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Yasser Mansour? Occupants are the core of the built environment. Developments in
Hanan Sabry® information technology facilitate gathering data on occupant presence
Fatma Fathy* and behaviour and learning from it through data-driven methods.
Hussein Hamza® Recent studies highlight the effectiveness of integrating occupancy data

into HVAC control systems to reduce energy consumption while
maintaining occupants’ thermal comfort. This paper presents a
comprehensive review of computer vision-based occupancy detection
systems and approaches, mainly applied in the domain of controlling
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Deep Learning, Real-Time explores how computer vision techniques detect these parameters, with
Monitoring, Thermal a focus on tools, deep learning models, dataset sizes, and evaluation
Comfort. metrics. Moreover, it summarizes various approaches that can be

implemented for real-time indoor occupancy detection. The review
analyses 43 papers published over the past decade. Findings emphasize
the role of machine learning and computer vision in developing
intelligent, occupant-centric control systems that optimize both comfort
and energy efficiency. Finally, current challenges and future directions
are discussed.
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List of abbreviations

Al Artificial Intelligence ocCcC Occupant-Centric Control
AP Average Precision PIR Pyroelectric Infrared
CNN Convolutional Neural Networks PMV Predicted Mean Vote
Ccv Computer vision PPD Predicted Percentage of Dissatisfied
DNN Deep Neural Networks R- CLO  Real-time Clothing Insulation
FN False Negatives R-CNN  Region-based Convolutional Neural
Networks
FP False Positives RGB Red-Green-Blue
HVAC Heating, Ventilation and air SSD Single Shot Detector
Conditioning
IAQ Indoor air quality SVM Support Vector Machine
loT Internet of Things TN True Negatives
LSTM Long Short-Term Memory TP True Positives
ML Machine Learning YOLO You Only Look Once

1. Introduction

Given that buildings contribute to approximately 40% of global energy use [1], recent studies
highlight the significance of incorporating the human dimension in energy management. Factors as
occupant count, behavior (including activity), thermal comfort preferences, and human interactions
with the indoor environment significantly influence building energy performance. Therefore, by
detecting real time data on occupants’ presence, number, and behavior, building management systems
can dynamically regulate HVAC systems. This adaptive control strategy ensures that indoor thermal
conditions are continuously aligned with actual occupancy demand, thereby enhancing thermal
comfort and reducing energy waste resulting from fixed schedules control.

Occupancy detection focuses on using sensors and monitoring equipment to capture the real-time
occupancy information within a building [2], and often termed as “occupancy sensing” [3],[4].
Occupancy information can be classified into multiple levels: binary presence (occupied/vacant),
occupancy count, identity, location, tracking and behavior within a built environment [5], [6]. Low-
resolution data such as binary occupancy is sufficient for basic ventilation control, while higher-
resolution information—such as occupant count and activity—enables advanced applications like
occupant-centric HVAC control and personalized thermal comfort [7],[8]. The selection of the
appropriate occupancy resolution depends on the system's objectives, while the selection of the
sensing tool depends on occupancy resolution (the required parameters for occupancy detection), the
building type, and privacy constraints. Therefore, managing data resolution is vital for deploying
efficient and scalable occupancy-based building management systems.

Among the various techniques for acquiring occupancy information, computer vision is considered a
promising non-intrusive method. Unlike wearable devices that require user participation or
environmental sensors that often provide rough or delayed estimation, vision-based systems can
unobtrusively monitor indoor environments using existing or low-cost camera infrastructure.
Cameras function like the human eye; they can immediately recognize changes in occupants, even if
they do not move, unlike PIR sensors that require people movement for counting them [9]. Computer
vision can accurately detect and count occupants, recognize activities, and analyze posture or
behaviors related to thermal comfort in real time, due to advancements in image processing and deep
learning. This makes computer vision a scalable and flexible solution for occupancy-driven control
in smart buildings, particularly for balancing between occupant comfort and energy efficiency.

This paper aims to define occupancy parameters, studied in the domain of occupant-centric HVAC
control and personalized thermal comfort, and to explore how computer vision techniques are
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employed to detect these parameters, focusing on tools, deep learning models used, dataset sizes, and
model evaluation metrics. The paper starts with an overview of computer vision technology. Then, a
comprehensive review of relevant studies is presented. The following sections highlight applications
of computer vision in that domain, approaches adopted, image types, dataset characteristics,
algorithms, and evaluation metrics. Finally, current research challenges and potential future
directions are outlined, followed by the conclusion.

To guide this review, the following research questions are addressed:

RQ1: What occupancy parameters are most critical for occupant-centric HVAC control and
personalized thermal comfort?

RQ2: How do computer vision techniques detect these occupancy parameters in indoor
environments?

RQ3: What tools, deep learning models, dataset sizes, and evaluation metrics are commonly utilized
in computer vision-based occupancy detection systems?

2. Research Method
A systematic literature review was conducted to gather information related to computer vision
approaches for building occupancy sensing and detection. The search was conducted using Scopus,
Web of Science and Google Scholar as search engines. Various keywords were used to collect the
papers “computer vision”, “occupancy detection”, “occupancy monitoring”, “building”, “energy”,
“thermal comfort”, “HVAC control”. The inclusion criteria were open access peer-reviewed articles
published between 2016 and 2025 in English, focusing on the domain of occupant-centric HVAC
control and personalized thermal comfort. Studies that introduce other sensors than computer vision
systems were excluded. Based on these criteria, 43 papers published in journals and conferences were
selected for review and analysis.
A qualitative synthesis was conducted by extracting and summarizing the following information from
each study, including target occupancy parameters, data collection tool and type (camera and image
type), computer vision (CV) approach and deep learning (DL) model used, Dataset characteristics
(custom/open dataset, size), Evaluation metrics (e.g., accuracy, precision, recall, F1-score).
Following data extraction, studies were grouped into themes that emerged during the review process.
These themes reflect both technical dimensions and application contexts and were used to structure
the main body of the paper.

e Occupancy parameters

e Computer vision approaches

e Data collection and Dataset generation

e Deep learning models and algorithms

e Model Performance: Evaluation metrics

3. Computer Vision in Occupancy Detection: Literature Review

Computer vision is an essential application of artificial intelligence. It is an interdisciplinary field that
deals with how computers can gain high-level understanding from digital images or videos. It can use
computers and cameras to replace the human eye for the target object recognition, tracking,
measurement, and for other visual problems. And then deal with the graphics so that the computer
can achieve image processing capabilities even beyond the eye [10].

Traditional methods in computer vision have employed feature-based approaches such as scale
invariant feature transform (SIFT), speeded up robust features (SURF), features from accelerated
segment test (FAST), Hough transforms and geometric hashing, often integrated with machine
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learning classifiers. Although these approaches remain relevant, the emergence of deep learning has
a significant impact on that field. It offers greater accuracy and facilitates performing complex tasks
[11]. The most dominant tool used in the processing stage of computer vision systems is CNN. CNNs
are biologically inspired networks which are widely used for image recognition, classification, object
detection, localization [11], and Semantic segmentation [10].

The integration of computer vision into building systems has gained significant attention for its
potential to enhance occupant comfort and save energy. In this context, several studies have explored
computer vision-based approaches to support adaptive HVAC control and personalized thermal
comfort. This section presents a summary for the reviewed articles that applied computer vision for
detecting occupancy, enabling occupant-centric HVAC control or personalized thermal comfort. The
topics included during the review represents the phases of occupancy detection process based on CV
Deep learning approach, as shown in Figure 1, starting from defining parameters and selecting
suitable approach according to study aim, collecting data, preparing dataset, selecting suitable DL
model/algorithm, training then evaluating the model.

Define Study Aim

i i
= a
E Occupancy Parameters + Computer vision approaches !
1 1
1 1

Data Collectlon - Select DL Model
Dataset }

Data pre- : Model Model Performance

processing : Training

Tool & Data Type

[ . .
e Data collection and Dataset generation

Figure 1: Occupancy Detection Process based on Computer Vision Deep Learning Approach

The 43 reviewed articles, presented in Table 1, are ordered chronologically, from recent to earlier
publications. The table includes occupancy parameters detected in each study, image/video type, deep
learning models/ algorithms, dataset sizes, and the metrics used for measuring performance of the
employed model.

Table 1: Research Work on Computer Vision Approaches for Occupancy Detection
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olelel = (%)
<| 2|0
7
multi-task model "
[12] X X RGB Large «% | (semi-supervised mAP 894
images dataset learning)
Q RGB
[}
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* Values presented in table 1 is the maximum accuracy (among classes) the model reached.
**Large dataset refer to one of public open-source datasets

To better understand the state of the art, the reviewed studies are discussed in the following sections
in terms of their application contexts, tools, and models implementation.

4. Occupancy Parameters
Occupant count, behavior, comfort preferences, and interactions with the indoor environment—such

as thermostat adjustments or window usage—significantly influence indoor thermal conditions and
building energy performance. Computer vision approach is used to detect occupants’ data in real time
and integrate those data into control systems.

In HVAC control, computer vision-based systems help regulate heating, ventilation, and air
conditioning by detecting real-time occupancy count. Many researchers [22] ,[21], [35], [36],[9],[52]
worked on detecting occupancy count highlighting the potential of this approach on energy savings
[40],[51],[42]. B. Yang et al. considered spatial distribution in addition to occupancy count, allowing
zone-based conditioning and load prediction [29]. Meng et al. detected occupancy count for
occupancy load estimation and air-conditioning predictive control [46]. However, research articles
as [38], [44] recognized occupancy activity in indoor space providing data to form the real-time
occupancy heat emission profiles known as the Deep Learning Influenced Profile (DLIP). Moreover,
the potential of this method to save energy is studied [38]. Studies as [14], [37] , [43] managed to
detect occupancy count/ density to achieve energy efficient ventilation control.

In thermal comfort management, computer vision techniques are used to assess activity level and
posture, which are indicators of metabolic rate and individual thermal needs [31]. Yun et al., and Na
et al. managed to detect occupants’ activities to develop a metabolic rate prediction model, while Z.
Wei et al. and H. Choi, Na, et al. classified clothing ensembles for calculating clothing insulation in
real time. Many studies [12], [18], [19], [24], [31], [48] detected both activity and clothing for
measuring Predicted Mean Vote (PMV) in real time. E. J. Choi et al. developed a model framework
that classified five clothing ensembles in real-time, producing an accuracy of 86% in a real
environment. In addition, they demonstrated that a PMV-based control system based on the model
improved the thermal comfort of the occupants [33]. Researchers [24] ,[25], [31] detected skin
temperature using computer vision. Zakka et al. developed a personal comfort model to automatically
learn and classify different features from thermographic images to predict the thermal sensation of a
single occupant [16]. Samal & Lone worked on a non-invasive, real-time temperature monitoring
system designed for densely populated environments [15].
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Each of these applications depends on varying levels of occupancy resolution. This review identified
four parameters commonly investigated in the field of occupant-centric HVAC control and
personalized thermal comfort: occupant count, activity recognition, clothes classification, and skin
temperature detection.

5. Computer Vision Approaches
This section presents different computer vision approaches applied for detecting occupants’ count,
activity recognition, clothes classification, and skin temperature detection.

5.1. Occupancy Count

Computer Vision is considered a promising method for occupancy count, as it overcomes the
limitations of traditional PIR sensors (especially low accuracy in low-level motion) and CO2 sensors.
Most studies [14] ,[29] , [9], [43], [4] used object detection YOLO model. It works on finding the
location of an object in an image and classifying the object type. Subsequently, an algorithm is added
for counting the virtual boxes (i.e., bounding boxes) assigned to occupants detected by YOLO. If
images are captured in real time, the number of occupants can also be counted in real time by counting
the number of bounding boxes in each image [9]. This is called scene-based counting method. In this
method, the camera should be facing indoors—thus, it is subjected to privacy issues. Furthermore, it
is suitable for relatively small rooms because all occupants must fit within the camera’s field of view.
For scene-based counting, most researchers used RGB images. However, Kraft et al. used low-quality
thermal images to cope with privacy issues [42].

Line-based count is a method of counting the number of people entering and leaving an imaginary
line and estimating the number of occupants in the room. This method is more complex than scene-
based counting, as it requires not only identifying the individuals but also monitoring their movement
patterns (occupancy tracking). Cameras are often installed on ceilings above the room entrance.
Therefore, there were relatively few privacy issues. Occupancy counting is possible even when the
room is large. However, if many people pass through the line simultaneously, there is a high
probability of an error due to occlusion. Recently, Gursel Dino et al. proposed a hybrid method that
combines line-based and scene-based counting [35]. They utilized deep learning architectures to
estimate the number of people in large, crowded spaces using multiple cameras. Various vision
techniques (head detection, background elimination, head tracking) are implemented in three
methods: (i) a method that instantaneously counts people in a scene, (i) a method that incrementally
counts people entering/exiting a room and (iii) a combination of the first two methods. These methods
were applied in a classroom with heavy occlusions and resulted in a high prediction capacity when
compared to ground truth measurements [35].

Sun et al. proposed a new occupancy counting method consists of five phases: (i) occupancy detection
by generating bounding boxes around occupants, (ii) occupancy tracking, the tracker uses these
bounding boxes to output the moving trajectories of the occupants, (iii) trajectory hypothesis, that
refines the moving trajectories to improve accuracy, (iv) occupancy counting, and (v) multi-camera
fusion [22]. Another paper [36] proposed a novel fusion framework for occupancy detection and
estimation based on two different perspectives. First, they designed a head detection method
combined with indoor scene knowledge to filter false positives and recover missed detection. Second,
they proposed a two-vision entrance counting method to refine the predicted results. They observed
that indoor-view method (cameras at the room interior) did not work when many people exist at the
room entrance, while the overhead method (cameras at the room entrance) was prone to error when
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many people concurrently enter and exit. Therefore, they combined the two-vision situations to refine
the counting results [36].

5.2. Activity Recognition
Activity recognition has recently gained significant attention, due to advancements in computer

vision technology. Computer vision works on extracting joint positions or color distributions of
occupants from images and classifying these patterns as specific activities using predefined data
features. Both depth and RGB images are commonly employed. In some studies, researchers have
combined RGB and depth images for improved accuracy [49]. Moreover, Liu et al. [18] used an
object detection model that identified both actions and clothing in thermal images.

Among the various human pose estimation networks, OpenPose is one of the most widely used. It
can simultaneously detect human skeletons, recognize the joints of multiple individuals, and track
skeleton key points from images. Classifying Activities based on joint coordinates is a well-
established and widely adopted approach in this domain [19], [17]. However, other studies employed
object detection models to recognize occupants’ activities through color distributions [18], [44], [38].
Yun et al. proposed a new framework for enhancing detection and classification accuracy by
incorporating a third phase - object detection - following joint recognition and activity classification
[17]. This approach enabled the identification of objects associated with human activities, leading to
higher detection precision. While some recent studies focused on recognizing individual occupant
activities, others [45] targeted group-level activities such as presentations, meetings, or in activity.

5.3. Defining Clothing condition/ insulation

Clothing insulation refers to thermal resistance of clothes. It is one of the most important thermal
comfort adjustments available to building occupants. It represents one of the two personal factors
affecting the determination of the predicted mean vote (PMV) and predicted percentage of dissatisfied
(PPD)-the most widely used thermal comfort indices.

Various studies work on defining real time clothing insulation and integrating it into occupant-centric
HVAC control. Two approaches are presented in this domain. The first approach is the use of RGB
images. Deep learning models trained to learn the shape of clothes from images, classifying the types
of garments worn by the occupants, then calculating the corresponding clothing insulation value. Wei
at al. categorized the garments into light, medium and heavy clothing [20]. Another study summarized
the fiber and corresponding garment insulation for the 16 selected garments organized into five
categories: top, bottom, outer, dress, and pajamas [33]. E. J. Choi et al. developed a model framework
that classified five clothing ensembles in real-time, producing an accuracy of 86% in a real
environment [33].

The second approach involves using thermal images allowing temperature detection from images.
First, the clothing status together with a key body points detector locate the person’s skin region and
clothes region, allowing the measurement of skin temperature and clothes temperature [32]. Liu et al.
used CNN model to recognize an occupant’s clothes type that helps to differentiate the skin region
from the clothing-covered region, consequently, calculating the skin temperature and the clothes
temperature [31]. While this method is non-invasive, its accuracy can be affected by practical
limitations, such as the distance between the infrared (IR) camera and the target, and the fact that
only uncovered body parts can be accessed by the sensors [33].

5.4. Skin Temperature Estimation
Thermal cameras are used to measure skin temperature, by applying image-processing techniques
that detect specific body parts (skin area). The recorded temperature for the detected area is then used
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to infer thermal sensation, as skin temperature reflects an individual's thermal perception. Among the
exposed body parts, the face has been most frequently analyzed, [25] , [15] as it provides a reliable
indicator of thermal sensation and is easily accessible for measurement. Several studies have also
focused on other areas, such as the hands [24], [27] or multiple parts of the upper body including
hands, forearm, and head [27]. The machine learning library OpenPifPaf is employed for posture and
body parts detection, providing detailed key point annotation for the face, hands, and feet to enable
accurate pose estimation from RGB images [24]. By using synchronized RGB and IR image
streaming, the model can identify the coordinates of the head and hands in the RGB images and
extract the corresponding temperature data from the IR thermal images [24]. Samal & Lone
introduced a system that employs YOLO models for face detection and utilizes a regression
framework for mapping pixel to temperature values [15] . Lyu et al. used MediaPipe, an opensource
machine learning framework and OpenCV library for face mesh generation. [27] while
Intharachathorn et al. used CNN-Facial Landmark Detection algorithm [25].

6. Data Collection and Dataset Generation

Effective computer vision systems rely on the quality and diversity of input data. This section outlines
the common image types used (e.g., RGB, infrared/thermal, depth) and discusses key practices in
dataset collection, annotation, and preprocessing essential for training robust occupancy detection
models.

6.1. Data Collection Tool and Data Type

The type of image data significantly influences the resolution of occupant information. Such data can
be acquired from either still images or continuous video streams. Image modalities are commonly
categorized into three types: RGB, depth, and thermal. RGB images capture color and detailed visual
features. They are usually taken with standard RGB cameras, webcams are most widely used because
they are affordable and widely available. Depth images show the distance between objects and the
camera [49]. Initially, these images were captured using commercial 3D stereovision systems.
However, recent studies have increasingly used more cost-effective devices like the Microsoft
Kinect[47] and Intel RealSense depth cameras. Thermal images help ensure privacy and operate
effectively under varying lighting conditions. Moreover, it reflects the temperature of objects. These
can be obtained from high-end thermal cameras [15], [31], [27], infrared cameras [24], [16], [25], or
recently, low-cost infrared array sensors [50]. These sensors have gained attention in recent research
for their balance of performance and cost.

6.2. Dataset Preparation and Use

Dataset preparation is a fundamental step in developing and evaluating computer vision-based
occupant detection systems. Images or videos typically undergo a preprocessing phase that includes
labeling and data augmentation. Labeling is crucial for training, as it involves annotating the data to
identify key occupancy features such as presence, count, location, or activity. Accurate and consistent
labeling ensures that the model learns meaningful patterns, directly influencing detection
performance. This process may be carried out manually using annotation tools or through automated
techniques to create ground truth data for supervised learning.

Once the dataset is prepared, it is typically divided into three subsets: training, validation, and testing.
Researchers may use either custom or open-source datasets. Custom datasets are often collected in
specific indoor environments—such as offices, classrooms, or laboratories—to reflect unique
architectural and occupancy conditions. Alternatively, data may be collected from the internet and
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manually labeled to suit specific research objectives. The size of datasets vary widely across studies.
H. Choi et al. [30] used 3000 images for training the model, while Zhou et al. prepared only 171
images in their dataset [13]. The largest number among the reviewed articles was 6664 images, used
by E. J. Choi et al. for training the model [19]. Figure 2 shows the different sizes for custom datasets
according to the reviewed articles.

7000 6664

5579 5400
6000 5263
5000 4405
4000 3472
3000
3000 2359 2346
1500
2000 4200 1200 1000
870480
1000 171 377 I I 300
0 |

2 3 45 6 7 8 910111213 141516 17 18 19 20

Dataset Size

Publications

Figure 2: Size of Custom Datasets Used in Reviewed Articles
However, dataset generation is time-consuming, expensive and lack standardized formats, which

makes it hard to compare between different research results. Thus, the decision to use custom or open
datasets usually depends on application goals, privacy concerns, and the desired level of occupancy
resolution. Several publicly available image and video datasets have been utilized in studies focused
on occupancy counting, activity recognition, clothing detection, and related occupant parameters.
These datasets vary in modality, environment, and annotation detail, supporting tasks such as person
detection, pose estimation, and behaviour analysis. Common examples include COCO [9], [29],
BRAINWASH [46], Wanda mall [46], Qinghai showroom [46] and SCUT-HEAD [35] for occupancy
counting; Kinetics [24] and AMI Corpus [45] for activity recognition; DeepFashion [20], [24],
Fashion-MNIST [20], IndoFashion [20] and ImageNet [50] for clothing classification. Researchers
often select datasets based on the specific parameter of interest or combine multiple datasets to train
and evaluate multi-task models. Numerous studies use offline datasets for both training and testing,
failing to evaluate their methods in real-world settings, which can lead to unrealistic performance
expectations [15]. As a result, there is an increasing demand for publicly available, large-scale, multi-
modal datasets that reflect real-world indoor conditions. These datasets can support the development
of general models that are scalable.

7. Deep Learning Models and Algorithms
Deep learning-based object detection models such as faster R-CNN [23], [37], [38], R-CNN [9],

single shot detector (SSD) [23], and YOLO [9], [35], [4], [43], [29] are known for their high detection
accuracy. Their performance is attributed to their training on very large image datasets, which enables
them to effectively learn and recognize complex visual patterns. Many researchers compared
different object detection models in terms of speed and accuracy. Alsultan & Mohammad stated that
YOLOv7 and Faster R-CNN are of high accuracy, while SSD and RetinaNet is of moderate accuracy.
They added that in terms of speed YOLOvV7 and SSD are fast and suitable for real time applications
[53]. Shen et al. used scaled YOLO model, after transfer learning, and proved high accuracy than
other models (Faster R-CNN, SSD, YOLOvV3) [54]. W. Zhang et al. compared different versions of
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YOLO model with SSD and Faster R-CNN. They stated that YOLOv8n model has the least training
time, while YOLOv8x model performed with the highest precision [23].

It was observed while reviewing the articles that YOLO model has been widely used for occupancy
counting [9],[35],[4],[43],[29]. RAPiD model used for counting occupants in crowded scenes. It is
suited for occupancy detection applications requiring precise person localization and robustness to
occlusion [21]. For activity recognition and body part recognition, pre-trained CNN models and
OpenPose, a joint tracking model for detecting human skeletons, are commonly employed [17],[19].
OpenPifPaf [24] is also used for human pose estimation. However, many studies used YOLO for
activity recognition [26], [4] and classifying clothing ensembles [19], [30], [33]. YOLO uses a single-
stage object detection network, which enables faster detection speed compared to other models.
Consequently, YOLO is widely adopted in real-time applications.

Moreover, It was observed that on using pre-trained models, users can develop fast deep learning
models that perform well with small custom datasets. A pre-trained model refers to a model already
trained using a large dataset and well-designed CNN architecture. This process is called fine tuning
or transfer learning. In the reviewed studies, pre-trained models such as Inception [23], [37], [38],
GoogleNet [20], AlexNet [47], and ResNet [45] were used.

8. Model Performance: Evaluation Metrics

The performance of occupancy detection systems is analyzed using various metrics such as accuracy,
Root Mean Square Error (RMSE), precision, recall, and F1-score. Among these metrics, accuracy is
one of the most used scores[5]. In general, the most commonly used metrics include precision, recall,
and the Fl-score, which are particularly important in classification-based tasks such as presence
detection and activity recognition. Precision quantifies the proportion of true positives among all
positive predictions, assessing the model's capability to avoid false positives. On the other hand,
Recall calculates the proportion of true positives among all actual positives, measuring the model's
ability to detect all instances of a class. The Fl-score, the harmonic mean of precision and recall,
offers a balanced metric in cases of class imbalance. For object detection and occupant counting tasks,
metrics like mean Average Precision (mAP) and Intersection over Union (IoU) are widely adopted.
Mean Average Precision (mAP) summarizes detection performance across multiple thresholds and
classes, while IoU quantifies the overlap between predicted and ground truth bounding boxes. In
some studies, especially those focusing on multi-occupant scenarios, Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE) are used to evaluate counting accuracy. The choice of
metric often depends on the specific task (e.g., classification, detection, counting) and the application
domain, highlighting the need for careful selection to ensure meaningful and comparable results
across studies. B. Yang et al. and H. Choi, Um, et al. used the normalized root-mean-square deviation
(NRMSD) as a performance metric to assess accuracy [29], [9]. It represents the difference between
the actual and predicted values, and the closer it is to zero, the closer the algorithm detection value is
to the true value, and the more accurate the detection [39]. E. J. Choi et al. used mean squared error
(MSE) and percentage of corrected parts (PCP) to quantify model accuracy [39].

In many cases, the comparison between models should go beyond common metrics. According to the
developers of YOLO model, the speed of inference can be as critical as accuracy, especially in real-
time object detection scenarios [55]. A recently published paper [56] stated that there are alternative
metrics that should be taken into consideration such as computer hardware and software requirements,
computation time, robustness to changing conditions, sensitivity to model and forecast uncertainty,
data requirements, and implementation effort.
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9. Discussion

Computer vision-based methods for occupancy detection face several limitations and challenges that
hinder large-scale deployment, despite their growing effectiveness. One of the primary concerns is
privacy, especially in workplaces and homes, where continuous visual monitoring may be perceived
as intrusive. While alternatives like depth sensors [49] or thermal imaging [42] can mitigate privacy
risks, they often come at a higher cost or lower accuracy. Future research can focus on developing
privacy-preserving techniques, such as silhouette extraction which allow occupant detection without
revealing personal identity [54],[57]. Another challenge arises in high-density occupancy scenarios,
where image recognition using computer vision may suffer from occlusion and overlap [35], leading
to detection errors that compromise the accuracy of HVAC control. This limitation has been noted in
several studies, highlighting the need for future research to incorporate deep learning and 3D imaging
techniques to enhance accuracy and evaluate the robustness of CV algorithms in more complex
environments [8]. Moreover, Lighting variability and camera placement limitations [22] can also
affect detection accuracy, especially in dynamic indoor environments with moving objects or multiple
occupants. Another growing area is the integration of multi-modal sensor fusion, where CV data is
combined with Wi-Fi, CO-, or wearable sensors to improve robustness under occlusion, poor lighting,
and high-density occupancy conditions [58].

Another key challenge is the computational demand and infrastructure requirements associated with
real-time video processing, which may require edge computing capabilities or high-performance
servers, increasing system complexity and energy use [56]. However, the emergence of lightweight
deep learning models and edge Al frameworks facilitate real-time, energy-efficient processing on
embedded systems, reducing dependency on cloud infrastructure. Research is also shifting toward
improving model generalization through transfer learning and domain adaptation [59], addressing
decrease in performance when models are deployed across different building types, cultural contexts,
or environmental conditions. Finally, there is an urgent need for standardized, diverse, and annotated
open-source datasets that represent realistic indoor scenarios. This will result in having objective
criteria for benchmarking models [58]. These future directions are essential for developing scalable,
occupant-centric, and energy- efficient smart building systems that respond adaptively to dynamic
human behavior.

10. Conclusion

This review presented a comprehensive analysis of computer vision-based occupancy detection
approaches on the domain of occupant-centric HVAC control and personalized thermal comfort,
published between 2016 to 2025. A critical synthesis of recent peer-reviewed studies revealed a
growing shift toward the use of high-resolution image modalities, including RGB, depth, and thermal
imaging, each with varying trade-offs in accuracy, privacy, and environmental robustness.
Furthermore, this review has examined the evolution of deep learning models, noting the dominance
of convolutional neural networks (CNNs), YOLO-based detectors, and hybrid architectures in recent
implementations. These models have enabled improved occupant detection, counting, and activity
inference in real-world conditions. Evaluation metrics commonly used in the literature -such as
precision, recall, Fl1-score, and mean average precision (mAP)- were discussed to assess model
performance, with particular attention to challenges arising from multi-occupant scenes, lighting
variation, and occlusion. Despite significant advancements, key challenges remain, including privacy
concerns, dataset limitations, model generalizability, and real-time deployment constraints. Figure 3
summarizes the key findings of this review through a diagram that connects occupancy parameters
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(e.g., count, activity, clothing, and skin temperature) with suitable computer vision techniques, data
collection processes, model selection strategies, and performance evaluation criteria.
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Figure 3: Overview of Key Findings in Computer Vision-Based Occupancy Detection

Future research must focus on developing privacy-aware, multimodal, and edge-optimized solutions,
as well as on the standardization of benchmarking datasets and metrics. Finally, the integration of
robust computer vision systems into building management frameworks holds great promise for
enabling intelligent, occupant-aware environments that optimize both comfort and energy efficiency.
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