35], the 181% increase
in dew-point temperature difference with MOF-based coatings [56], or the 20% reduction in
indoor humidity fluctuations achieved by sepiolite-CaCl2 tiles [50]—this review translates
material science breakthroughs into measurable engineering outcomes. It compellingly
argues for the role of HRMs not merely as passive components but as active contributors to
energy conservation, operational stability, and durability of building systems. Furthermore,
the critical analysis of multiphysics models and simulation tools provides engineers and
architects with a practical guide for selecting appropriate predictive methods, thereby
de-risking the integration of innovative HRMs into building designs. Ultimately, this work
underscores a paradigm shift towards designing buildings as holistic, climate-responsive
systems, where advanced materials are central to achieving sustainability and resilience
goals, particularly in the challenging environments of hot and humid regions.

6. Conclusions

(1) Humidity-regulating materials demonstrate exceptional moisture control capabilities
and show significant potential in building envelope applications. Physical enhancement
methods mainly involve optimizing pore sizes to the range of 3.0–7.4 nanometers to
achieve optimal humidity regulation. Mesoporous materials, due to their suitable pore
characteristics, have been widely used in the preparation of humidity-regulating materi-
als. Chemical enhancement approaches include inorganic salt impregnation and func-
tional group grafting techniques, which aim to improve moisture absorption properties.
Moreover, when organic polymer materials such as polyacrylic acid and carboxymethyl
cellulose are combined with porous materials through composite techniques like blending
and copolymerization, the moisture absorption performance can be further enhanced.

(2) Humidity-regulating materials play crucial roles in fields such as construction, radiative
cooling systems, sensors, and water treatment. In building walls, they regulate indoor
humidity to enhance comfort levels. In radiant cooling systems, they reduce the risk of
condensation while improving energy efficiency. For humidity sensors, they enhance
measurement accuracy and stability. In water treatment applications, they efficiently
adsorb and decompose pollutants in wastewater, thus increasing treatment efficiency.
With broad application prospects, future research may focus on the multifunctional
integration of these materials to meet the high-efficiency demands across diverse fields.

(3) Significant advancements have been made in modeling heat and moisture transfer in
humidity-regulating materials. Simulation approaches have evolved from founda-
tional laws (Fick’s, Darcy’s) to sophisticated models that account for multiple coupled
factors. To improve predictive accuracy, researchers are integrating more environ-

153



Buildings 2025, 15, 4376

mental variables and material parameters, while refined geometric modeling enables
precise simulation of moisture regulation. These developments provide a robust
theoretical foundation for applying these materials in built environments.

(4) Future HRM research will shift from passive materials to intelligent, multi-functional
systems responsive to temperature, light, and pollutants. Key directions include
integrating air purification and energy harvesting, advancing phase-change mate-
rials, employing AI and cross-scale modeling for inverse design, and prioritizing
circular economy principles using industrial and agricultural waste. In construction
applications, HRMs are expected to be incorporated as standardized components in
prefabricated and 3D-printed building systems. Key goals include establishing HRMs
in passive building standards, developing anti-condensation solutions for radiant
cooling, validating performance through large-scale demonstrations, and creating
practical design guidelines for applications in hot and humid regions.
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Abbreviations

The following abbreviations are used in this manuscript:

HVAC Heating, ventilation, and air conditioning
RH Relative humidity
HRM Humidity-regulating material
MBV Moisture buffering Value
PFCHRM Phase change humidity control material
PCM Phase change material
EPS Expanded polystyrene
MSN Mesoporous silica nanoparticle
MOF Metal–organic frameworks
PAA Polyacrylic acid
PAM Polyacrylamide
CMC Carboxymethyl cellulose
EP Expanded perlite
CHM Coupled heat-moisture
DLCCA Diffusion-limited cluster-cluster aggregation
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