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Abstract: As urban development progresses, the built environment control has faced more
critical challenges in improving energy efficiency, air quality, and environmental comfort. Occupant
information (e.g., occupant status and behavior) sensing is a key but challenging aspect of built
environmental control. Computer vision (CV) technology provides a new way for multi-
dimensional information acquisition. However, a critical review is lacking in the cross-research area
of CV and built environment control, particularly considering the technological advancements
following the COVID-19 pandemic. This article reviews the latest advancements in the built
environment from international sources, with a focus on the research frontier in four branches:
ventilation and indoor air quality control, COVID-19 control, thermal environment control, and
lighting control. Through critical comparisons and analyses, it demonstrates that CV technology can
effectively sense highly dynamic built environments, which greatly enhances the data dimension,
resolution and accuracy compared to existing sensing technologies. Reported data shows that CV
technology achieved an average detection accuracy of about 95% for occupant-related information
and 86% for comfort-related information. Effective methods to improve the accuracy include
incorporating data fusion by using other sensors, upgrading algorithms, and improving the model
training. Particularly, the COVID-19 pandemic has driven the development of mask detection and
social distancing detection using CV. The challenges, future trends and potential applications are
discussed. This study emphasizes the need for cross-field integration of CV and built environment
to facilitate the sharing of cutting-edge techniques and knowledge, which will stimulate more

innovation in the future.
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Nomenclature occ Occupant-centric control
PCA Principal Component Analysis
AC Air-conditioners PMV Predicted Mean Vote
AGMM Adaptive Gaussian Mixture Model PPD Predicted Percentage of Dissatisfied
Al Atrtificial Intelligence PPG Photoplethysmography
AI-YOLO Attention-improved YOLO PP-YOLO Paddle Paddle-YOLO
BPE Baseline Plane Estimation RGB Red-Green-Blue
CNN Convolutional neural networks RMFD Real-World Masked Face Dataset
Ccv Computer vision ResNet Residual Neural Network
DCV Demand-controlled ventilation RGB-DT Red-Green-Blue Depth Temperature
DLIP Deep learning-influenced profile R-CLO Real-time clothing insulation
HVAC Heating, Ventilation and air Conditioning SGDM Stochastic Gradient Descent with momentum
TIAQ Indoor air quality SSD Single shot multistage detector
IcA Independent component analysis ST Saturation-temperature
LMS Least mean squares TVTM Top-View Transform Model
LSTM Long Short-Term Memory YOLO You Only Look Once
ML Machine Learning

1.Introduction

“Built environment” is the term used to refer to the human-made surroundings that
are separate from the natural environment [1]. This is a wide-ranging concept that
encompasses not only buildings, but also artificially built areas such as parks,
transportation systems, public facilities, coomties, and more. As the majority of the
world’s population is now living in the built areas (like urban areas), the human
activities (including indoors and outdooese becoming increasingly drastic, making
the interactions between occupant and built environments more dynamic and
sophisticated.

As people spend more and more timedesbuildings, this study centers on the
built environment of buildings (also known as “building environment”) in relation to
the indoor living environment within the scope of the built environment. Currently, the
negative impact of poor indoor environmental quality and pollution on occupants’

health, comfort, and productivity is becamgiincreasingly significant (like respiratory
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diseases, sick building syndrome, cardiovamcaihd cerebrovascular diseases) [2]. The
sensing and control of built environmernsthus very important for the occupant
settlement and sustainable developmentjenvhow to acquire high-quality data is
always a key problem.

In recent years, there have been more critical challenges in improving the control
of energy efficiency, air quality, and thermal comfort in the built environment. The
presences and behaviors of occupantsgbenormous pressure to sustain the built
environment, while the growing demand o€cupants for the built environment
conflicts with the existing methods of erwmmental control. Especially after the
COVID-19 pandemic, there is a booming deah#or building ventilation and fresh air
in order to reduce the possibility of aerosol transmission of virus [3]. Inevitably, this
will lead to a rapid increase in energgnsumption of buildings. In fact, buildings
account for a large proportion of gldbanergy consumption and greenhouse gas
emissions (the energy consumption of thestruction sector may account for 35-40%
of the total energy consumption [4] andamnd 39% of energy-related carbon emissions
[5]). Not only the building ventilation, creating a healthy, thermally comfortable, and
visually comfortable envimment in buildings often requires significant energy
consumption [6, 7]. Hence finding a bat® between environmental quality and
economy has been a widely concerned researched topic of interest for the scientific
community, government agencies, and emvinental management, and is still being
pursued. To address these challenges, new control paradigms are needed to improve the
environmental performance and avoid waste of resources and energyhil@]
pursuing sustainability ahe built environment.

Due to the dynamic nature of climateban environment, building structure (air
infiltration can account for an increase of energy demand [9]) and other dynamic
variables (related to human or non-tammobjects) would affect the building
environment and the people living insiddiyznamic control is crucial for human health,
comfort, and energy efficiency. As the traditional environmental control mainly
depends on point-based monitoring data, the understanding of the environmental

dynamics is mostly incomplete and inaccurate, leading to non-efficient environmental
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control. Therefore, developing new control sdaes is crucial for achieving a healthy,
comfortable, and dynamically balanced bwtivironment. Following this idea, the
concept of “occupant-centriccontrol” (OCC) has been proposed recently [10].

It should be noted that “built environment” is primarily designed for human beings.
OCC follows this idea in built environmerdrrol, which directlyor indirectly collects
information about occupants throughontact, semi-contact, and non-contact
approaches [11,12By intelligent response to occupants’ needs, energy waste can be
greatly reduced, and the comfort needs of occupants can be better satisfied (while
simultaneously meeting both of these fastisra highly challenging problem [13]). In
recent years, the rapid growth of artglen this field has further confirmed the
application prospects of OCC strategy. Taest progress in computer science and
artificial intelligence has laid the possibjlibf practical applicabns of experiments
and feasibility studies in the literaturéhich facilitates a superior environmental
control performance. For instance, controlling various building systems based on the
information of occupants can achieve energy-saving benefits of 20% to 45% [14].
According to the literature review of previous researches, control methods that
prioritize occupants can save 21% energy compared to traditional control methods
while improving comfort by 29% at the same time [15].

However, the realization of OCC in thailt environment requires high-resolution
data, often distribution-badeand multi-dimensional. Crently, the sustainable
development of the built environment urggrrequires high-quality monitoring data.
Especially for densely populated areas (usually in cities, including indoors and outdoors)
where occupant activities are frequent, the interaction between occupant and the
environment is complexsiven the rapid development in the field of CV in recent years,
the updating speeds of CV algorithms, technologies, frameworks, equipment are very
fast, empowering a great potential to advance the field of built environment regarding
the information sensing and OCC strategy. CV is a field of Artificial Intelligence (Al)
that enables computers and systems to extract meaningful information from images,
videos, and other visual inputs, and takéions or make recommendations based on

the extracted information. As developmentetp learning algohins, the capabilities
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of Al have been improved, and many applicas have been promoted in daily life. For
example, intelligent surveillance, fati recognition, and autonomous driving
technologies are becoming increasingly matioday [14]. CV technology has great
application prospects in the medical fi¢lb], construction field [16-18], and many
other fields [19] (agriculture, astronomyjueation). The literature reviews ([14, 20])
about the research and development oft€hnology are of great reference value.
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Fig. 1. Summary table after searching keyd®on the Web of Science platform

From Fig. 1, it can be seen that according to the data from the Web of Science
platform, the number of research articles published in the field of CV is rapidly growing.
It is hard for individual researchers to keep abreast of the latest technological
developments and updates, such as the cutting-edge techniques, algorithms,
methodologies and hardware. A major reasorasrtiost of the previous review papers
was usually focused on an individual areahe built environment such as thermal
comfort, ventilation control, lighting controgtc., as shown in Table 1. Very limited
studies discussed the mdithensional aspects compemnsively in one study.
Moreover, due to the outbreak of the COVID-19 pandemic, the built environment field
has undergone significant changes in Watmbn control and respiratory disease
prevention. The requirements for epidemic and infection control have greatly
stimulated the technological integrationdainnovation, but the research progress in
this area has not been effectively and comprehensively revi@egfore, a timely

and comprehensive evaluation is necessary to explore the latest advancement and



deepen the understanding of various areas in the built environment, which also needs
to provide inspirations for the future development along with the integration CV
towards an occupant-centric sustainable built environment.

To address the research gap in the cross dosfi&tomputer vision” and “built
environment” together with their integration for the advancement, this study aims to
conduct a critical review on diverse sub-are the built environment for providing
conclusive insights and methodological direstidor future research. This study also
aims to identify and provide suggestions &mdressing the limitations reflected in
previous studies, providing an in-depthabsis, indicating directions for future
development, and prompting the crossdi integration between CV and built
environment to advance the sharing of cutting-edge techniques knowledge.

To the best of our knowledge, this is the most comprehensive and wide-ranging
critical review article on the cross domaifi‘computer vision” and “built environment™
at the time of writing. Overall, following search questions will be responded in this
study.

RQ1. How to efficiently detect and understand the dynamics in built environments
in the digital era?

RQ2. What are the main advantages and challenges of integrating CV with built
environment?

RQ3. What is the future trend of integrating CV with the built environment and its
synergy effect?

RQ4. How to enhance the applicability of CV in the built environment to unleash

its potential?

2. Literature review and classification methods

2.1 Literature review method
This literature review collects relevant papers through two ways:
(1) Retrieving through Web of Science platform

The Web of Science search engine is chosen because it is an important database



platform for obtaining global academic litewee information, which includes a variety

of authoritative and highly influential imeational academic journals. When searching
for literature, the keywords used were as follow: “computer vision”, “occupancy”,
“building”, “energy”, “thermal control”, “COVID-19”, “ventilation control” and “light
control”. The 20182023-year limit has also been add®ue to the large number of
articles, a keyword filter was added to exclude irrelevant articles such as “medical” and
“outdoor” to obtain the first phase of the literature list. Then, the articles were selected

and screened based on the abstracts thatsimai@r to or had reference value for our
research direction. After reading the full text, the articles were classified according to

different environmental controls and in-depth searches were conducted in the reference

list of the first-phase publications. See Fig. 2 for the specific search process.

Web of science search :

* Year: 2018-2023

» Keywords: vision, occupancy, building, energy, thermal,
COVID-19, ventilation, light control and more

+ non-keywords: medical, outdoor and more
(n=1152)

A4

Articles Excluded (n=787)

A
By reading the abstract manually
« Strictly related to computer vision or related technologies
» Has reference value

(n=274)

Articles Excluded (n=198)

A4

Y
By reading the full text manually
* Ful-text subject matter meets our search needs
» Has reference value
* Meet the requirements of belonging to one of the four
major areas (see Fig. 4)
(n=76)

Fig. 2. Web of science platform search flow chart

(2) Referring to relevant literature review articles

As CV is an emerging field, it has exparced rapid development in recent years.
Consequently, studies in various areas ladapted different naming methods for CV.
This inconsistency in naming may have diffiees in meeting the expected relevance

if only using the keyword-based literature searching. To address this issue, a separate
7



literature screening approach has beerodhiced by referring to the relevant review
literature. By combining keyword-basedhdarelevant review searching (manual)
strategies, the relevance and quality of the cited literature can be further enhanced.

Table 1 summarizes the literature revéemn various built environmental controls
based on CV technology. The articles refeeghin these reviews have high reference
value, which were used to supplement the search in database. Although these review
papers discussed the relevant studies in Bpdields, there is still a gap for analyzing
articles focusing on state-of-the-art occupeentric building control systems. Besides,
most of these reviews focus on the environtalecontrol of a specific domain in single
dimension. For example, review pap¢t9,14,21-23] discuss thermal environment
control in buildings. Nevertheless, the im@aet air quality and lighting environments
on the comfort of occupants have rarely been discussed in-depth. Given the nature of
distribution-based high-resolution data featuthat CV technologies hold, there is a
need to articulate the cross-domain status of CV in the built environment and the
integration of two disciplines can be better reflected.

Thus, this article collectively covers tlagest research progress and technological
applications of CV technology in buildingir quality control,thermal environment
control and lighting environment control. @me other hand, regarding the ventilation
and air quality control of buildings, the outbreak of the COVID-19 pandemic in 2019
was a watershed moment. Although many previceviews or articles discussed the
latest technologies and achievements, thgrten with CV and future prospects have

rarely been touched in a broad view.

Table 1

Relevant literature review pasen built environment field

Domain Year Title
Review of vision-based occupant information sensing systems for occupant-
thermal 2021 centric control [21]
comfort Occupancy-based HVAC control systein buildings: A state-of-the-art
2021

review [22]



ventilation
control

occupant
detection/
positioning

face mask
detection
lighting
control

thermal
imaging

flame
detection

building
structure

construction
safety

Review on occupant-centric thermal comfort sensing, predicting, and

2020 controlling [14]
Non-invasive (non-contact) measurements of human thermal physiology
2020 signals and thermal comfort/discomfort poses -A review [10]
2021 Smart monitoring technologies for personal thermal comfort: A review [23]
Review of ventilation strategies to reduce the risk of disease transmission in
2020 high occupancy buildings [24]
2020 A comprehensive review of approaches to building occupancy detection [25]
2020 A review of building occupancy measurement systems [26]
Device-Free Localization: A Review of Non-RF Techniques for Unobtrusive
2021 Indoor Positioning [27]
2021 A Review on COVID-19 Face Mask Detection using CNN [28]
Virtual reality for assessing visual quality and lighting perception: A
2022 systematic review [29]
Thermographic methodologies used in infrastructure inspection: A review
2020 data acquisition procedures [30]
2021 A deep learning framework for autonomous flame detection [31]
Video Flame and Smoke Based Fire Detection Algorithms: A Literature
2020 Review [32]
Visual Analytics for Operation-Level Construction Monitoring and
2020 Documentation: State-of-the-Art Teutlogies, Research Challenges, and
Future Directions [33]
Computer vision-based interior construction progress monitoring: A literature
2021 review and future research directions [34]
A Review of Infrared Thermography for Delamination Detection on
2022 Infrastructures and Buildings [35]
Thermographic methodologies used in infrastructure inspection: A review-
2020 Post-processing procedures [36]
2020 Sensor-based safety management [37]

2.2 Classification strategy

Due to the advantages of real-time response, high precision, low cost, and multi-

parameter sensing, the CV technology has been widely used throughout the entire

lifecycle of built environments. However|lthow, there is no literature survey study

focusing on the specific fieldf “computer vision” and “built environment” together

with their integration for the advancemebue to the development in CV technology,
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many parameters have become measurable and available, leading to more possibilities
and applications for built environment cmit[38, 39]. Besides, some sophisticated
parameters like human metabolic rate cambee directly detected and deduced rather
than indirect inference based on the traditional environmental sensing.

Basically, CV technology has been uded environmental sensing, perception
and occupant information detection in variowsys. For example, CV has been used to
detect the number of people, indoor thermal environment a@@other environmental
parameters [40-42]. Generally, according to the nature of the detection parameters, CV-
related research can be broadly divided into categories, i.e., human-related and non-
human parameterHuman-related parameters refer to (Fig. 3): occupant monitoring
and identification, occupant density, occupant positioning, occupant posture detection,
occupant movement trajectory monitoring, skin temperature monitoring, pedestrian re-
identification, occupant activity level (related to metabolic rate [21]), etc.

Non-human parametersrefer to(Fig. 3): construction site safety management,
smoke and flame detection [31, 32] (useddmergency control in built environment),
thermal imaging (heat loss of enclosure stites, cold and hot bridge detection related
to buildings), or indoor equipment [43] (suaticomputers) heat dissipation monitoring.

The classification (Fig. 3) offers a general method for the subsequent literature

classification and discussion in this article.
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Fig. 3. lllustration: Computer vision for detBon of human-related and non-human

parameters [44]

As for Humaneelated parameters, an important concept, namely “occupancy

resolution”, must be introduced first. The concept of occupancy resolution based on the

three-dimensional aspects was proposed in [45], as shown in Fig. 4 (the Y-axis

represents occupancy resolution). As insieg in Y-axis direction, the detected

occupant information becomes more refingdich means that the accuracy and details

of detecting occupant and relatetbrmation will also increase.
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Behavior:

What are occupants doing?

Identity:

Who are they?

Tracking:

What are occupant’s movement routes?

Location:
Where are they?

Occupant Resolution

Count:
Total number of occupants

Presence:
At least 1 occupant is present or not

Fig. 4. Occupancy resolution (reproduced based on [39])
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Fig. 5. Literature classification ls&d on occupancy resolution

Subsequently, a fine-grained analysis of occupant information on the latest
intelligent ventilation control was carriedtaising similar methods. This article divides
the target parameters of CV monitoring into occupancy status, occupant information,
and occupant behavior (shown in Fig. 5). Stagfsrs to the presence, quantity, location,
etc. of occupants. The most basic residefarmation is presence, which is generally
detected through various sensors, red-gidea (RGB), or Wi-Fi, therefore, no
discussion is made. The teflmccupant informatiohrefers to the occupdstidentity,
tracking, habits, etc. These factors are ugusled as target parameters for personalized
regulation and are generally used as auyilarameters for the control of systems.
However, research in this field is stilinited. The most detailed information about
occupants is their behavior, such as theityes activities, and control behaviors (such

as opening windows, adjusting temperature,)eThe environmental control behavior
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of occupants in buildings is defined as “the behavior of occupants who unconsciously
or consciously control indoor environmdnt comparing the perceived environment

with past experiences [48]

3. CV techniques in occupant-centric built environment control

In the domain of constructicmd civil engineering, the term “built environment”
refers to the man-made environment thedvides a setting for occupant activities,
including housing, buildings, enclosed spaces, etc. Basically, all parameters detected
using CV technology are used to serve certain applications in the built environment.
Specifically, the built environment can leegaluated from several aspects, including
thermal, air qualityand visual aspects.

Computer Vision

g

— |

™ /@|_|££\

Ventilation and COVID-19 and alike Thermal Lighting control
IAQ control diseases control environment control

)

Fig. 6. Classification of computer siion technology application areas

To facilitate a better analysis and dission, the literature has been further
classified based on certain criteria. according to different control purposes, and the
collected articles are divided into four jmacategories: 1) ventilation and indoor air
quality (IAQ) control, 2) COVID-19 and alikdiseases control, 3) thermal environment
control, and 4) lighting control (shown irig.6). Regarding the literature in each
category, the classification is further based on the different targeted parameters for
detection or sensing. The classification resate shown in Fig.7, which is used as the

structure of Section 3.
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Fig. 7. Structural diagram of this review

3.1 Ventilation and 1AQ control

As people spending increasing amounts of time indoors, whether in offices or
residences, the ventilation and IAQ control becomes increasingly vital. Traditional
ventilation control faces challenges such as limited environmental sensors that cannot
accurately reflect non-uniform pollutant distribution and time differences caused by air
mixing processes. Improving IAQ to protect occupant health has always been an
important issue in indoor environments [5]. IAQ is an important part of environmental
control in buildings since poor IAQ can lead to various diseases and cause certain
economic losses [47]. In the context of the COVID-19 pandemic, IAQ and ventilation
are particularly critical, especially in places with severe pollution, large and dense
occupant flow [48].

Considering the aforementioned issues, investigating effective ventilation control
strategies can reduce energy consumption while ensuring good IAQ, which can
effectively promote low-carbon buildings and sustainable urban development. To have

a general view in this field, a word frequency graph (produced by inputting the
14



keywords of selected literatures into “weiciyun” software) was created for the selected
literature on ventilation control (shown in Fig. 8). It can be found that occupancy
positioning, machine vision, predictive control, and space-use analysis are frequent

keywords in this area.

Target Value Space use Anal}781s

Covid-19 Infection Risk

Ventllatlon Floor-standing

Trackmg Coohng Fan

Occupancy Positioning

Pose Estimation Air Velocity Public Buildings

Machine Vision Energy Savings
Geofence Room Air Conditioners Predic
Dlgltal Imdgjgrles

Fig. 8. Keyword frequency graph of retvied ventilation control literature

3.1.1 Classification
Over the past research, it has been fahat fine-grained information processing

is receiving increasing attention, from coarse to detailed, from single-dimensional to
multi-dimensional. According the occupanegolution, the publications in the area of
ventilation and 1AQ control towards OCC da@ broadly divided into: occupant count,
occupant location and occupant behavior. Negtwill review the progress in this field

in chronological order.

1) Occupant count

Recently, demand-controlled ventilation@W) was proposed to facilitate energy
and economic benefits in relevant ventdaticontrol studies [49-51]. However, due to
technological limitations, the tection method is usuallytbugh environmental sensor.

In the early stages of research in this area, detection methods still require the
assistance of environmental sensors to sextent due to theethnological limitations.
Combining visual data with CQroncentration monitoring is a very typical case [52].
However, many studies tend to use the CV technology solely, which investigated the
background subtraction in the early stagdsresearch [53], and the subsequent

advanced occupant detection algorithm (you only look once (YOLO) [54]). Due to the
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development of convolutional neural netk®r(CNN), it enables stronger feature
representation and learning capabilitiesnpared to traditional machine learning
methods, bringing new opportunities to Q¥ore research is not only focused on the
accuracy, but also considering energy efficie[b5] and reducing the risk of infection

[54].

Overall, compared to traditional environmental parameters such asa@D
temperature, the use of CV can greatly enhance the detection accuracy of occupant
count (typically reaching between 80-95%) kg it more suitable and promising for
engineering applications.

2) Occupant location

Occupant-location-based ventilation cohidentifies tracking targets in images
captured by cameras in the tracking aaeal provides location estimates based on pre-
calibrated data. The study in [56] usedoor location technology based on geofencing
and cameras, occupant positions and distdmet@geen occupant and fans are estimated,
and corresponding wind speeds and airfldirections are provided. The method
proposed in this article uses low-costloor cameras, and because no encryption
algorithm is used for privacy, the objectstected by the camera are markers behind
the occupants’ seats rather than the occupants themselves, which greatly limits the
accuracy of application in other scenarios. Improving the performance and quantity of
cameras and further processing images thralggrithms is a trend for future research.
Based on skeleton key points extracted frorages, the study in [57] developed a new
image-based occupancy localization systenmgusiultiple cameras to capture images
from different angles and processesing digital image processing and 3D
reconstruction. This system can provi@éalrtime location and direction information
for more than a dozen people and can begygmated into existing video surveillance
systems, which also provides a good solutigorieacy issues. However, it is important
to pay attention to the application of redé-lscenarios, occupant comfort requirements,
and compatibility issues with existing equipment. The study in [58] established a

computational fluid dymaics model and orthogonal experiment, the optimal
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parameters of the terminal-wind speedgéh value-were determined. It can be
automatically adjusted based on the diffeqgositions of passengers detected by the

camera, providing a good airflow velocity for indoor environments.

3) Occupant behavior

Only the number and location of occupare detected assuming that the occupant
maintain the same body activity pattern. Due to the lack of specific and accurate
estimates of the actual physical activityamicupants, this method may lead to vague
estimates of the COemissions and ventilation needs for occupants’ comfort. For
posture and activity, such as PoseTrack [59] and Alphapose [60] can extract skeletal
key points to identify motion features. Moxer, there are significant deviations in
achieving control through the detectionakingle parameter only, and the trend of
research is towards the fusion of multiple parameters to achieve higher accuracy and
complex information reasoning [61].

The study in [62] proposed a vision-based sensing system to obtain the count and
behavior of occupants. The YOLO (v3) demural network is used for passenger count
detection, and a multi-stream deep neunsdivork is developed for action recognition,
achieving a detection accuracy of 83%. Tgtisdy provides a strong case for using CV
technology to improve C£concentration estimates and promote a higher ventilation
frequency. However, when occupants overapare obstructed and repeatedly enter
and exit, the estimation of occupancy rate balbiased. The accuracy of the ventilation
control prediction model wilbe improved by increasing the number of input control
model parameters. The study in [63] deyeld a CV algorithm for monitoring occupant
behavior . It is used to reduce the risk of COVID-19 in high metabolic rate places (such
as gyms) by evaluating parameters sucbamsprehensive metabolic rate assessment.
Experimental results show that compardthva fixed fresh air ventilation strategy, it
can achieve a reduction in infection risk to 4.3-6.3% and save 13% energy. The adaptive
Gaussian mixture model algdmh it uses also provides a possible solution to privacy

issues.
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3.1.2 Summary and development trends
A summary table has been prepared (shown in Table 2), which includes the basic

content of the literature as well as a comparative analysis between the literature.
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Summary

In building ventilation and IAQ control, occupants are the service targets, and they
are directly related to ventilation needsheir variability, uncertainty, and uneven
spatial distribution are also the main challengéventilation control. By utilizing CV
technology, the monitored paratees of occupant can effectively improve the control
performance of ventilation and IAQ. According to the literature survey, as the
resolution of occupancy information increasasyironmental control is expected to be
more accurate, efficient and focused more on the needs of occupants. The high-
precision occupant information can alsm\de great assistance for refined and
efficient ventilation control. In addition, occupant location information can achieve
more refined zoning and intelligent ventilation control, thereby effectively reducing
energy consumption in buildings (especi#disge space buildings) with improved IAQ.
Regarding the occupant behavior, there isently relatively little research, and the
potential for integration can be further explored.

Development trends

The complex mobility and random behaviors of occupants pose challenges on the
built environment control, as their adjosnt speed lags behind changes in personnel
parameters, which may result in decreasebbor air quality or energy waste. CV is
used to identify the spatial distribution, qtign and activities of individuals and adjust
ventilation outputs to meet demand. Howewesituations with a large number or high
density of occupant, CV technoldgyimage recognition may experience overlap,
leading to errors and distortions that affiyet accuracy of ventilation control. This is a
limitation mentioned in mangtudies, and future research needs to integrate deep
learning and 3D imaging to improve accuracyl test the applicability and stability of
CV algorithms in more complex scenarios.

Additionally, there is a lack of stue that comprehensively examine the
performance indicators related to infectiosks, thermal comfort, and energy-saving
potential all at once. In addition, duette®e dynamics of time and non-uniform space
distribution of occupants in buildings, ehissue of device lifespan and energy

consumption needs to be further consideviedn operating terminal devices frequently.
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This problem is not mentioned in most articles. Besides, although the accuracy of
occupant detection is highly emphasizedhis field, many articles have vague or no
description of the accuracy, which may have a detrimental impact on the learning and
reference of subsequent studies.

The future ventilation system needs to be precisely controlled based on real-time
occupant demands, which can be achieved by integrating CV technology. Therefore,
future research can focus on developinprehensive algorithms and deep learning
frameworks. Subsequent stadishould conduct more human experiments and tests in
complex scenarios to evaluate the practical application effects of OCC strategies in

actual residential and office settings, in orevalidate their practicality and reliability.

3.2 COVID-19 and alike diseases control

The areas that occupant may come imotact with in the built environment are
mainly: 1) office/living environment (uslly a room); 2) enclosed environment
(modern buildings usually have elevators). Even in the post-epidemic era, small-scale
outbreaks and similar diseases in the reitaannot be underestimated. Traditional
detection methods (manual temperature ansknahecks at entrances) cannot meet the
epidemic prevention requirements. In this case, the real-time and automatic features of
CV technology can offer an efficient solution and the following section will briefly the
prevention and control of respiratory infectious diseases.
3.2.1 Classification

To prevent COVID-19 and similar respioay infectious diseases, wearing masks
and maintaining social distance are twad&ly used effect® non-pharmaceutical
interventions [66]. However, it is now conom to observe activiéis without wearing
masks and violations of social distamgiregulations. CV algorithms have been
developed to automatically detect these sibumgtand the following section will present

face mask detection and sociatdnce monitoring (see Fig. 9).
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Fig. 9. Literature classification on COVID-19 and alike diseases control

1) Face mask detection

Epidemiological data shows that face-to-face conversation, coughing, or sneezing
releases droplets which are the most commodenad transmission, increasing the risk
of infection [66]. Wearing masks with peattive efficacy is an effective means of
controlling the infection [67]. In the field ohask recognition, it can be seen through
the Web of Science platform that the deypshent of this field was relatively slow
before 2019, and the number of literaturethis field was also thited. After 2019 (the
outbreak of COVID-19), this field hasade breakthrough developments, and the
number of literatures has also increasagbonentially, which further confirms the
necessity of this study mentioned earlier.

The previous research in this field focused mainly on solving the obstacle of facial
recognition caused by masking (wearing masks, scarves, etc.). The study in [68]
proposed the “LLE-CNNs” algorithm for masking face detection, which consists of
three main modules (Proposal module,lfeaiding module, and Verification module).
The experimental results showed that thethod was significantly better than six state-
of-the-art methods by at least 15.6% on nidti-attribute facial attributes (MAFA)
dataset. The study in [69], the authors implemented a classic machine learning method
to identify masked and unmasked faces through principal component analysis (PCA).
The results showed that unmasked facesettér recognition rates in PCA. The study
found that feature extraction from occluded faces was slower than from unconcluded
faces.

After the outbreak of COVID-19 in 2019, many studies have been conducted,
laying a solid foundation for epidemic guention and control. Research on mask

wearing mainly focuses on the continucygimization of models and algorithms,
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while making limited alterations other dimensions. F@xample, detection schemes

that combine the residual neural netlv (ResNet-50) model and YOLOv2 [70],
detectors that use the Mobilenetv2 architecture as the classification framework [71],
and schemes that combine YOLOv3 and &aRtCNN [72]. Optimizing detection, the
accuracy has gradually improved from an initial 81% to 97.5%. In the later stages of
research in this field, considerable accuracy has been achieved. However, whether the
detection accuracy can be achieved in practical scenarios remains a challenge:

(2) It is difficult to disthguish facial obstructions, scarves, or simple hand covering
of the mouth and nose, which may beoguzed as wearing masks. (2) Insufficient
ability to deal with complex environmental scenes: no light or low light, complex
occupant mobility. On this basis, thedy in [73] proposed a novel attention-improved
YOLO (Al-YOLO) model, which can handle tlehallenges of dense distribution, small
size object detection, andnslar occlusion interference in complex real scenes,
enabling precise location and ensuring accurate classification. Experiments were
conducted on two challenging public face datn datasets, and the results showed
that the proposed AI-YOLO algorithm wasperior to seven other state-of-the-art
object detection algorithms (ResNet50)stea RCNN (VGG16), Dual Shot Single
Stage Detector (DSSD), EfficientDeBDYOLOvV3, YOLOv4, and RetinaNet).

2) Social distance monitoring

According to the World Health Organtzan and the Centers for Disease Control
and Prevention of the United States, ensuring a certain social distance (2 meters) is an
effective non-pharmaceutical method to slow the spread of COVID-19 [74].
Quantifying social ditance through CV technology can assess infection risk and allow
decision-makers to understandrremt social contact risks and develop strategies to
address respiratory infectious diseases during the epidemic period.

The development trend of social distardmtection is similar to that of mask
detection, and has experienced rapid development during the COVID-19 outbreak. In
previous studies on socidistance monitoring, a study in 2017 used unmanned aerial

vehicles equipped with visual technologyy observe the detection area, evaluate
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environmental potential risks, and prevéim¢ occurrence of dangerous events and
accidents [75]. The study in [74] developan algorithm to discover social distance
patterns among pedestrians in a city (quantified by pedestrian density and social
distance adherence rate), which could be used to establish appropriate response
measures (such as planning one-way straets¢duce infection risk. However, the
limitations of this algorithm are evident in complex scenes and crowded areas, lower
accuracy and privacy issues based on publiecas that urgently need to be addressed.
The study in [76] used Faster-RCNN for occupant detection and developing a transfer
learning layer for enhancement, a framework proposed in a study achieved 96%
detection accuracy in social distance nbaning using a top-view dataset. However,
this study only proposed one method and did not have an in-depth discussion of
subsequent measures. The study in [@iJposed a deep learning framework for
detecting and monitoring s@tidistance, crowd gathering, physical contact (such as
hugging), and disease symptoms (such as coughing), among others. Once any rules or
thresholds are violated, a non-invasive audieismal warning will be triggered to alert
the crowd. This study initially propose@@ying transfer learning to Faster-RCNN,
which provided a solution to some extent for accuracy and privacy issues. Visual
sustainable development monitoring proposef¥8] provided a good opportunity for
monitoring social distance and slowing theesl of the virus, as it can control and
analyze the physical distance between pedestrians in real time, detect behaviors that
violate sustainable development norms iovaits, and track and report individuals.
Previous studies mainly focused on maskaring or social distance, and the
investigated parameter were single. Soradist started to explore the opportunities of
multi-parameter detection to enable the control of respiratory infectious diseases to a
large extent. The study in [79] proposed a deep learning-based prediction model and
on-site risk analysis application was proposed to detect high-risk areas based on social
distance and mask-wearing tendencies. Mbeel achieved high accuracy, precision,
and F1-Score (97.6%, 97.8%, 97.9%), avab developed using various technologies
including YOLOvV3, ResNet50v2, Kaggle dataset, and RMFD dataset.

3.2.2 Summary and development trend
25



For the literature summary table mentioradmbve (shown in Table 3), it includes the

basic content of the literature as well as a comparative analysis between the literature
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Summary

Breakthrough solutions are needed farnitoring and prevention of COVID-19
virus transmission, particularly through amne learning models [80], which also
boosts the development of CV in speciffgphication areas. It can be found that CV
technology combined with deep learning [gay crucial role in epidemic prevention
and control. Currently, literatures in the field of CV can be roughly divided into two
categories for the prevention and controfedpiratory infectious diseases: face mask
detection and social distancing detenti Utilizing powerfl CV algorithms,
surveillance cameras can be used as a multifunctional sensor to detect different
parameters, patterns, or information. It should be noted that the detection of face mask
and social distance is primarily driven by the demand in the domain of built
environment. There are also many studies discussing the data fusion of CV and
environmental sensors &zhieve better results.

However, the face mask wearing and social distancing mainly relies on subjective
opinions of individuals. When individuals do not comply with relevant regulations, it
can easily lead to or increase potential infection risks. In addition, occupants may
remove masks (to drink water or eat) and talk in public places. Therefore, relying solely
on subjective behavior of individuals to prevent occupants from being infected is
unreliable, and comprehensive measures should be taken in conjunction with other
management measures to comprehensively prevent and control virus infection. For
example, adding measures to control social distancing (ground markings), non-invasive
audiovisual alarms [77], or visual platforms [81]; In addition, the ventilation rate can
be adjusted according to occupant density and behavioral information to further reduce
the risk of infection.
Development trends

Many countries may still face waves of infections from COVID-19 variants or
similar respiratory infectious diseases. ltestimated that the global monthly losses
caused by COVID-19 are approximately $1ioil, and common respiratory infections

also cause significant losses [3]. The stoflyidia Morawska [3] suggested that the
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traditional concept of the relationship betweeonnomic costs and infection probability
need to change.

In the use of CV technology, we hope that the parameters for detection can be
diversified rather than singular, as Kgai[79] proposed a detection method that
considers both mask-wearing and social distandihgs is because in reality, situations
may arise where social distancing is met tmatsk-wearing is not, or vice versa. The
more comprehensive the epidemic prevention measures, the lower the risk of infection.
The detection and control measures shouo #hke this into consideration and the
comprehensive evaluation of infectiorskiunder dynamic situations (like varying
social distance and mask-wearing statug)rigcial in real world. In addition to the
mask-wearing and social distancing mentionethis section, ventilation is also one of
the measures for epidemic prevention. As it overlaps with the content in section 3.1 on
ventilation, it is not discised here as one of the methods for controlling COVID-19 or
similar respiratory infectious diseases. Still, it is a crucial factor in preventing the spread
of the virus and reducing the probabilityiofection given that social distancing and
mask-wearing are important precautionaryaswees (not disinfection measures).

According to the World Health Organization’s Indoor Air Quality Guidelines,
traditional ventilation modesannot meet the needs of controlling bacteria or viruses
originating from human respiratory activiien indoor air. By using CV technology to
detect the density of people in the environment and adjusting the air supply accordingly
to dilute the air carrying the virus and reducansmission risks can effectively protect
public health and safety. Learning frometbxperience and equipment (systems) of
epidemic prevention and veation control and conducting more efficient ventilation
control in the post-epidemic era is a major trend in the future. Just like the water quality
improvement movement after the wafeollution outbreak in the 1990s, how to
improve air quality and make efficient usecontemporary intelligent technology is
also an important direction for future demeinent (also true for the field of ventilation

control).
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3.3 Thermal environment control

The main purpose of environmental cohBgstems such as heating, ventilation
and air conditioning (HVAC) is to ensureetimal comfort within the building. Thermal
comfort is crucial for occupants’ health, work efficiency, and sense of happiness [82,

83].

Traditional HVAC control modes andeimal comfort models predicted mean
vote (PMV) and predicted percentage of dissatisfied (PPD) have certain deviations in
meeting the thermal comfort needs of curmtupant [84, 85]. Currently, the accuracy
of the PMV model in predicting the actuaktimal sensation of biding occupants is
only 34% [86]. Therefore, there is an urgent need for a new thermal comfort control
system, such as occupant-centered thecoralfort detection and regulation strategy.

Compared to traditional contact-bagsedthods, CV technology as a non-contact
method [87] with semi-contacheans [88]. There are many advantages such as lower
cost, reduced pressure on the individuadéng tested, and adaptability to complex
occupant [89]). CV technology has been used to achieve non-contact real-time heat
monitoring of occupants for thermal contfaontrol. For example, better thermal
comfort management can be achieved by detecting skin temperature and estimating
blood flow rate.

A word frequency graph is also created after sorting and summarizing the
keywords of the articles selected in thsldi Based on the graph shown in Fig. 10, it
can be found that thermal comfort, HVAgstem, deep learning, and computer vision
are popular keywords in this field. The followg text provides a brief review in this

area.

31



Fig. 10.Keyword frequency graph of retrieved thermal environment control literature

3.3.1 Classification

The literature on the application of CV technology in thermal environment control
is mainly categorize it into four types: skin temperature, behavior, clothing condition,
and others (as shown in Fig. 11). Research by many studies [87, 90, 91] has been proven
to have a high correlation with skin temperature. The number of literatures in this field
is the highest. The clothing condition of occupant has a significant impact on the CV
technology for detecting skin temperature, and the insulation of clothing itself can affect
the thermal comfort of occupant [92].

Secondly, regarding the thermal comfort control, a relevant and commonly
monitored parameter is heart rate. For the detection of heart rate, contact devices will
be more accurate, while heart rate is influenced by various factors such as exercise,
eating habits, and stress [93]. CV technology features a relatively high accuracy in
detecting human movement, and changes in body posture and gestures that can also
reflect thermal comfort [94]. Therefore, monitoring occupant activity can be used as an
alternative way to detect heart rate and assist comfort control.

Finally, the input parameters for regulating the thermal environment can not only
be related to occupant, but also to othemapeeters within the building, such as the
equipment situation [95, 96], building enadlos structure [97]. Some parameters within

the building may also have an impact onttitermal environment, and these studies are
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categorized as “others”.

« facial temperature W ( * type
* blood flow velocity * blood flow velocity
* surface temperature skin clothing * surface temperature

temperature condition

Computer vision

behavior others ) )
« control behavior * equipment heat gains
o « thermography of
« activity situation J building envelope

Fig. 11. Literature classification on thermal environment control

1) Skin temperature

Heat sensation can be reflected through skmperature which is considered the
most appropriate indicator for predictinggetmal comfort [98]. As a feedback signal to
control the HVAC system, previous resgarhas mostly focused on using contact
devices to detect skin temperature. Asfiaidil intelligence progresses, non-invasive
contactless devices have received widespread attention. CV technology has brought
new development directions for detectingnstemperature. The study in [99] applied
Eulerian video magnification technology toeasure human skin temperature and
control HVAC systems. Although the experimansample size in this literature is
limited, it provides ideas for the reselar and application of Eulerian video
magnification technology. As the occupants’ requirements for indoor environment
continue to increase, the control objectofeHVAC systems not only needs to meet
energy-saving needs but also needs to consider the thermal comfort needs of occupant.
The study in [100] proposed a scheme to @&t human thermal comfort by combining
Eulerian video magnification technology witommercial cameras. The experiment
stimulated office workers under differeheat conditions, captured images of the
workers’ head and facial skin with a camera, detected subtle changes in blood flow, and
inferred the body temperature and thermal comfort regulation mechanism. The results
showed a success rate of 98%. In [101], Jazizadeh and Jung proposed a method has

been proposed to evaluate temperature regulation status by using remote
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photoplethysmography (PPG) signal extractiosutle changes in facial RGB video
images. The study in [102] proposed using lost thermal imaging cameras to capture

the skin temperature of different areas of the face to evaluate the thermal comfort level.
The results show that the cheeks and facial features are the most indicative of thermal
comfort. The proposed framework achiewn85% accuracy in predicting participsEn
thermal comfort preferences, which provided a reliable theoretical basis for CV-based
detection of thermal environments. By canibg with other devices and parameters,
further accuracy improvement can be achieved. The study in [103] compared the
accuracy of semi-contact wearable desjcenvironmental measurement technology,

and infrared imaging technology (measurskin temperature by combining RGB) in
individual thermal comfort prediction. Theusly results showed that the measurement
method combining environmemhtgensors with physiologitaensors had an accuracy
about 3%-5% higher than that of using environmental sensors alone. The study in [104]
proposed a network camera system that iategrKinect and low-cost thermal imaging
cameras to measure skin temperature automatically. Changes in the low-temperature
area of the face are more pronounced, and there is a positive correlation between skin
temperature captured by the camera network and wearable devices. The proposed
camera network can be incorporated itite HVAC system for energy and thermal
comfort management.

Most of the previous researches oerthal comfort prediction models required
building occupants to be trained on theldling system to understand their personal
thermal comfort. The study in [105] developed a method to eliminate the need for
occupant feedback to monitor individuthermal comfort by using regularized
Gaussian mixture models to track changesemperature regulation over time and
applying heuristic algorithms to extract hot and cold indicators. The average accuracy
of the method can reach 91%, which is a 30% improvement compared to the model

accuracy of traditional methods.
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2) Clothing condition

When using CV to measure the skin temperature of occupants, the insulation
brought by clothing will greatly affect thmeasurement of skin surface temperature.
Therefore, the clothing, as an important parameter of thermal comfort, should be
considered in thermal comfort-related sagsind control. The clothing of the occupant
is a dynamic variable for the thermal comfawhich varies according to the type,
material and number of layers of clothirgmnd has a great impact on thermal comfort
and health [106] When CV is used to measure human skin temperature, the insulation
of clothing greatly affects the measurement of skin surface temperature.

The study in [92] integrated thermal imaging cameras, depth cameras, and regular
cameras into a platform called Red-GreeneBDepth Temperature (RGB-DT) for real-
time tracking and monitoring of clothing teerature and skin temperature at various
parts of the human body (hands, elbows, shoulders, chest, head). The research results
showed a significant correlation between lgiog temperature, skin temperature, and
thermal comfort. Additionally, the clothingituation of individuals is not only an
auxiliary parameter for skin temperature laigo an important parameter for thermal
comfort. The study in [107] proposed antrol strategy for regulating HVAC systems
based on clothing level and average facial skin temperature. The strategy used an RGB
camera and CNN to classify the clothing level and a long-wave infrared (LWIR) camera
and face detection program to obtain averagmlfakin temperature. The feasibility of
the plan was evaluated, and a control strategy for a single-person office was developed
using the average facial skin temperature. The experimental results showed that 91%
of the subjects felt comfortable under this control strategy.

A recent study [108] analyzed the impatteal-time clothing insulation (R-CLO)
based on PMV on thermal comfort and sysp@wer consumption for different seasons
and garments. The study used a visual-based R-CLO model and compared it with
existing control methods. It improved the timat comfort of occupants in both summer
and winter through real-time clothing insulation control based on PMV. This study
presents a novel perspective in this fiddme control strategies seem to prioritize

energy over comfort, especially in winter.
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3) Activity situation

Aside from subjective parameters suckkia temperature, occupants in buildings
also express their reactions to thermal sensations through subjective actions such as
posture and gestures. These can be effectively captured and recognized through CV
technology, which is also a non-contactthael of monitoring thermal comfort among
occupants. The study in [108&fined 12 postures related to human thermal discomfort
and used key skeletal nodes to predict thermal comfort. However, they suggest cross-
validation of the same posture from difént individuals using other measurement
techniques to avoid system misjudgment. They pointed out that future work will
identify more postures through algorithm improvements, and CV based on deep
learning (especially CNN) is well-suited to solve such problems. The study in [110]
used a deep learning algorithm (i.e., CNig)recognize human activities (sitting,
standing, walking, dozing off, and nobody), and generates an occupant heat emission
curve called deep learning-influenced profile (DLIP) based on the detected human
activities (without directly outputting persal information to avoid privacy issues).
Finally, the building energy management systis optimized and regulated based on
DLIP. Likewise, in order to improve the gy consumption pattern, the study in [111]
found that opening and adjusting windows ¢ead to a lot of heat loss and energy
consumption. A vision-based deep leaghframework was proposed for detecting and
recognizing manual window operations in kiinigs. The experiments showed that the
proposed strategy can be used to help adjust the HVAC settings or remind occupants
or building managers to prevent unnecessary heating demands.

Errors in recognizing occupant postures may not only occur in algorithms and
models, but also coming from the subjectimands of individuals to perform certain
actions that are not necessarily due trrml comfort. Integrating the PMV thermal
comfort index and motion recognition system can effectively improve this issue. The
PMV thermal comfort index is calculated using adaptive estimates of metabolic rate
values. The study in [112] proposed a new CV-based method to adaptively estimate
occupants’ metabolic rates using user behavior. The PMV index was used as the input

for the control system and evaluates the system’s performance through active
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simulation, providing a better chance to adagpcontrol of thermal comfort. The study

in [113] proposed A method for accuratedgtimating metabolic rate using deep
learning algorithms was proposed to prethermal comfort. The experiment involves
three levels: learning, system, and prediction. The method uses images from a Kinect
camera and heart rate data from wearable devices to calculate metabolic rate. A
prediction model is trained using dedgarning methods, and real-time image
information is used to predict heart rate. Results show higher accuracy in heart rate
prediction than third-party detection. Usingahterate alone as an indicator of thermal
comfort is flawed because factors such as exercise, stress, and energy intake can also
have an impact [93]. This further demonstrdtess auxiliary role of contact devices in
achieving more accurate detection of oceupaetabolic rate or related parameters.
Furthermore, such devices can be well-coordinated with CV systems in the field of
thermal environment control.

4) Others parameters

The energy consumption of a buildingdaly depends on its thermal insulation
performance [114, 115]. Detecting buildirgfects through external and internal
thermal imaging and conducting CV-basedpections on insulation deficiencies,
cracks, heat loss, and related building dara@ge effective measures to prevent energy
waste in buildings [116].

Traditional building -y support the creai of 3D building models for improving
energy performance. The study in [117] proposed the construction of an architectural
energy model based on CV, which combines digital 2D visual (optical) images and
thermal images of rooms into a single 3D building model, providing a more accurate
and reliable building energy model for topizing and adjusting building energy
performance.

3.3.2 Summary and development trends
A literature summary table is shown in Table 4, including the basic content of the

literature as well as a comparative analysis between the literature.
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Summary

CV technology monitors thermal eneirments mainly through two types of
parameters: occupant-relatpdrameters (metabolic rate, skin temperature, activity
level, clothing condition) and environnterelated parameters (equipment heat
dissipation and humidity, CQ2 There are currently three mainstream research
directions for the thermal comfort controing CV: low-cost and miniaturized infrared
camera technology; Euleriandgo magnification technology [118]prmal cameras
with skeleton key point models. Accordingdar analysis, most literature utilizes in
this area RGB video images due to theirversality, easy accessibility, non-contact
nature, and lower cost.

Using CV technology to control the therneavironment can effectively improve
operation efficiency while improving the tmeal comfort of occupants. However, it
has also been noticed that there are still certain limitations in the theoretical and
practical application. Mosbf the studies involved a relatively small number of
participants, and the groups were too homogeneous, which may lead to biased
experimental results and controversiahcosions. Sweating and makeup can affect
the skin surface temperature, and the tpgcision error of ordinary RGB thermal
imaging cameras makes it difficult to detscibtle changes in skin temperature and
slight movements and postures of occupamileanwhile, high-precision thermal
imaging cameras will bring high costs, and a trade-off between cost and precision
should be considered. Most studies did canisider the existence of windows in the
actual building structure, and the influence of light and wind speed on the thermal
environment could be huge. There are aldwlas mentioned thatoise will have a
certain impact on the equipment and detectesults. When occupants are too densely
packed, there will be significant deviationsthe detection results. Of course, privacy
issues are still a frequently discussed topic. When predicting thermal comfort for
individuals, personal factors (such as thelalgy and activity level of occupants) are
often set to a randomly picked default value in thermal comfort models. This can
introduce biases in the calculation of therw@mfort, which is something this article

has consistently emphasized. Only by comsidy multiple parameters in real-life
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situations can we achieve arma@ccurate understanding 6bccupant-centri¢thermal
comfort. Therefore, it is necessary toasere dynamic personal factors in order to
provide accurate information about the that comfort of occupants. Some problems
currently existing are also the direction for future research.

Development trends

There are several aspects for future research in this field. Firstly, a faster response
speed of the control system should be putsilece occupants have a certain tolerance
to the thermal environment, which can cause a lag in thermal environment control.
Secondly, multi-sensor fusion can be considered to further improve the sensing
accuracy and control performance. For eglamusing only thermal imaging to detect
skin temperature results in an accuracy of 75%. Combining skin temperature and
environmental temperature sensors can further improve accuracy by 8%, and the
accuracy can be further improved by 2% by combining all sensors [103]. In this field,
the accuracy of the detection algorithms from the retrieved literature is between 80%
and 97%. Thirdly, regarding the informati@acquisition, CV technology has inherent
advantages in monitoring high-resotuti information and making comprehensive
judgments on occupant-relatedormation. For example, it can monitor and infer the
skin temperature and clothing conditionsrafividuals, and then infer the occupants'
metabolic rate. These parameters are difficult to perceive in traditional environmental
monitoring, while the development of Chas made it possible to monitor these
parameters. Further exploration of these pdggl is needed, and integration with the
engineering applications die built environment should be combined to accelerate the
promotion of fusion development.

In addition, the metabolic rate ohdividuals is an important and dynamic
parameter that should not be set as a fixed value [119]. It is necessary to predict the
posture and activity of occupant as importaatameters for determining the metabolic
rate. In order to ensure the accuracy of thermal comfort prediction, the combination of
data fusion is necessary Compared witha traditional PMV and PPD models, the
occupant voting analysis system or phimjical sensing technology can effectively

develop personalized HVAC systems andrexmically adjust the thermal comfort of
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occupants [120, 121]. The combination of theschnologies with CV also has certain

application prospects.

3.4 Lighting control

Artificial lighting accounts for a certaiproportion (17%) of energy consumption
in buildings [122] and lighting control hasdreinvestigated with different strategies
including on/off control, dimming control, byid control. Daylighting is an important
factor in lighting control and its dynamicamges have important impacts on building
energy, visual comfort of occupants, and outdoor landscape. Previous research by
studies has focused on equipping variowtoor positioning technologies for lighting
systems inside buildings [123, 124]. Foaaxle, Bluetooth [125], smart watches [123],
Wi-Fi [126] were used to track the occupant location. Although these contact or semi-
contact detection methods have high positioning accuracy, they require constant
wearing. This can easily cause physical pagchological pressure and is difficult to
apply in indoor spaces with frequent personnel changes. CV technology, as a typical
non-contact detection method, can achievelligent lighting systems that balance
occupant comfort and energy saving. For example, in early research, the study in [127]
proposed an occupancy-based lighting cdritrat can achieve energy savings of 35-
75%. The following section will providelaief overview of lighting control.
3.4.1 Classification

The literature classification method of lighting control is similar to that of Section
2.2 (as shown in Fig. 5), and thus is not repeated here.
1) Occupant behavior

To enhance the energy and comfort peni@nce, it is necessary to use systems
and technologies that can automaticatiptrol and optimize building operations [128].
Occupant behavior is an important factocantrolling the lightng inside buildings. A
study introduced an occupant-centric ligigt controller based on reinforcement
learning called "Light Learn" that can leathe behavior of individual occupants and

adjust its control parameters accordin§l@9]. The experimental results show that
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“Light Learn” can balance the comfort of occupants and energy consumption better
than control schemes based on schedules and occupancy rates in terms of total energy
use, light utilization, unsatisfied comfdrime, and light comfort ratio. The study in
[130] proposed a prediction model that take® imccount the diversity of occupants.
Through questionnaire surveys, CV technology, Markov models, and logarithmic
survival models, the probability distribati of various shading control behaviors was
guantitatively described. Combined witihe indoor working plane illuminance
prediction model, the model can predict thyhtiand dark coupling control behavior of
occupants, which shows better performanith a maximum error rate of only 13.04%

for lighting energy consumption prediction.

2) Occupant information

As part of the research on lighting egyerconservation, more and more studies
have begun to integrate lighting control wibcation sensing technology. These studies
achieve efficient lighting energy consetiea by considering indoor illumination
information and the location of occupants. The study in [#8&¢loped a dimming
lighting control system Is&d on general lighting and location-aware technology to
address the issue of indoor lighting imbakairt existing research. By evaluating three
different lighting control schemes, the study found that the proposed scheme can
significantly reduce lighting energy consption (47.9-64.2%) and improve indoor
lighting comfort (17.8-49%) and uniformity. Buo the limitations of the experimental
setup, it cannot meet the requirementsactfual environmental conditions (such as
seasonal sun height) and building characteristics, and the input parameters are
monotonous with limited accuracy.

Due to advancements in object detattalgorithms, the YOLO series are
currently the most representative single-stage object detection algorithm. Scaled
YOLOV4 has redesigned YOLOv4 and outpenied YOLOv4 and PP-YOLO in terms
of performance. This has a good guiding folgfuture detection algorithms. The study
in [132] proposed multi-object relativposition detection algorithm Deep-YOLO

incorporates Scaled-YOLOv4 and AdaBins, and detects the relative positions of people
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and lights by simultaneously performing nidbject detection and depth estimation
on videos to achieve energy savings arektrthe comfort needs of occupant. The
experimental results show that the mAP of Deep-YOLO is 98.16%, and the average
control error of the system is less thaméter. Recently, research has been conducted
using the number of occupants as a controdupater to evaluate the applicability of
vision-based occupancy counting usingltiest deep learning model YOLOvV5 [133].
Simulation results show that adoptingamtrol method centered around the number of
people can reduce the annual HVAC and lighenergy consumption in small offices
by 10.2%. Additionally, this study conducted additional questionnaire survey on
privacy protection issues among the quamts, providing valuable insights for
discussing privacy-friendly stratess and engineering applications.
3.4.2 Summary and development trend

For the literature summatgble mentioned above (shownTable 5), it includes
the basic content of the literature as well as a comparative analysis between the

literature.
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Responding to the global call for reducing carbon emissions, the field of lighting
that consumes nearly offith of the world’s electricity should consider energy-saving
and low-carbon solutions [134]. The lighting control combined with CV technology
meets such trend demands well. Previousliss have described intelligent lighting
systems that mainly depend on the number, location, density, and light environment
preferences of occupants. Alternativelyggants can control the lighting environment
via voice assistants, gesturesdigital devices. Howevethe continuous improvement
of lighting systems and Internet Things ( 10T ) technology [135§nd the continuous
development of communication technologye ttievelopment of intelligent lighting
systems based on CV technology should be centered on occupant, emphasizing the
perception and quality of life of occupants. It should not only consider outdoor
environmental factors but also personattdérs such as user behavior, health, and
emotions. In addition, it should providdighting environment optimized for users in
terms of visual, biological, and emotional asgewhich is also the future development

direction of this field.

4. Discussions

4.1 Perspectives

This review provides a comprehensive and in-depth overview of the computer
vision-based built environment control metls. To this end, we analyzed 94 articles
published in journals and conferences, focusing on four branches of the architectural
environment. In the 21st century, thanks to the rise of the Internet and the emergence
of digital technology, coupled with the déspread use of machine learning methods,
CV has developed rapidly. Following 2010, owing to the advancements in deep
learning, CV technology has been further boosted. Through deep neural networks, the
recognition capabilities and detection accyraf CV technology has been greatly
improved. Based on the articles surveyed indhigle, the utilization of CV technology
in the entire life cycle of the builtngironment can not only meet the needs of

sustainable low-carbon development acdst saving but also provide a more
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comfortable environment for the occupamiganing a better occupant-centric control
can be achieved.

According to the literature review, thelltaving three levels of perspectives are
worth noting:

1) Intuitive technical level: The development of CV technology makes it possible
to perceive variables that traditional monitg and sensing systems have difficulty or
cannot perceive. This has greatly improved the perception of environmental parameters
by building automation systems, and C¥skd methods and equipment for building
environment-related control have rdyi developed. More importantly, the
advancement of CV enables the acquisitmfinthe complete range of occupancy
resolution (as shown in Fig. 8) using agle technique, something that traditional
environment-based or signal-based (e.g-RiVBluetooth) sensing methods struggle
to achieve. Furthermore, the information resolution is also elevated to the level of
distribution-based high-resolution data or even higher, rather than point-based
information.

2) Domain integration level: In tesnof domain integration between CV
technology and built environment control, significant progress has been made,
especially since the “occupant-centric control” strategy (which CV suits perfectly) has
been proposed. Previously, the developnierhe CV field has activated and led the
advancement in the built environment field. Since the outbreak of the COVID-19
pandemic in 2019, there has been an incrieatbe promotion of technologies for mask
detection and social distancing detecti®his phenomenon has created a reciprocal
driving effect between the demands of i@t environment field and the development
of CV field. In the future, it can be expected that the interaction between these two
fields may stimulate mor@novative integrations.

3) In-depth development level: Essially, CV technology is based on image-
based information for high-level inform@m processing and simulating human image
understanding capabilities. In addition to basformation perception, CV is expected
to have enormous potential in information understanding. For example, in construction

management, CV can analyze the safetthefconstruction site based on images and
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make early warnings to avoid potential safesks. In environmental control, CV can
analyze the historical behaviand preferences of persohrime-tune and optimize the

building thermal environment, and better serve personnel needs.

4.2. Challenges

4.2.1Challenges of detection accuracy

As the accuracy of occupant detection directly affects the thermal comfort, energy-
saving and other aspects of buildings [65¢ tletection accuracy is considered as a
primary task in this field. According to the collected literature, some challenges are also
identified. This article mainly categorizes the detected parameters into two categories:
occupant information and agpant behavior. Occupant imfoation is further divided
into three categories: existence, count, and location. Occupant behavior is further
divided into system control behavior andiaty situation, which reflect information
related to occupant comfort. It is fourtdat the average accuracy of perceiving
information (including the presence, coumddocation of occupants in Table 2-Table
5) related to occupants is about 95%. Therage accuracy of iarmation related to
comfort (including the activiéis, system control behavior, thermal comfort parameters
of occupants in Table 2-Table 5) is only about 86%.

The number of literatures on mask recaoigni and social distancing detection has
shown a breakthrough growth since 2019 and has flattened out in 2023. This also means
that the technology in these two fields maatured (without actual application). The
average accuracy of models that only detect mask wearing is 90%, and the average
accuracy of models that only detect sodistancing is 94%. The accuracy of models
that consider both aspects is 98%.

For the improvement of detection accuracy, effective methods to improve the
accuracy include incorporating dafasion by using other sensors, upgrading
algorithms, and improving the model trainidgother simple and effective method is
to combine CV with other sensors (also kmoas data fusion), such as environmental

sensors or signal-based (e.g., Wigensing technologies [136].

49



4.2.2 Challenges in application areas

For the detection of non-occupant parameters, the framework of CV technology
and deep learning can more accurately afetgbely detect fires by identifying flames
in videos (traditional sensors cannot deteet ¢haracteristics [137]). Integrate CV into
the existing building operation system can effectively save energy while ensuring the
safety of buildings and occupant [138], ialh can be studied in the future. As the
gradual increase in the requirements for low-carbon, energy-saving, comfortable, and
intelligent buildings, CV, as a branch of machine learning, has a wide range of
application prospects and some cuttinlge methods (e.g., reinforcement learning
[139]) can be integrated to enhance the performance. Last but not least, CV technology
features a higher-level of information undargling capability, which can be utilized
in coupling some crisis (l& flooding, heat island, building malfunction as stated in
[140]).
4.2.3 Challenges in real-world applications

Most OCC strategies are typically irephented in self-constructed areas to
simulate the effects within actual areas, and they usually have a short duration. Due to
the significant outdoor influences of heatnd, and lighting on indoor environments,
which are important factors affected by seas experiments should last for a year to
reflect seasonal changes and better evaluate the application effectiveness of control
strategies in real scenarios.

In particular, the outbreak of the COVID-19 pandemic in 2019 has made occupant
realize the necessity of controlling the resilte of building environments, especially
in monitoring occupant parameters. To prevent the spread of such diseases through the
environment, OCC strategies have broad prospects for normalization in the future.
However, there is still a long way to goftse such technologies can be practically
applied. Concerns about privacy fromcopants are also an obstacle in actual

implementations.
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4.3Limitations
4.3.1Limitations of CV in various areas

This article provides a detailed categation and summary of the application of
CV technology in occupants sensing amvienmental control in different areas.
Compared with traditional detection an@mitoring technologies, the main advantage
of CV technology is that it can dynamicalind accurately monitor various parameters
in real-time, which cannot be detectey traditional technologies. However, despite
these advantages, there are also some problems in different areas, such as detection-
related or system linkage-relateduss. The following is a summary:

In the field of ventilation control, when the occupants’ distribution in the
application scenario (such as public transpmmebuildings) is too dense, the detection
accuracy will be affected, and the fangdisn the system may interact with other
systems in the environment. In some high-density occupancy situations, the existing
ventilation system may not laieve the calculated ventilation volume. Some auxiliary
measures can be taken to relax the remerds of the existing ventilation system.

In the field of COVID-19 and alike d#sises control, in densely populated areas,
complex scenarios and crowded people may interfere with the detection of social
distancing and mask wearing, and the overlapcotipant may lead to a decrease in the
detection accuracy, resultingeénrors in the detection results.

In the field of thermal environment control, the impact of variable lighting
conditions and environmental noise on tesults, the low sensitivity of thermal
imaging technology to small terepature changes, and the possible errors in detecting
front and side faces using CV technology need to be improved by considering the parts
of the body that reflect body temperaturereneasily (such as cheeks and nose) in
algorithm design.

4.3.2 Common limitations

CV technology may raise privacy issues for occupants; the devices used for
detection and their placement locations mayltesiblind spots in detection, and the
cost of device placement locations and device numbers are also factors to be considered.

In addition, further research and discussiomneeded on how to deal with overlapping
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phenomena in dense living situations. Innmareas or complex environments, simple

CV technology cannot achieve the expecteqlilts. According to research literature,

many studies combine CV technology with sesgo achieve better results, but there

is a balance issue between the accuracy of sensors and the high cost and maintenance

cost of high-precision sensors. Even imglated tests in practical scenarios, many

studies are still in the theoretical research stage and are far from practical application.
Of course, this article also has sonm@rscomings, and some review articles in

related areas and valuable articles may Hmen omitted. Due to the time-consuming

nature of the summary work, the latest technologies and achievements have not been

covered during the writing period.

5. Conclusion

This article summarizes and discussesrésearch on CV technology related to
different areas in built environment, ndgnegentilation and IAQ control, COVID-19
and alike diseases control, thermal eoninent control, and lighting control in the
recent years, and categorizes and summsitizeir limitations based on a large number
of literature reviews. This review article demonstrates that the utilization and
integration of CV has promoted the occupeantric and intelligent regulation of the
built environment to a higher level. By timilously monitoring the high-resolution and
distribution-based occupancy information, CV enables more advanced control
functions and higher performance likeeegy-saving, emission reduction, and carbon
reduction. Based on the in-depth discussiomsclusive insights, potential applications
and methodological directions for future researchers are provided. In the future
development of sustainable built environmé&W, will continuously play a crucial role
including improving monitorig dimensions and accuragyomoting energy saving,
ensuring the human health and safety, reducing the risk of infection, enhancing thermal
and visual comfort. According to the literature review, the following observations are

worth noting:
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1) Significant progress has been madéhm integration of CV technology with
built environmental control. However, thikevelopment and integration in each area
progress differently, which could hinder the communication across the areas. This study
provides a timely survey that collectivebovers the latest research progress and
technological applications of CV technologysub-areas of built environment. In this
way, a deep integration with CV can beilidéated and promoted, given that different
areas inherently have certain synergistic relationships.

2) In general, CV technology can effectively handle the sensing and perception in
highly dynamic and complex built environnienwhich greatly enhances the data
dimension and resolution of existing segstechnologies. Trational environment-
based or signal-based sensing can hardlycttite full range of occupancy resolution,
while the advancement of CV makes it gibfe to acquire high-resolution multi-
dimensional data in one technique. The gpe&éntial of CV in information acquisition
needs to be further unleashed in built environment.

3) Based on the review, the average detection accuracy of CV technology related
to occupants is about 95% (including thegance, count, and location of occupants as
shown in Table 2-Table 5), which is goadoegh for most engineering applications.
The average accuracy of detection relate comfort is about 86% (including the
activities, system control bavior, thermal comfort paranees of occupants as shown
in Table 2-Table 5). A simple and effectivethod to improve the accuracy of comfort-
related information is to combine CV witlther sensors (also known as data fusion).

4) CV has brought significant advancements in various areas of the built
environment. For instance, ventilation and IAQ control have been greatly improved due
to the introduction of demand-controlled m#ation, zonal ventilation and other
intelligent control methods. CV enables the quantification of comfort-related occupant
parameters (such as the clothing and activity level), which is difficult to detect with
traditional methods. Besidasjegrating CV into lighting control greatly enhances the
capability to learn and adapt to the sumding environment, facilitating personalized

control that improves quality of life.
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5) Especially, since the outbreak of the COVID-19 pandemic in 2019, there has
been a promotion of mask detection andaadistancing detection technologies. This
is a special phenomenon where the new aelman the built environment field have
had a reciprocal effect to boost the development of CV field. Unlike before, where the
development in CV field was mainly appliefladvance the built environment field. In
the future, the interaction between thése fields may stimulate more innovative
integrations.

6) To facilitate further research andaptical engineering applications, it is
important to address certain challenges and limitations. One such challenge is the need
for higher detection accuracy to handle cterpccupant distritions. Additionally,
the cost of high-precision monitoring devidesa concern, and many research setups
are not yet refined or remain in the resbastage, creating a significant gap from
practical application. Furthermore, the deypenent of privacy-enhanced algorithms or
models is of great importance.

In general, CV can bridge the gap between environmental perception and control,
promote and advance occupant-centered control, and achieve sustainable built
environments. The main contribution ofighreview is a thorough and critical
investigation of CV’s research in various areas of built environments. The technical
field still requires continuous research ordecselection, data collection, and model
development, emphasizing the enhancememetéction accuracy through advanced

algorithms and addressing privacy concerns.
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® Reviewed the latest development in cross domain of built environment and CV.
® Categorizes relevant articles based on control purposes and data resolution.
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® COVID-19 has boosted the development of CV and field integration.

® Summarized current status, challenges and development trends.
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