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Abstract

The accurate measurement of audience engagement in real-world live events remains a
significant challenge, with the majority of existing research confined to controlled environ-
ments like classrooms. This paper presents a comprehensive survey of Computer Vision
Al-driven methods for real-time audience engagement monitoring and proposes a novel,
holistic architecture to address this gap, with this architecture being the main contribution
of the paper. The paper identifies and defines five core constructs essential for a robust
analysis: Attention, Emotion and Sentiment, Body Language, Scene Dynamics, and Be-
haviours. Through a selective review of state-of-the-art techniques for each construct, the
necessity of a multimodal approach that surpasses the limitations of isolated indicators
is highlighted. The work synthesises a fragmented field into a unified taxonomy and
introduces a modular architecture that integrates these constructs with practical, business-
oriented metrics such as Commitment, Conversion, and Retention. Finally, by integrating
cognitive, affective, and behavioural signals, this work provides a roadmap for developing
operational systems that can transform live event experience and management through
data-driven, real-time analytics.

Keywords: affective computing; crowd engagement; HCI; real-time engagement; real-time
analytics; computer vision; emotion recognition; crowd behaviour; event monitoring

1. Introduction

Artificial intelligence (AI) and big data analysis are two examples of digital tech-
nologies that can enhance the user experience at events and provide audience engage-
ment feedback to promoters, enabling them to adjust the event to attendees’ expectations.
This facilitates personalised experiences for events and other activities and improves re-
source management.

Engagement can be defined in various ways; the emphasis here is on in-person
event participation, rather than virtual or online interactions. This is commonly referred
to as audience engagement, which describes an event’s capacity to maintain attendees’
interest and encourage their involvement. Engaging real-world events are designed to
be captivating and compelling, meaning they should capture the audience’s attention
immediately and keep it throughout the event, or at least during key moments.

It is important to define two concepts, crowds and groups [1]. (i) A group is a collection
of individuals, ranging in size from two to hundreds, who are present together at any given
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time and engaging in social contact. Its members move in a similar direction and at a
similar speed, which brings them closer to one another. Multiple groups can cohabitate
during an event. Conversely, a (ii) crowd (or mass) is a special, huge gathering of people
who are physically present in the same place. It typically arises when individuals who
share a common objective unite as a single entity, losing their individuality and assuming
the characteristics of the crowd entity.

It is crucial to emphasise that while wearable biosensors, such as electroencephalogra-
phy (EEG) devices, electrodermal activity (EDA) equipment, or heart rate monitors, are
often regarded as the gold standard for measuring physiological correlates of engagement
and emotional arousal, their deployment in real-world live events presents significant
practical limitations. These devices are inherently intrusive, requiring physical attachment
to attendees, which can alter natural behaviour, induce discomfort, and scale poorly in
large, dynamic crowds. Moreover, logistical challenges such as device distribution, main-
tenance, data synchronisation, and participant compliance render biosensors infeasible
for most real-world event settings, where minimal disruption and seamless integration
are paramount.

In contrast, Computer Vision-based methods offer a non-intrusive and scalable alter-
native, capable of capturing behavioural and affective cues from a distance without direct
attendee contact. Although vision-based indicators, such as facial expressions, head pose,
and body movement, are proxies for internal states and may not match the precision of
direct physiological measurement, they provide a practical and ethically preferable means
of inferring engagement in ecologically valid environments. The trade-off lies in accepting
a slight reduction in individual-level physiological accuracy in exchange for the ability
to monitor large audiences in real time, across diverse and unconstrained settings. This
approach aligns with developing deployable systems that strike a balance between scientific
rigour and real-world applicability, while adhering to privacy-preserving and minimally
invasive design principles. Following the above, this paper focuses primarily on Computer
Vision methods and models, while psychological theories of crowd behaviour are beyond
its scope. For that, the reader is referred to, e.g., Varghese and Thampi’s work [2]. Addi-
tionally, in the remainder of the text, the word crowd will be used generically to refer to
crowds and groups until otherwise specified.

The main contribution of this paper is the introduction of a unified multimodal engage-
ment architecture, grounded in business-oriented engagement metrics. This architecture
comprises five key constructs: Attention, Emotion and Sentiment, Body Language, Scene
Dynamics, and Behaviours. Together, these constructs offer a holistic and modular ap-
proach that surpasses the limitations of isolated indicators commonly employed in previous
studies. In addition, the architecture integrates practical metrics such as Commitment, Con-
version, Retention, and Feedback, thereby aligning engagement analysis with the strategic
goals of event management and marketing alignment that are notably absent from existing
academically focused methodologies. A complementary contribution is the comprehensive
survey of recent advancements in Al-driven Computer Vision for audience engagement
monitoring. This survey represents a structured review of methods applied to real-world
live events, addressing complex challenges such as crowd dynamics and occlusion.

In a nutshell, the paper delivers a unified five-construct engagement architecture with
mathematical formulations for real-time metric computation, the association with the Binary
Engagement Model proof-of-concept (see [3]), and a prioritised roadmap addressing critical
implementation gaps in standardised datasets, occlusion handling, and privacy-preserving
methods for operationalising the architecture in live group- and crowd-based events.

Following this section’s initial introduction, Section 2 provides a comprehensive
survey of Al-driven Computer Vision approaches to crowd engagement monitoring in
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real-world events. Section 3 summarises some models and methods to implement the
standard constructs identified in the previous section and ends with the authors’ proposed
constructs with the identified blocks needed to implement a complete audience engagement
architecture. The paper is concluded with a discussion and a look to future work in
Section 4.

2. Selective Review of Recent Advancements in AI-Driven Audience
Engagement Monitoring

This section is divided into three subsections. The first focuses on the review methodol-
ogy used, the second on the existing state-of-the-art audience/crowd engagement detection
systems, and the last provides a brief list of datasets related to engagement detection.

2.1. Review Methodology

This study presents a selective review of automatic (Al-based) engagement detection
methods/models/frameworks in audiences (crowds) in real-world environments, focus-
ing on non-intrusive methods. Given the practical constraints of real-world events, the
comprehensive survey emphasises on Computer Vision (complemented by sound analy-
sis) techniques, while excluding less feasible approaches such as wearables or expensive
biosensors (e.g., those embedded in bracelets). The study also includes the main list of
datasets available for this task.

It is important to clarify that this work does not aim to conduct a systematic literature
review. Systematic reviews follow a rigorous, protocol-driven methodology designed to
answer a specific research question by identifying, critically evaluating, and synthesising
all relevant evidence—often incorporating statistical techniques such as meta-analysis.
In contrast, the objective here is to carry out a comprehensive survey: a broad, descriptive
overview of the field that summarises existing studies, trends, and developments. This
approach does not require a formal assessment of study quality or adherence to a strictly
predefined and reproducible search protocol.

In essence, while a systematic review seeks a definitive, evidence-based conclusion
by treating existing studies as data, a comprehensive survey aims to map the research
landscape and provide a narrative synthesis of the current state of knowledge. This is
the scope and intention of the present paper. Following the above, by evaluating current
methodologies, this study aims to provide insights into the state of the field and highlight
viable solutions for real-world applications. The papers selected for analysis in this study
met the following the criteria:

(i) Related to real-world engagement applications (not virtual/online applications);
(if) Published in a journal or a conference;

(iii) Written in English;

(iv) Accessible online;

(v) Provide systematic information on computing methods;

(vi) Published between 2023 and October 2025.

The information was primarily gathered from Google Scholar, with additional refer-
ences from, in order, Scopus, IEEE Xplore, and the ACM Digital Library. The following
combination of keywords was used:

(i) Crowd engagement detection;

(ii) Automatic engagement detection AND (computer vision OR sound analysis) AND
(non-intrusive OR contactless);

(iii) Crowd engagement AND (real-world OR in-the-wild) AND (facial expression OR
gaze tracking OR acoustic sensing);
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(iv) Audience attention monitoring AND (vision-based OR audio-based) NOT (wearable
OR biosensor);
(v) Engagement recognition in crowds AND (dataset OR benchmark).

Following the initial results obtained through the selected keyword combination, a
second (subjective) filtering stage was applied. This involved excluding publications that,
based on the authors’ experience in research and development, were deemed unlikely to
be applicable or feasible in real-world scenarios.

As a small final note, it is important to clarify the references to sound or audio-related
terms which appear in the search. Despite the paper’s explicit focus on Computer Vision-
based engagement estimation, this reflects the intentionally broad scope of our literature
search, which was designed to capture relevant multimodal research where audio and
visual analysis are integrated or co-developed. Including such studies provides an extra
guarantee that all vision-based studies were screened.

2.2. Audience/Crowd Engagement Detection Systems

There is a notable gap in the literature on engagement detection in real-world events;
most of it is focused on the detection of engagement in classrooms. Booth et al. [4] present a
tutorial on engagement detection and its applications in learning. They define engagement
as a multicomponent construct involving affective, cognitive, and behavioural components,
influenced by context and time. The paper discusses traditional methods (self-reports,
observer-based measures) and automated methods (sensors, machine learning) for measur-
ing engagement, highlighting challenges like validity, scalability, and ethical concerns. It
explores proactive designs (emotional, cognitive, and behavioural) to enhance engagement
by optimising learning experiences and reactive designs that adapt in real time based on
detected engagement levels. Examples include adaptive feedback systems and dynamic
content adjustments. The paper emphasises the importance of interdisciplinary approaches
and future research directions, such as integrating heterogeneous measures, leveraging
wearable technologies, and blending proactive and reactive designs to improve engagement
and learning outcomes.

On the specific topic of engagement in classrooms, several papers were selected,
as most research to date (as mentioned above) has centred on classroom environments.
To illustrate current approaches and methodologies, we selected a representative set of
classroom-focused studies. The study by Lasri et al. [5] presents an approach to detecting
the engagement levels of deaf and hard-of-hearing students in a classroom environment
through facial expression recognition (FER) using a Deep Convolutional Neural Network
(DCNN) model, specifically a fine-tuned VGG-16 [6] architecture. The engagement index
(EI) was computed by multiplying the dominant emotions’ probabilities, derived from
the SoftMax output of the model, by their corresponding emotion weights, resulting in a
concentration index (CI) that quantifies the students” engagement levels.

The ICAPD framework uses simAM-YOLOv8n model for detecting student cognitive
engagement in classrooms [7]; it categorises engagement into five levels based on visual
behaviours. The simAM-YOLOv8n model, enhanced with an attention mechanism, im-
proves detection accuracy in dense classroom scenes. The study uses annotated classroom
videos to train the model, demonstrating superior performance compared to other methods.
This approach aims to help teachers analyse and adjust instruction based on real-time
engagement data, offering a promising solution for enhancing classroom learning.

Sumer et al. [8] investigate student engagement using audiovisual recordings in real
classroom settings. The authors used Computer Vision to classify engagement based on
attentional (head pose) and affective (facial expressions) features, achieving AUCs (Area Un-
der the Curve of the Receiver Operating Characteristic curve) of 0.620 and 0.720 for grades
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8 and 12, respectively. Attention features outperformed affective ones, and combining
both slightly improved performance. Personalising models with minimal person-specific
data significantly enhanced accuracy. The study highlights the potential of automated
engagement analysis but notes limitations like sample size and ethical considerations for
real-world applications.

Also in a classroom environment, the model presented by Zhao et al. [9] is a lightweight
facial expression recognition architecture specifically designed to detect student engage-
ment through facial expressions in real-time classroom settings. It features several key
components, including two standard convolution layers followed by batch normalisa-
tion and a Mish activation function, which enhance the model’s ability to learn complex
features. Central to its design are four group-in-bottleneck residual blocks that facilitate
efficient feature extraction while keeping the parameter count low, complemented by atten-
tion mechanisms such as the Convolution Block Attention Module (CBAM) and Channel
Attention Module (CAM) to improve feature representation. Engagement levels are com-
puted by mapping the detected emotions to three categories—high, medium, and low
engagement—based on the established relationship between specific facial expressions and
corresponding engagement levels.

Vrochidis et al. [10] propose a six-layer deep learning framework to monitor audience
engagement in online video events by jointly analysing video and audio streams. For
video analysis, they employed HopeNet [11] for head pose estimation and JAA-Net [12]
for emotion recognition, complemented by a RetinaFace [13]-based face detection module.
In the audio domain, they used a DenseNet-121 [14] architecture trained on a custom
dataset for event detection, including clapping, speech, and pauses. Their system operates
on keyframes extracted from event recordings, detecting participants” head orientations,
emotional states, and sound events to infer engagement levels minute-by-minute.

The study done at King Faisal University [15] uses machine learning and Computer
Vision to monitor student engagement in real-time. By analysing visual cues such as body
language and pose estimation, the system classifies students into three categories: Engaged,
Not Engaged, and Partially Engaged. The system demonstrated high accuracy, providing
valuable insights for educators to enhance teaching strategies. Ethical considerations
such as privacy and bias are addressed. Qarbal et al. [16] present a two-level verification
approach that combines head pose estimation with facial expression analysis. The first level
uses a Convolutional Neural Network (CNN) trained on the Head Pose Image Database
to classify head poses into four categories, indicating visual attention. The second level
utilises pre-trained models, ResNet50 and EfficientNet, to analyse facial expressions using
the DAISEE (Dataset for Affective States in E-Environments) dataset.

Teotia et al. [17] present another very interesting study that focuses on the effectiveness
of Vision Language Models (VLMs) in detecting classroom-specific emotions like engage-
ment and distraction. Through empirical studies using classroom behaviour and emotion
recognition datasets, it is found that VLMs struggle with engagement detection due to their
nuanced and context-dependent nature. Nevertheless, the study highlights the need for
more classroom-specific training data and common-sense reasoning frameworks to im-
prove VLM performance in this area. The research addresses a gap in the existing literature
and suggests potential avenues for enhancing VLM capabilities in educational settings.

Although it is not the primary topic, Human-Robot Interaction (HRI) deserves a
quick mention, as its methods are relevant to this area of research. For this, in this context,
Sorrentino et al. [18] provide a systematic study that examines HRI, stressing its ambiguity
and the difficulties in defining and evaluating it. The review analyses 28 studies, identifying
common definitions, methods, and features used for automatic engagement detection. It
emphasises the need for a clear definition of engagement, better annotation procedures,
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and the integration of multimodal features. The review also discusses the limitations of
current engagement prediction models and suggests improvements, such as incorporating
temporal information and deploying models in real-time interactions. The authors call
for more robust, context-aware, and personalised engagement assessment frameworks to
enhance the interaction quality between humans and robots. Ravandi et al. [19] examine
deep learning methods for detecting user engagement in HRI, finding that CNNs are
the most common approach, primarily using visual cues like facial features and pose.
The review identifies key gaps, including the need for context-specific datasets and more
research on temporal dynamics and non-social robots.

Going back to student engagement detection based on Computer Vision, [20] presents
a systematic literature review. The authors examine and categorise the types of student
engagement detected, the learning contexts in which detection occurs, and the methods
employed for such detection; they also analyse the types of data sources, datasets, and
features used, as well as the preprocessing and feature engineering techniques applied
to enhance model accuracy. Bei et al. [21] introduce a transformer-based model for en-
gagement recognition in videos. The model uses three independent class tokens to extract
features from ocular, head, and trunk regions. Inspired by human observation, it also
performs disengagement behaviour recognition at frame and video levels, which guides
the model and improves interpretability. The model achieves state-of-the-art performance
on DAISEE and on EmotiW-EP datasets.

Despite producing an article that focuses on online environments (the only one pre-
sented in the paper), Wang et al. [22] present a real-time low-cost framework for monitoring
student engagement in E-learning environments. Utilising the MediaPipe library, their
model extracts and analyses multi-dimensional facial features, head pose, eye blinking,
gaze direction, and smiles to assess behavioural and emotional engagement. The proposed
model includes a dynamic threshold for blink detection and achieves high accuracy and
computational efficiency, outperforming several complex deep learning and traditional
methods. This enables the system to run effectively on low-resource edge devices without
specialised hardware, making it a practical and scalable solution for providing immediate
feedback to educators and enhancing the online learning experience. Nevertheless, as
with many (most, if not all) online applied systems, it only works with a “frontal/detailed”
image of the (body and/or) face.

To summarise, between classroom-focused engagement detection systems and those
for real-world live events, what is transferable is the core multimodal idea, i.e., using
Computer Vision cues like facial expressions and head pose/gaze for attention, and body
posture to infer affective, cognitive, and behavioural engagement, often via deep learning
models originally developed and validated in educational or HRI contexts. Classroom work
provides reusable building blocks such as FER-based engagement indices, head-pose-based
attention estimation, and multimodal fusion strategies that can be adapted as components
of larger architectures. However, much is not directly transferable, as classroom systems
assume relatively small groups, frontal views, limited occlusions, stable lighting, and
individual-level labels, whereas live events involve large crowds, severe occlusion, moving
and distant targets, heterogeneous behaviours, and a lack of fine-grained ground truth,
demanding crowd-centric construct dimensions like density, collective motion, and high-
level behaviours (commitment, conversion, retention, feedback, anomalies) plus specialised
tracking and crowd-analysis methods that go beyond what classroom-focused models are
designed to handle.
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2.3. Crowd Engagement Datasets

A critical prerequisite for this research is the validation of suitable, publicly available
datasets. Although numerous datasets exist for video-based behaviour analysis, none,
to the best of our knowledge, are fully dedicated to engagement, except the OUC Class-
room Group Engagement Dataset (OUC-CGE) [23]. Nevertheless, this dataset does not
fit the purpose of engagement detection in “live events”. Despite the above-mentioned
scarcity, several datasets are available for tasks such as emotion and sentiment classification
in images and video. Notable examples include the HAPPEI (HAPpy PEople Images)
dataset [24] and the MED (Motion Emotion Dataset) [25]. The authors also published a
comprehensive survey on affective computing databases in 2024 (see [26]). Within this
specific domain, it is important to highlight a major bottleneck: the limited availability
of public datasets containing videos of groups or crowds with high-quality emotional or
sentiment annotations. Although datasets such as HAPPEI and MED address this gap to
some extent, they remain among the few exceptions.

Turning to datasets related to activity detection and behavioural analysis, Table 1
presents a selection of prominent examples. While additional datasets exist, the ones
included are, in the authors’ view, the most suitable for supporting the development of the
proposed engagement architecture, although it is important to note that none of them are
specifically designed for engagement detection. Table 1 is structured across five dimensions:
domain/scenes (describing the context captured), dataset size, type of annotation available,

and relevant notes/comments.

Table 1. Summary of key datasets used in activity detection and behaviour analysis.

Dataset Domain/Scenes Size Labels/Annotations Evaluation Protocol and  Notes
Metrics

UCsD Pedestrian walk- 34 train/36 test Frame-level Frame-level ROC/AUC; Classic small-scale
Anomaly Detec- way videos anomaly labels; pixel-level AUC; EER benchmark; anomalies
tion [27] pixel-level masks include bikes, skaters,

(subset) vehicles
CUHK Av- Campus avenue 16 train/21 test; 47 ab- Frame labels + Frame-level AUC; IoU- Provides rectangles for
enue [28] videos normal events bounding boxes based localisation (VOC)  localisation tasks
UMN Unusual Indoor/outdoor 3 sequences (1453, 4144, Frame-level nor- Frame-level ROC/AUC;  Sudden panic run
Crowd Activ- crowd panic sce- 2144 frames) mal to abnormal per-scene AUC abnormality
ity [29] nario videos segments
ShanghaiTech Campus surveil- 270k training frames; Pixel-level masks + Frame-level AUC; pixel-  Large modern bench-

Campus [30]

lance videos

130 events

frame labels

level AUC

mark with diverse
scenes

UT-
Interaction [31]

Human-human
interaction in-
door/outdoor
videos

20 sequences (1 min
each), 6 classes

Temporal intervals
and bounding boxes

Classification accuracy
with LOSO CV

Interaction recognition
dataset

UCF-Crime [32]

Real-world surveil-
lance videos

1900 videos;
13 anomaly types

Video-level anomaly
labels; some frame-
level GT

Frame-level ROC/AUC;
PR curves

Weakly labelled large-
scale anomaly dataset

GENKI-4K [33]

Natural, uncon-

Binary smile label (smil-

5-fold cross-

Smaller dataset, focused

strained face im- ing and non-smiling) validation specifically on smile
ages (4000 images) detection (ollected from
real-world scenarios)
CelebA [34] Celebrity face im- 40 binary attributes Often used for at- Large-scale, diverse,
ages (web-sourced, (e.g., smiling, glasses, tribute classification, multiple tasks possible
200k images of hair colour), iden- face detection, land-  (attributes, recognition,
10k identities) tity labels, bounding mark localisation landmark detection)

boxes, 5 landmark lo-
cations; 162k train/20k
val/20k test
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In brief, despite the variety of existing datasets, there is a notable absence of datasets
specifically dedicated to engagement detection and, crucially, to quantifying the level of engagement.

2.4. Discussion

The analysis in the present work, and others, reflects a multimodal architecture for an
engagement model by integrating three core constructs: (i) Emotion, (ii) Attention, (iii) Body
Language, Scene Dynamics, and Behaviours. The review of the existing literature establishes
that a holistic assessment cannot rely on a single constructor; therefore, the model should
capture cognitive focus through visual attention and gaze patterns, while concurrently
analysing affective states via sentiment and emotion recognition from verbal and non-verbal
cues. Furthermore, it incorporates kinetic features such as posture, gesture, and fidgeting
to interpret body language, and it contextualises these individual signals within broader
Scene Dynamics, including group interactions and environmental factors. Finally, these
low-level features are synthesised into interpretable behaviours such as task persistence
or social initiation, which serve as the direct, observable manifestations of engagement,
thereby operationalising the abstract construct into measurable components for analysis.

3. Audience Engagement Model’s Architectural Elements

Following the principle of the comprehensive survey, and having now defined the
main constructs for the architecture, some existing methods and models are briefly de-
scribed to extract the information for each of the constructs (again, focusing on Computer
Vision Al-driven techniques).

3.1. Emotion

Emotion is a fundamental aspect of human behaviour and interactions as it can be
used to detect and understand the level of engagement of an audience.

A reliable method for continuous affect recognition and prediction based on deep
learning is presented by Stephen et al. [35]. Their method is unusual as it transfers the
continuous valence—arousal dimensional space into discrete labels and learned facial ex-
pression representation. This deep learning-based method is structured with processes
including regression model prediction, CNN feature extraction, and image scaling.

Andrey [36] proposes a comprehensive approach for facial emotion analysis in videos,
comprising facial expression recognition, action unit (AU) analysis, and valence—-arousal
prediction. The author utilises pre-training lightweight CNNs on large facial datasets like
VGGFace2 [37] and fine-tunes them on emotional labels from AffectNet. The paper by
Nguyen et al. [38] presents an approach to affective behaviour analysis, focusing on valence—
arousal prediction within the ABAW3 challenge framework. Leveraging deep learning
techniques, the authors propose a two-stage model for continuous emotion estimation. In
the first stage, feature extraction is performed using the RegNet architecture [39], followed
by multimodal fusion with GRUs [40] and transformers [41]. The second stage involves
temporal learning with GRU blocks and the application of local attention mechanisms to
enhance model performance.

The study by Gupta et al. [42] introduces a deep learning-based engagement detection
system that deploys a real-time learner leveraging FER. Addressing the challenges of online
education, especially post-COVID-19, it measures student engagement by analysing facial
expressions captured via webcams during online-only sessions. The FER process involves
a multistage pipeline: facial detection using Faster R-CNN [43], extraction of 470 key fa-
cial points using a custom face-point extractor (MFACEXTOR), and emotion classification
through CNNs. The emotions happy, sad, angry, neutral, afraid, and surprised are cate-
gorised as engaged or disengaged states using a calculated EI. This score is generated by
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the deep learning model during facial emotion classification. Each emotion (e.g., happy,
neutral, or angry) has an associated EP value based on the likelihood of its presence in
the observed facial expression and weight of emotion (WE), which is a predefined weight
assigned to each emotion, reflecting its impact on engagement. Positive emotions (e.g.,
happy or neutral) are given higher weights as they are more indicative of engagement,
while negative emotions (e.g., sad or angry) are assigned lower weights.

Juliette et al. [44] employ video measures in desktop settings to track arousal and
valence levels through facial expressions and physiological reactions to stressors. To
generalise arousal and valence detection, the models underwent training on a variety of
tasks. SMOTE was used to balance the classes, and grid search was used to improve
the hyperparameters. MRMR [45] was used to reduce features, and several classification
models were used. The training/validation and testing sets of the dataset comprised
video measures that recorded individuals’ physiological reactions and facial expressions in
response to stress.

The study by Lorenzo et al. [46] explores valence and arousal estimation from neu-
romorphic vision data using event cameras, which excel at capturing subtle and rapid
facial micro-movements. Training was performed on simulated neuromorphic data derived
from the AFEW-VA [47] dataset, where RGB videos annotated with valence and arousal
values were converted into event streams using the V2E [48] simulator. Manojkumar
and Helen [49] introduce a computational model for crowd emotion analysis based on
valence—arousal dimensions. It extracts features like crowd density, motion variance, and
a novel enthalpy metric from video surveillance. These inputs are processed through a
fuzzy inference system to classify collective emotional states. Implemented with a YOLOVS
DarkNet framework, the model demonstrates enhanced accuracy in identifying high-arousal,
negative-valence scenarios indicative of potential threats, outperforming traditional methods.

3.2. Attention

Attention is a fundamental aspect of human behaviour and interactions, and it can be
used to detect and understand the level of engagement of an audience. Some challenges
in this area are the need to identify the specific target of attention, particularly when
that target is moving (e.g., a speaker walking across a stage). This subsection addresses
these challenges.

Attention can be assessed through head pose estimation, which determines whether a
person is looking at a given target (object or individual). It also requires identifying, often
in real time, what is being given attention. This subsection addresses both issues.

Hempel et al. [50] introduce a novel method for head pose estimation from single
images using a continuous 6D rotation matrix representation. Traditional methods for head
pose estimation often use discrete binning or quaternion representations, which can lead
to ambiguity and reduced performance. The proposed method avoids these pitfalls by
representing rotations with a 6D vector that is subsequently mapped to a 3 x 3 rotation
matrix, ensuring orthogonality and reducing prediction errors. In Hempel et al. [51], the
same authors continue a previous project [50], proposing a novel method for robust and
unconstrained head pose estimation, addressing full-range rotation challenges. The model
uses a geodesic loss function within the Special Orthogonal Group to stabilise learning and
ensure precise predictions.

Focusing on location estimation, Reich [52] proposes a monocular 3D multi-object
tracking framework that uses an Extended Kalman Filter to estimate object trajectories
in a 3D space based on monocular video input. Unlike typical monocular approaches
that operate solely in the 2D image domain, the method focuses on recovering accurate
3D coordinates for each object, which are critical for physically plausible tracking. Track
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initialisation is performed using 3D bounding boxes generated by a monocular 3D object
detector (based on CenterTrack [53]), which provides object distance, image coordinates,
dimensions, and orientation. These measurements are transformed from polar to Cartesian
coordinates to initialise a full 3D state vector including position (x, y, z), size, orientation,
and kinematic variables like velocity and acceleration. The EKF is then used to propagate
and update these states using 2D bounding boxes in subsequent frames, avoiding temporal
correlation issues common in monocular 3D detections.

Hossain et al. [54] present a lightweight and efficient system for estimating the 3D
coordinates of objects using image or video input. The system uses a stereo camera
setup with two parallel cameras to capture depth information, allowing accurate spatial
localisation of objects. Object detection is performed using the YOLOv3 model, trained
on the COCO dataset [55], which provides bounding boxes for over 80 object classes.
The system calculates vertical and horizontal angles from both camera views and applies
trigonometric formulas to estimate the 3D position of each object relative to the primary
camera. Yang et al. [56] present an enhanced monocular depth estimation framework. Their
approach abandons real labelled images in favour of synthetic data with highly accurate
depth annotations, thus avoiding common label noise found in traditional datasets. They
train a powerful teacher model based on the DINOv2-G [57] encoder solely on synthetic
data, and then generate pseudo-labels for a large-scale corpus of 62 million unlabelled real
images. Student models (ViT-S, ViT-B, ViT-L, ViT-G) are subsequently trained on these
pseudo-labelled images, allowing for excellent generalisation and efficient performance
across model sizes ranging from 25 M to 1.3 B parameters.

3.3. Body Language, Scene Dynamics, and Behaviours

Body Language, Scene Dynamics, and Behaviours are essential for understanding
human behaviour and interactions. These three constructs provide valuable insights into
the dynamics of an audience and the interactions between the audience and, e.g., a speaker.

Sundararaman et al. [58] introduce a new benchmark for pedestrian tracking in dense
crowds by focusing on head detection rather than full-body detection, which becomes
unreliable due to occlusion at high densities. They present the Crowd of Heads Dataset
(CroHD), a large-scale dataset consisting of 11,463 frames with over 2.2 million annotated
head instances across nine scenes. To effectively detect small, occluded heads, they develop
a novel head detector named HeadHunter, which leverages a ResNet-50 [59] backbone
with a Feature Pyramid Network [60,61] and context-sensitive modules [62]. For tracking,
they extend this detector into HeadHunter-T, which integrates a Particle Filter-based
motion model and a colour histogram re-identification module. They also propose a new
evaluation metric, IDEucl, that measures how consistently a tracker maintains identity
across a trajectory in image space.

Deb et al. [63] address the complex task of tracking dispersed human crowd groups
from aerial perspectives using a single bounding box, a challenge due to group reforma-
tion, occlusion, and shape variation. They introduce a new photorealistic dataset, the
Unreal UAV Crowd Tracking (UUCT) dataset, designed in Unreal Engine and Airsim [64],
featuring 70 long sequences across seven attributes with RGB, segmentation, and depth
data. To overcome the limitations of existing single-object trackers (SOTs) when applied
to dynamic crowd formations, the authors propose the Hybrid Motion Pooling (HyMP)
architecture. HyMP augments DiMP [65] with spatial and temporal graph learning to
capture human-to-human interactions and motion continuity, using Graph Convolutional
Networks (GCNs) [66] and low-rank bilinear pooling.

Yeh et al. [67] propose a deep learning-based system for aerial crowd-flow analysis
using stationary drones. The system integrates YOLOV5 [68] for real-time object detection
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and StrongSort [69] with OSNet [70] for pedestrian tracking and re-identification. The ap-
proach enables the generation of three key visual outputs: crowd trajectory maps, hotspot
maps, and flow direction maps, aiding in the assessment of crowd density, movement
patterns, and congestion points. For dataset preparation, they employ LabelGo [71] for
semi-automated annotation and utilise data from the MOT Challenge, Pexels, and iStock.
Li et al. [72] propose a framework for video crowd localisation called GNANet, which intro-
duces a multi-focus Gaussian Neighbourhood Attention (GNA) mechanism to effectively
model spatial-temporal dependencies in surveillance footage. GNANet is designed to
locate human head centres in crowded scenes by leveraging both scene modelling and
context cross-attention modules. The GNA module efficiently captures long-range de-
pendencies while preserving spatial topology, and the multi-focus mechanism enhances
robustness to scale variations in head size due to perspective effects.

Ekanayake et al. [73] propose a deep learning model, the Multi-Column Multistage
Bilinear Convolution Attention Network (MCMS-BCNN-Attention), for crowd density
estimation and anomaly detection in surveillance video data. The architecture integrates
three parallel feature extraction modules: a bilinear CNN attention mechanism based
on transfer learning with DenseNet121 [14] and EfficientNetV2 [74], a multi-column [75]
CNN, and a multistage CNN, enabling the fusion of deep spatial features for robust
classification. The model classifies crowd density into five levels (very low to very high) and
can also perform binary classification for anomaly detection. Evaluations on public datasets
including UCSD [27] Ped1 and Ped2, PETS2009 [76], and UMN [77] Plazal and Plaza2
demonstrated superior performance, with the model achieving up to 99.10% accuracy
and AUC scores of 1.00 for anomaly detection scenarios. The architecture benefits from
enhanced spatial feature representation, efficient training convergence, and robustness
across varied lighting and occlusion conditions, outperforming several state-of-the-art
baselines in both multiclass density estimation and binary anomaly detection tasks.

Liu et al. [78] propose a crowd counting approach called the Dynamic-Refined Density
Map Network, which addresses the inaccuracies in traditional density map generation
due to uniform or heuristically derived ground truths (GTs). Their method consists of
two primary components: Refine Net and Counting Net, which are jointly trained. Refine
Net utilises a U-shaped architecture with a Regional Attention Module (RAM) to adaptively
generate refined GTs that better represent real head sizes in varying contexts. Counting
Net employs a multi-column architecture with co-prime dilation rate convolution groups,
improving feature extraction continuity while mitigating information loss common in
standard dilated convolutions.

Lin et al. [79] introduced the Multifaceted Attention Network (MAN), a crowd count-
ing model designed to address large-scale variations in crowded scenes by enhancing
transformer-based architectures. The model incorporates three attention mechanisms:
Learnable Region Attention (LRA) for spatially adaptive local context, Local Attention
Regularisation (LAR) to enforce consistency among local attention regions, and Instance
Attention Loss (IAL) to reduce the impact of annotation noise. The architecture utilises a
VGG-19 [6] backbone to extract features, followed by a transformer encoder enhanced with
LRA, and a regression decoder to estimate the density map.

Wang et al. [80] propose the Hybrid Attention Network (HANet) for crowd counting,
addressing both background noise suppression and scale variation adaptation simulta-
neously. The model architecture is composed of three main modules: a backbone (the
first ten layers of a VGG16-BN [6] network pre-trained on ImageNet), a hybrid attention
module (HAM), and a backend for density map generation. The hybrid attention module
features parallel spatial and channel attention streams that progressively embed multi-
scale context information across different cascaded levels. Qi et al. [81] propose a novel
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multi-object tracking system called TraPeHat, designed to address the challenge of severe
occlusion in densely crowded scenes. Recognising that the head is typically the most visible
and least occluded part of the human body, the authors build their system around head
tracking as a foundation for more reliable pedestrian tracking. The method operates online
and starts by detecting and tracking pedestrian heads using a specially designed head
detector and tracker. At the same time, full-body bounding boxes are detected using an en-
hanced Faster R-CNN-based [43] body detector, which includes a fusion strategy, patched
non-maximum suppression, and an optional refinement module for improved robustness.

Pan et al. [82] propose a novel method for detecting pedestrians in densely populated
and occluded environments using deep learning techniques. The approach integrates multi-
scale feature maps and an occlusion detection module to improve robustness and accuracy.
The occlusion detection component is composed of sub-modules that first identify occluded
regions and then detect pedestrians within those regions. A combination of collaborative
deep learning and dynamic part modelling is employed to extract pedestrian features from
various angles and handle partial occlusions effectively.

Pai et al. [83] propose a method for classifying crowded scenes based on global motion
patterns using a feature called the Histogram of Angular Deviations (HAD). The authors
focus on distinguishing three types of crowd scenes—structured, semi-structured, and
unstructured—based on the directional coherence of trajectories extracted from video
frames. Motion trajectories are obtained using a generalised Kanade-Lucas-Tomasi [84]
(gKLT) tracker, and average angular orientation features are computed for each trajectory.
Zhang et al. [85] propose a novel method, CDEM-M, for crowd density estimation and geo-
graphic mapping by integrating surveillance video with GIS technologies. They developed
a Crowd Semantic Segmentation Model (CSSM) based on the DeepLabv3+ [86] network
and a Crowd Denoising Model (CDM) using Convolutional Neural Networks to accurately
extract crowd features, especially in high-altitude and large-scene surveillance. The spatial
mapping of crowds from video to geographic space was achieved using a homography
matrix. To estimate crowd numbers, they constructed a back propagation (BP) [87] neural
network optimised by a Genetic Algorithm, which used features like distance to camera,
camera inclination, and geographic area of the crowd polygons.

Zhang et al. [88] propose JointTrack, an anchor-free joint head-body detection frame-
work designed to improve pedestrian detection and tracking in extremely crowded scenes,
where heavy occlusion is common. The core innovation lies in predicting heads and bodies
simultaneously using a modified YOLOX [89] architecture, enhanced with a novel Joint
SimOTA module that dynamically learns the spatial relationship between head and body
regions without relying on fixed ratios. The authors train their model on a composite
dataset derived from Crowdhuman [90], MOT20 [91], and HT21 [58], employing data
augmentation techniques such as Mosaic and MixUp.

An approach to crowd density estimation using a Global Measuring Crowd Col-
lectiveness (GMCC) metric is proposed by Mei et al. [92], who integrate intra-crowd
and inter-crowd collectiveness to assess collective motion in drone-captured videos. The
method builds on a global energy spread process derived from optical flow fields, mod-
elling individuals as particles in a dynamic system. Intra-crowd collectiveness is quantified
through velocity magnitude and directional consistency, while inter-crowd collectiveness
measures cohesion among different crowd clusters. The model is robust to illumination
changes due to an illumination-invariance strategy integrated into the optical flow esti-
mation. Ranasinghe et al. [93] propose a novel crowd counting framework that leverages
denoising diffusion probabilistic models [94,95] (DDPMs) to generate high-fidelity crowd
density maps. Unlike traditional regression-based methods, which suffer from background
noise and density loss due to the use of broad Gaussian kernels, CrowdDiff employs a
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narrow kernel to improve the quality and accuracy of density maps. The model architecture
consists of a conditional diffusion model trained to denoise corrupted density maps, with
an auxiliary regression branch used only during training to enhance feature learning.

Akpulat et al. [96] propose a novel anomaly detection method for crowd scenes
using a trajectory-based approach rooted in finite-time braid entropy (FTBE). The authors
extract motion trajectories from optical flow using a particle advection method and cluster
them via mean-shift based on endpoint positions. Each cluster is analysed through FTBE,
a topological complexity metric derived from braid theory, along with motion vector
magnitudes to form a feature vector. A fully connected deep neural network is trained to
detect local anomalies, while a step braid entropy score (SBES) aggregates these features
to identify global abnormalities. This method avoids the limitations of region-based
and traditional tracking approaches by offering a holistic, location-independent view of
crowd behaviour.

A deep learning method for detecting and tracking individuals in dense crowds was
proposed by Badauraudine et al. [97], who aimed to enhance automated surveillance and
mitigate crowd-related disasters. Using the PRISMA methodology, the authors analysed
4384 papers across five major databases, ultimately narrowing their focus to 13 primary
studies published between 2019 and 2024. Finally, most recently, Martins et al. (2025) [98]
provided a comprehensive analysis of the emotional body gesture recognition landscape
by systematically reviewing extant literature surveys. Their work synthesises findings
across numerous systematic reviews and surveys (SRoSs), critically examining published
research on key aspects such as databases, methodological approaches, and overarching
perspectives within the field.

3.4. Discussion and Audience Engagement Architecture Constructs

Based on the methods surveyed in Sections 2.2, 2.3, and 3.1-3.3, complemented by the
authors’ earlier papers [3,99], it is evident that a robust audience engagement framework
necessitates a multimodal and multi-construct approach, as no single data stream is suf-
ficient for a holistic assessment. The literature reveals a clear trend towards integrating
complementary modalities: Emotion Level and Sentiment State are addressed through
advanced deep learning techniques that predict valence and arousal from facial expressions,
either directly from discrete labels or in a continuous space, often leveraging pre-trained
CNN:is fine-tuned on affective computing datasets. Concurrently, Attention Direction and
Level are tackled via sophisticated head pose estimation models that provide a continuous
6D representation for robust, unconstrained gaze tracking, coupled with monocular 3D
tracking frameworks to spatially contextualise a subject’s focus within a dynamic scene.
These constructs form a core cognitive-affective duo, quantifying internal states of focus
and emotion.

Furthermore, a future architecture should be expanded to incorporate broader be-
havioural and contextual cues. Body Language analysis extends beyond the face to interpret
intent through posture and gesture, while Scene Dynamics provide the macro-context, util-
ising advanced crowd analysis techniques such as head detection in dense environments
(HeadHunter), trajectory-based motion modelling (HyMP, HAD), and density estimation
(MCMS-BCNN-Attention, diffusion models) to understand group cohesion, motion pat-
terns, and overall crowd density. Finally, these low-level signals are synthesised into
interpretable Behaviours such as commitment, social interaction, or anomaly detection,
which serve as the ultimate, observable manifestations of engagement. The discussed
methods collectively demonstrate that while the field leverages powerful, often lightweight
models for real-time applicability, the integration of these distinct constructs is paramount.
This synergy allows a future Computer Vision-based architecture to move from isolated
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feature extraction to a comprehensive, multi-faceted interpretation of engagement, essential
for accurately capturing the complex phenomenon in real-world event settings.

In accordance with this, the previous three constructs were complemented and re-
organised into five constructs, each of which must be implemented with the following
(sub-)blocks (dimensions) in order to create a (fully) integrated audience engagement
Computer Vision-based architecture:

(a) Attention Direction and Level. (a.l) Focus: Track the individual or crowd and
determine whether their head orientation (gaze) is directed toward the event’s primary
focus, object, or person. (a.2) Heatmaps (a.2.1): The aggregated attention over a period
of time and (a.2.2) the cumulative number of persons in a specific region close/or
related to the object/person that is being engaged.

(b) Emotion Level and Sentiment State. (b.1) Emotion determines the degree and level
of emotion by calculating arousal and valence, which is combined with the (b.2) Senti-
ment State, namely, negative, neutral, and positive.

(c) Body Language. (c.1) Actions and gestures convey intent and emotion, bridging
language barriers to foster genuine connection (ex., clapping hands). (c.2) Pose com-
municates openness, confidence, and cultural respect, directly influencing rapport and
the perceived sincerity of engagement. Together, they are the non-verbal foundation
of trust and collaborative spirit in any event.

(d) Scene Dynamics. The computation includes the following: (d.1) Density: This rep-
resents the density of persons by section in the event. (d.2) Count: This tracks the
number of persons assisting the event. (d.3) Motion patterns: Different motion pat-
terns are tracked during the event, and the model also creates a heatmap with the
motion patterns of groups and respective chronologies of how groups move inside
the event.

(e) Behaviours represent observable actions and patterns that indicate a person’s level of
interest, attention, and interaction with a product, service, content, or another person.
They can be divided into the following: (e.1) Commitment: The architecture monitors
how many times a group or the crowd interacts with a product, service, or event.
(e.2) Conversion: It monitors how many groups complete, or if the crowd completes,
a pre-defined action/path. (e.3) Retention: It monitors how many groups return, or
if the crowd returns, to a product, service, or event sector after their first visit. (e.4)
Feedback: It monitors how many times a type of feedback was presented by a group
or the crowd (e.g., waving or clapping hands). (e.5) Social: It monitors how many
different groups interact with each other: (e.6) Odd Behaviours/Alerts: It can detect
a subset or group of attendees whose behaviour deviates significantly from other
groups or event sectors or indicates abnormal crowd activity.

Figure 1 provides an illustration and summary of the constructs along with their re-
spective blocks, which are essential for constructing the overall architecture. It is important
to mention that some of the constructs are more dedicated to the analysis of small groups
or close views of the subjects of analysis, namely Emotion Level and Sentiment State, Attention
Direction and Level, and Body Language. In those cases, it is expected that the main source of
information will be the individuals’ facial features. Similarly, Scene Dynamics, Behaviours,
and, again, Body Language are more related to crowds and a global view of the attendees,
where the main information comes from the "mass" (all persons as a single entity), instead
of coming from the individuals’ faces.
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Figure 1. Illustration of the constructs required to implement the proposed engagement model.

The construct Body Language applies to both group and crowd analysis, but it is
important to stress that the source of the information to build these respective blocks is
different. At the group level, this requires face and pose tracking per individual; at the
crowd level, Body Language is inferred from collective synchronisation or aggregate posture,
where individuality is lost due to occlusion.

Building on the above, for small groups (close-view analysis), the engagement pipeline
begins with the detection and tracking of each individual. From the tracked facial data,
deep learning models are employed to extract emotional and sentiment-related features,
estimating parameters such as valence, arousal, and sentiment polarity. Simultaneously;,
attention direction and intensity are inferred through head pose and gaze tracking, gener-
ating indicators of focus around the event’s central object or person. These affective and
attentional signals are further enriched with Body Language cues including gestures and
posture, which provide additional evidence of individual intent and engagement. This
process is applied to each person individually and subsequently integrated (ensembled) to
produce a collective engagement profile for the group.

The pipeline for crowd-level or global (macro) analysis, begins with large-scale detec-
tion and tracking of individuals across the scene. Aggregated features are used to compute
Scene Dynamics, including density maps, crowd counts, and group-level motion patterns,
which are visualised through spatio-temporal heatmaps. In parallel, collective body lan-
guage, such as synchronised movements or postural alignment, adds interpretative depth
to the analysis of group intent. These global and low-level signals are then synthesised
into high-level behavioural indicators, capturing phenomena such as crowd commitment,
inter-group social interactions, and anomalies in movement or feedback patterns.

It is important to emphasise that, although two distinct pipelines are presented, in
certain event formats (such as stage presentations involving a single speaker) a simplified
pipeline may be sufficient. However, in many other contexts, particularly pavilion-based
exhibitions, both pipelines operate in parallel to capture and integrate engagement across
multiple point of interest (Pols). This dual approach enables a more comprehensive and
context-sensitive analysis of audience engagement.

Table 2 consolidates the methods previously discussed in the Sections 2.2 and 3 and
reorganises them according to the proposed architecture constructs, highlighting their dual
role as both state-of-the-art approaches and building blocks for engagement analysis.
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Table 2. Crowd/scene-level methods mentioned in the manuscript.

Study/Authors

Methods

Overview

Applied to

Booth et al. [4]

Defines engagement as a multicomponent construct

involving affective, cognitive, and behavioural compo-

nents

Tutorial for engagement detection and its applications in learning

Engagement detection

Lasri et al. [5]

Facial expression recognition (FER) using a fine-tuned
VGG-16 [6]

Engagement index (CI) computation

Engagement detection

Xu et al. [7]

YOLOvV8n with SimAM attention

Analyse and adjust instruction based on real-time engagement data

Engagement detection

Sumer et al. [8]

Head pose and FER (vision + audio)

Investigate student engagement using audiovisual recordings in real class-
room settings

Engagement detection

Zhao et al. [9]

Lightweight CNN, residual blocks, and CBAM/CAM

Real-time lightweight FER model for classroom use

Engagement detection

Vrochidis et al. [10]

HopeNet [11] (pose), JAA-
Net [12] (AU), RetinaFace [13],
DenseNet [14]

Six-layer deep framework fusing audio and video for online audience
engagement

Engagement detection

Albohamood
etal. [15]

YOLO-based pose and visual cues

Classifies students into Engaged, Not Engaged, and Partially Engaged.

Engagement detection.

Qarbal et al. [16]

Head pose estimation and facial expression analysis

Two-level verification of head pose and facial expression to strengthen
engagement classification

Engagement detection

Teotia et al. [17]

Vision Language Models (VLMs)

Detection of classroom-specific emotions like engagement and distraction

Classroom-specific emotion
detection

Sorrentino et al. [18]

Systematic review of HRI engagement.

Systematic review

Ravandi et al. [19]

Deep learning, primarily CNNs

Deep learning, mainly CNNs, detects engagement via visual cues in HRI

Engagement detection.

Qarbal et al. [20]

Engagement detection based on Computer Vision in learning environment

Systematic review

Bei et al. [21]

Region-focused behaviour capture transformer

Transformer model uses regional body features and disengagement be-
haviours to recognise video engagement

Engagement detection

Wang et al. [22]

Development of lightweight models that extract 3D
facial landmarks using the MediaPipe library

Low-cost learner engagement detection framework for E-learning, com-
bining behavioural (head posture, gaze, blinks) and emotional (smile
detection) cues

Engagement detection.

Stephen et al. [35]

Regression model prediction, CNN feature extraction,
and image scaling

Transfers continuous valence-arousal dimensional space to discrete labels

Valence and arousal estima-
tion
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Table 2. Cont.

Study/Authors

Methods

Overview

Applied to

Andrey [36]

Facial expression recognition, action unit (AU) analysis,
and valence-arousal prediction

Combines FER, AU, and VA for fine-grained facial emotion analysis

Emotion analysis.

Nguyen et al. [38]

RegNet [39], GRU [40], and transformers [41]

Multimodal temporal fusion for continuous behaviour analysis

Behaviour analysis

Gupta et al. [42]

Faster R-CNN [43] and CNN FER pipeline

Online FER-based engagement index (EI) for E-learning.

Engagement detection

Juliette et al. [44]

SMOTE, MRMR [45], and grid search over multiple
classifiers

Valence/arousal from facial and physiological responses across tasks

Valence and arousal estima-
tion

Lorenzo et al. [46]

Neuromorphic event-based VA estimation

Uses event cameras (micro-movements) for valence/arousal estimation

Valence and arousal estima-
tion

Manojkumar and
Helen [49]

Fuzzy inference on crowd features, YOLOvVS, DarkNet

Fuzzy inference model analyses crowd video to detect collective emotions
via valence and arousal

Valence and arousal estima-
tion

Hempel et al. [50]

Continuous 6D rotation matrix representation

Head pose estimation from single images

Head pose estimation.

Hempel et al. [51]

Unconstrained HPE with geodesic loss (SO(3))

Robust and unconstrained head pose estimation, addressing full-range
rotation challenges

Head pose estimation

Reich [52]

Extended Kalman Filter

Recovers 3D trajectories from mono input for physically plausible tracking

3D multi-object tracking

Hossain et al. [54]

YOLOvV3 and triangulation

Stereo angles and trigonometry to estimate 3D object positions

3D coordinate estimation

Yang et al. [56]

Depth Anything v2 (DINOv2-G [57] teacher; ViT
S/B/L/G students)

Synthetic-to-real distillation for monocular depth

Monocular depth estimation

Sundararaman
etal. [58]

Novel head detector named HeadHunter, which lever-
ages ResNet-50 [59], Feature Pyramid Network [60,61],
and context [62]

Head detection/tracking in dense crowds

Pedestrian tracking in dense
crowds

Deb et al. [63]

HyMP: DiMP [65], GCNs [66], and bilinear pooling

Aerial crowd group tracking via hybrid motion pooling

Tracking dispersed human
crowds

Yeh et al. [67]

YOLOVS5 [68], StrongSort [69], and OSNet [70]

Aerial crowd flow: Trajectories, hotspots, flow maps from drones

Aerial crowd-flow analysis

Lietal. [72]

Gaussian Neighbourhood Attention and context cross-
attention

Video crowd localisation via multi-focus attention (head centres)

Model spatial-temporal de-
pendencies in surveillance
footage
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Table 2. Cont.

Study/Authors

Methods

Overview

Applied to

Ekanayake et al. [73]

DenseNet121 [14] / EfficientNetV2 [74], multi-column
CNN [75], and multistage CNN

Classifies crowd density performs binary classification for anomaly detec-
tion

Crowd density estimation

Liu et al. [78]

Refine Net and Counting Net

Crowd counting approach which addresses inaccuracies in traditional
density map generation

Crowd counting

Lin et al. [79]

VGG-19 backbone [6], transformer encoder, and
LRA/LAR/IAL

Multifaceted attention for large scale variation counting

Crowd counting

Wang et al. [80]

VGG16-BN [6] and Hybrid Attention Module

Addresses both background noise suppression and scale variation adapta-
tion simultaneously for crowd counting

Crowd counting

Qi et al. [81]

Head-first tracking and enhanced Faster R-CNN [43]
body detector

Robust multi-object tracking under severe occlusion (head to body)

Multi-object tracking system

Pan et al. [82]

Multi-scale feature and occlusion detection module

Pedestrian detection under heavy occlusion via dynamic part modelling

Pedestrian detection

Pai et al. [83]

gKLT trajectories [84] and Histogram of Angular Devia-
tions

Classifies crowd scenes by motion coherence

Classify crowded scenes

Zhang et al. [85]

DeepLabv3+ [86] CSSM, CNN denoising, and GA-
optimised BP

Crowd density estimation and geographic mapping by integrating surveil-
lance video with GIS technologies

Crowd density estimation

Zhang et al. [88]

Anchor-free joint head—body (YOLOX [89]) and Joint
SimOTA

Joint head /body detection improves tracking under occlusion

Head-body detection

Mei et al. [92]

Global collectiveness via optical flow (illum.-invariant)

Crowd collectiveness metric across intra-/inter-crowd coherence

Measure crowd collective-
ness

Ranasinghe
etal. [93]

Diffusion model [94,95], narrow kernels, and SSIM-based
fusion

Denoising diffusion for high-fidelity density maps

Crowd counting

Akpulat et al. [96]

Trajectories, finite-time braid entropy, and DNN classi-
fier

Topological complexity (braid entropy) for local/global anomalies

Anomaly detection

Badauraudine
etal. [97]

Systematic survey of dense-crowd detection/tracking methods

Systematic review

Martins et al. [98]

Emotional body gesture recognition

Systematic review

Binary Engagement

Model [3]

YOLOV4 (heads), FaceNet, WHENet (pose), EVAm (VA)

Identity-aware binary engagement model (engaged/not, positive/nega-
tive); supports multi-cam, real-world use

Engagement detection
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For a global mathematical representation, let us consider the constructs bifurcated

into group (g) and crowd (c). As mentioned above, Attention (At) is composed of Fo-

n

cus (Atr), which within groups is denoted by Aty ,

where 7 is the group identification

number, and is denoted at the crowd level by Atr ., being Atr = C{EBH At?lg,Atp,c},
where @, denotes the combination of information from different groups and C repre-
sents the combined information from different constructs. Heatmaps are denoted by
Aty = (C{@n Atﬁm, o Athm,c}, an event (¢) is defined by the combination of group and
crowd information; consequentially, event attention is At, = C{Atp, Aty }.

Let us now consider Emotion (E) to be composed of valence (Ey), arousal (E4,) and
valence—arousal plain (Ep). Within groups these are denoted by E&g, Ez,g, and E}%,g. At
the crowd level, they are denoted by Ey ., E4 ., and Ep, respectively. At the event level,

they are Ey/ , = c{@n Ep o EV,C}, Ep, = c{@n E% EA,C}, and Ep, = cc{e;n Ep o Ep,c}.
The emotional engagement for the event is, then, E, = C{Ey , E4 ., Ep,}. The Sentiment
(5) is defined as Sg and S. at the group and crowd levels, respectively. For the event,

Se = C{@, S35 }-

Body Language (L) is composed of Action and Gestures, Lo = (C{@n LZg,g/ Lag,c},
and Poses, Ly, = (C{@n Lgo,g, Lpo,c}- At the event level it is denoted by L, = C{Lag, Lyo}-
Scene Dynamics (SD) include Density, SD; = (C{EBn S Dfi’, o SDd,C}, and the density map is

denoted by SD;,,, = (C{EBH sD"

dm,g’ Sde,C}. It also includes Count, denoted by SDy, and

Motion Patterns, denoted by SD;;, = (C{EBn S Dfn,g, SDpc }, including the motion heatmap

SDyp, =C { ®, 5Dy, o SDpy } For an event, Scene Dynamics are mathematically repre-
sented by SD, = C{SD, SDy,,,, SDy, SDyu, SDpy }-

Behaviour (B) is represented by Commitment (ct)}—B; = C{@n B?t,g/ Bdlc} ; Con-

version (cv)—Bg = (C{EBn B?U,g, Beoe } ; Retention (rt)—B,; = (C{@n B’ft,g, Bitc } ; Feed-

back (fb)—Bg,; = (C{EBn B?b,t,g’ be,t,c}; Social (s)—B; = C{@i,j Bs,i/j}, computed as
the ratio between the number of interactions between groups i and the even dura-
tion j; and Odd Behaviours—B,;, = C{@n By, o Bob,c}- The event behaviour is, then,
B, = C{Bct, Bcv, Brt, By, Bs, By }-

The instantaneous engagement, can now be computed, and represents the engagement at
each instance/time t: Ey = C{At,, Ee, S¢, Le, SDe, B, }. Period engagement is the engagement
for a limited period of time: for t € [t;, t¢] (with t; < t¢),itis: E, = ®t€[ti/tf] E;. and Owverall
event engagement, which corresponds to the engagement over the entire duration of the
event (interval I), is E = @;¢g Et.

Following the above, as a proof of concept, the authors present the Binary Engagement
Model (BEM) in [3], which is a microscopic, modular, and scalable architecture for detecting
and classifying engagement in individuals and groups in real time during events. The
model integrates only two dimensions—Emotion (characterised by valence and arousal)
and Attention (based on gaze direction)—to estimate engagement at three temporal levels:
instantaneous, periodic, and overall event engagement.

3.5. Ethical and Data Protection Implications

The Computer Vision-based audience analysis architecture proposed operates within
a complex ethical and regulatory landscape, particularly in light of the European Union’s
Artificial Intelligence Act (EU Al Act). The system’s reliance on the non-intrusive processing
of facial images, gaze, and body language for real-time analytics can classify it as a high-risk
Al system under the Act. This classification necessitates stringent requirements for risk
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management, data governance, technical robustness, and human oversight. Furthermore,
the use of affective computing to infer emotions and sentiment can raise significant ethical
concerns regarding potential manipulation and the preservation of human autonomy,
especially in contexts where such insights could be used to dynamically influence audience
behaviour without their explicit consent. A principled approach to development must
therefore prioritise transparency, ensuring that event organisers and attendees are aware
of the system’s operation and capabilities, and incorporate fundamental rights impact
assessments to mitigate potential harms.

Regarding data protection, the use of biometric and behavioural data constitutes
large-scale processing of special category data per the General Data Protection Regulation
(GDPR). While event organisers may pursue legitimate interests, it must be weighed against
the data subjects’ rights and expectations, and the highly invasive nature of the processing
requires strong data protection by design and by default. This involves the use of real-
time anonymisation or aggregation of data at the edge as a means of mitigating privacy
intrusions, strong data minimisation principles by only processing what is strictly necessary
to calculate engagement metrics, and defining data retention policies. Ultimately, offering
real, meaningful choice and control, perhaps through clear signage and the existence of
opt-out zones in a venue, is paramount to building trust and ensuring that the use of such
technologies is a reasonable exercise of the right to privacy.

4. Discussion

This comprehensive survey and the proposed architeture make significant contri-
butions to the field of Computer Vision Al-driven audience engagement monitoring by
synthesising a fragmented body of research and proposing a unified, multi-construct ap-
proach. The findings and their interpretation can be discussed through several key lenses.

The central hypothesis underpinning the proposed architeture is that engagement is a
complex, multicomponent construct that cannot be accurately captured by a single metric.
This is strongly supported by the reviewed literature; for instance, [4] explicitly defines
engagement as comprising affective, cognitive, and behavioural components, a trichotomy
that aligns perfectly with the architecture’s integration of Emotion (affective), Attention
(cognitive), and Body Language/Behaviour. The classroom studies (e.g., [16]) demonstrate
that combining features (e.g., head pose and facial expressions) yields better performance
than either feature alone. This empirically validates the architecture’s design choice to fuse
multiple data streams rather than rely on a single indicator.

The proposed architecture advances this concept by moving beyond a simple feature
fusion to a structured integration of five distinct constructs, providing a more nuanced and
holistic quantification of engagement. A critical finding of the survey is the stark disparity
in research focus: the vast majority of automated engagement detection literature is centred
on educational environments (classrooms, online learning). Studies like [9] are tailored for
this context. The proposed architecture successfully generalises and adapts these concepts
for the broader, more dynamic context of live events (e.g., conferences, concerts, grand
activation, or exhibitions).

It does this by expanding the definition of behaviour from simple attentiveness to
include metrics highly relevant to event promoters and organisers, such as Commitment,
Conversion, Retention, Feedback, and Social Interaction. This shift in perspective is a key
implication, suggesting that the value of engagement analytics extends beyond pedagogical
feedback to business intelligence and resource optimisation for the events industry.

For practitioners, these metrics can translate directly into actionable insights. For
instance, high commitment (e.g., repeated interactions with a booth or exhibit) may inform
stage or space design, encouraging longer dwell times. Conversion rates can help promoters
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evaluate the effectiveness of calls-to-action, such as whether a sessions structure motivates
sign-ups for workshops or product trials. Retention patterns reveal whether attendees
return after breaks or diversions, which could guide adjustments to session length, pacing,
or scheduling to reduce drop-off. Feedback signals, such as applause intensity or gestural
responses, can support real-time adaptation (e.g., extending a Q&A when enthusiasm is
high, or altering delivery when engagement wanes). Finally, social interaction patterns,
such as group discussions or peer-to-peer exchanges, can indicate the effectiveness of
engagement strategies and inform interventions to foster collaboration or adjust group
dynamics. In educational contexts, the same metrics may help instructors tailor lesson
pacing, vary delivery methods, or identify which activities sustain student attention over
time. These concrete applications make the architecture not only theoretically robust but
also directly useful for optimising audience experience and event outcomes.

This review further highlights a significant challenge that currently limits progress in
the field: the scarcity of high-quality, publicly available datasets for crowd engagement,
annotated with emotional and behavioural labels. While numerous datasets exist for generic
crowd behaviour (e.g., pedestrian datasets or UCF-Crime), they lack the specific annotations
needed for engagement analysis (including valence, arousal, and sentiment labels tied to
individuals/groups). This finding underscores a significant implication: progress in this
field is contingent upon the creation of new, rich, and diverse benchmarks. The frameworks
and models proposed, including the authors’ Binary Engagement Model [3], can only
be robustly validated and compared if such datasets become available. This calls for a
collaborative effort within the research community to gather and annotate real-world
event data.

It is important to note that group-level and crowd-level engagement pose distinct ana-
lytical challenges. Group-level analysis is primarily concerned with identity tracking, facial
occlusions, and per-individual emotion variability, factors that require high-resolution,
close-range data. In contrast, crowd-level analysis must contend with scale (hundreds or
thousands of participants), heavy occlusion, and the absence of per-individual ground
truth, necessitating the use of aggregate indicators such as density, collective motion, and
synchronised behaviours.

It is also important to stress that the datasets from Table 1 can be strategically mapped
to pre-train specific blocks of the proposed architecture, though they primarily serve
as foundational models rather than direct engagement datasets. ShanghaiTech Campus
is directly applicable for pre-training Scene Dynamics (Density/Count) blocks, while
GENRI-4K and CelebA, with their smile attributes, are suitable for Sentiment State models.
Most others, like UCSD, CUHK Avenue, and UMN, are excellent for foundational pre-
training in anomaly detection and motion pattern analysis, which underpin the Odd
Behaviours/Alerts and Motion Patterns blocks. UT-Interaction provides valuable data
for Social Interaction recognition, and BOSS offers action labels relevant to Gestures and
anomaly detection.

However, critical gaps remain for several core engagement constructs. No dataset
in Table 1 provides annotations for Attention Direction (gaze-to-target), or macro-level
behavioural metrics like Commitment, Conversion, and Retention. Therefore, while these
datasets are invaluable for pre-training general Computer Vision backbones (e.g., for
density estimation, action recognition, or anomaly detection), a final operational system
will require subsequent fine-tuning or transfer learning on bespoke, engagement-annotated
data to bridge the gap between general scene understanding and specific engagement
inference. These distinctions reinforce the need for differentiated datasets and methods, as
techniques effective for small group engagement cannot be directly scaled to large crowds
without significant loss of resolution or interpretability. In addition, the architeture remains
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sensitive to practical deployment constraints. Performance can degrade under poor or
varying lighting conditions (e.g., outdoor or night events), where body cues are harder to
capture. Similarly, camera placement poses challenges: off-axis angles, long distances, or
obstructed views can reduce accuracy and exacerbate occlusion effects. Addressing these
issues requires multimodal fusion (e.g., combining vision with audio) and adaptive camera
setups, which we identify as future research directions.

Finally, by organising the architeture based on the five constructs (Attention Direction
and Level, Emotion Level and Sentiment State, Body Language, Scene Dynamics, and
Behaviours), with its respective blocks/dimensions, the paper provides a much-needed
taxonomy and roadmap for future research. It allows researchers to pinpoint which
specific component of the engagement puzzle they are addressing and how it fits into the
larger picture. The paper successfully maps the landscape of Computer Vision Al-driven
audience engagement, confirms the necessity of a multimodal approach, and provides a
robust framework to guide future innovation. By addressing the challenges of data scarcity,
computational complexity, and ethical implementation, this field holds immense potential
to transform the experience and management of live events.

In conclusion, by formalising a multimodal architecture that fuses Emotion, Attention,
Body Language, Scene Dynamics, and Behaviour metrics, this work establishes a scalable
foundation for real-time engagement analytics, enabling more adaptive and data-driven
strategies for live event management.

Future Research Directions

Based on the discussed findings and limitations, several promising future research
directions emerge:

*  Development of standardised benchmarks: The highest priority should be the creation
and public release of comprehensive datasets filmed in real-world event settings,
annotated with ground truth for different levels (and types) of engagement, valence,
arousal, head poses, behavioural metrics (e.g., clapping, cheering, or leaving), etc.
Group- and crowd-based datasets, as shown in Table 1, provide shared benchmarks
that facilitate reproducibility and promote adoption within industry.

¢ Advanced occlusion handling and high-density analysis: Research must focus on
novel Computer Vision techniques (e.g., 3D reconstruction, transformer-based models,
neuromorphic vision as in Lorenzo et al. [46]) to make the architecture robust in highly
occluded, dense crowd scenarios, which are common in large events. Techniques for
dense, occluded crowds are directly relevant for large festivals or sporting events,
where visibility is poor but safety monitoring is critical.

*  Adaptive camera setups and smart placement: Work should explore adaptive camera
configurations, such as PTZ systems or multi-camera arrays, that can dynamically
adjust placement, angle, and zoom to improve coverage in complex venues. Combined
with 3D cameras (e.g., stereo rigs, structured light, or LIDAR), these setups can provide
distance-aware information, helping to disambiguate overlapping individuals and
estimate the distance between the audience and the target (stage, speaker, or point of
interest). This additional spatial context not only mitigates occlusion but also enables
richer engagement metrics by linking gaze and body orientation to the audience’s
physical relation to the event focus.

*  Multimodal fusion architectures: Future work should move beyond simple feature
concatenation to explore sophisticated late-fusion and attention-based fusion models
that can dynamically weight the importance of each construct. In conferences, fusing
gaze and applause detection could inform real-time adjustments to presentations; in
concerts, body language may outweigh facial cues due to lighting or distance.
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¢  Context-aware and personalised models: Future systems should adapt to the contexts
of events and learn personalised baselines for audience segments to improve interpre-
tation. A jazz concert audience expresses engagement differently than a tech keynote
audience; tailoring models to these contexts supports both cultural event organisers
and corporate planners.

e  Ethical Al and privacy-preserving techniques: As these systems deploy, research must
integrate privacy-by-design principles. This includes exploring federated learning,
on-device processing, and techniques that use low-resolution or abstracted feature
data to protect individual identities while still extracting useful crowd-level insights.

¢ Integration with subjective measures: To validate automated metrics, future work
should develop methods to seamlessly integrate sparse subjective feedback with
continuous Al-derived data, creating a hybrid validation model. Hybrid models could
combine real-time analytics with feedback buttons at conferences or mobile surveys at
festivals, enhancing actionable insights for organisers.

®  Scaling to denser crowds: Future work should investigate benchmarking computa-
tional load across hardware tiers and exploring neuromorphic vision sensors and
transformer-based backbones as promising directions for scaling to denser crowds.

Although the above directions are framed as technical challenges, they directly align
with practical needs in real-time scenarios, such as improving audience experience at
cultural and corporate events.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AU Action Unit

AUC Area Under the Curve

BEM Binary Engagement Model

BP Back Propagation

CI Concentration Index

CNN Convolutional Neural Network
DCNN  Deep Convolutional Neural Network
DNN Deep Neural Network

ElI Engagement Index

FER Facial Expression Recognition
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GIS Geographic Information System
GRU Gated Recurrent Unit

HAD Histogram of Angular Deviations
HPE Head Pose Estimation

HRI Human-Robot Interaction
IE Instantaneous Engagement
MAE Mean Absolute Error

PE Period Engagement

Pol Point of Interest

R&D Research and Development
RMSE  Root Mean Square Error
VA Valence-Arousal

VLM Vision Language Models
YOLO  You Only Look Once
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