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Multimodal Human Activity Recognition Using Deep Learning

Mansi Gupta

ABSTRACT

Human activity recognition has been a subject of intense research, as it is at the cross-
roads of several practical areas such as healthcare monitoring, rehabilitation, fitness
analysis, smart environments, surveillance, and human-computer interaction. Pose esti-
mation methods are used to extract human joint information from visual and sensor data,
which are essential for these systems to represent human motions. While significant
strides have been made with deep learning, it is not easy to deploy the technology in
unstructured environments. Benchmarking performance does not address all the issues
that arise from using human postures, occlusion, environmental conditions and from
different users. A successful system must achieve recognition accuracy, be computation
efficient, account for the temporal aspects of activity sequences and generalize in a
consistent manner across different scenarios. The present study explores the design
and deployment of deep learning models to realize robust human activity analysis.
Pose estimation architectures from convolutional and transformer-based approaches
are assessed based on standard metrics like mean Average Precision, Percentage of
Correct Keypoints and Mean Per Joint Position Error on the COCO, MPII and the
Human3.6M dataset. More complex spatial relationships are easier to capture with
more powerful models, but require more computational power. The performance is
significantly influenced by viewpoint variation, occlusion, and the possible bias in the
datasets, and this reinforces the fact that the selection of the model should be made
based on the requirements of a given deployment, and not just the benchmark.

A skeleton-based model for both spatial structure and temporal motion is proposed to
investigate the effect of pose estimation quality on activity recognition. The key points
of the skeleton are extracted and converted from several pose estimation backends to
spatial and kinematic representations that include the coordinates of the joints and the
distances and the angles between them. They have been processed by dual-branch
CNN-LSTM architecture which learns spatial patterns and motion dynamics at the
same time. MediaPipe Pose sets a new recognition rate of 94% and offers lightweight
recognition alternatives like YOLOv11 Pose with efficient inference times of 125.0ms,
8.0fps, and a model size of 3.68MB. The results indicate that accuracy is not the only
criterion that should be used in selecting a model, and that the practical limitations of
the deployment environment must be taken into account.
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In scenarios where visual data is not sufficient, a Multi-Modal Hierarchical Temporal
Transformer framework is developed, which integrates the streams of wearable and
ambient sensors. An adaptive fusion mechanism dynamically weights the contribu-
tion from each sensor to perform the modality specific feature extraction, and the
transformer encoder layers with self-attention are used to model long-range temporal
dependencies. By using a hierarchical learning strategy, locomotion patterns can be
learned concurrently with higher level activities from a shared representation. For
Opportunity++, the macro F1 score in Leave-One-Subject-Out cross validation for
locomotion and higher-level activity recognition is 0.9290 and 0.8111 respectively, with
accuracy of 91.22% and 81.49% respectively. On PAMAP2 and DSADS, accuracy
reaches 92.03% and 84.81%. The lightweight version decreases the parameters from
1.16M to 0.009M and the model size from 4.48MB to 0.05MB, enabling deployment
on resource-constrained devices. The findings of this research clearly indicate that
none of the single modalities or the single model design in the tested scenarios provide
reliable activity recognition without any influence in real world conditions. Together,
accurate motion representation, well-structured temporal modeling and careful integra-
tion of complementary data sources are the building blocks of systems that can support
real-world applications, such as in the context of healthcare monitoring, assisted living,
smart homes, and context-aware computing.

Keywords: Human Activity Recognition, Deep Learning, Multimodal Sensor Fusion,
CNN-LSTM, Transformer, Skeleton-Based Recognition, Cross-User Generalization,
Edge Intelligence, Human Pose Estimation, Wearable Sensors.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

One of the more challenging open problems in artificial intelligence and computer
vision (CV) is the understanding of human movement from sensor data. Human
Activity Recognition (HAR) is the field where researchers are trying to enable machines
to recognize human activity: walking, sitting, falling, or even subtle daily activities like
eating with data collected via camera, wearable sensor, or ambient devices placed in the
environment [1–3]. HAR has come a long way in the past 20 years. Now it has common
applications outside of the laboratory health monitoring, assisted living, smart home
systems, surveillance and HCI [4–6] and is being done using commercially available
hardware and appropriate algorithms rather than custom-designed research rigs.

In the field of healthcare and rehabilitation, automatic activity recognition allows
for the ability to continuously monitor a patient’s physical state, monitor recovery
progress, and monitor if a patient is following the exercise programs [7,8]. HAR systems
can provide objective and data-driven information about the movement of the joints and
the postural behavior, eliminating the need for frequent face-to-face assessments and
enabling remote monitoring of patients who are elderly or have reduced mobility [9,10].
HAR is also being used in intelligent systems for fall detection, behaviour monitoring of
elderly people and automatic action for safety and comfort in smart homes and assisted
living environments [2, 11].

The application of HAR in combination with surveillance holds promise for
future implementation of behavior analytics in public settings and security-sensitive
areas, where automated posture and crowd recognition can complement traditional
surveillance methods in a meaningful way [12]. In the field of HCI, gesture and activity
recognition are becoming common methods of human interaction with immersive
interfaces, augmented reality (AR) environments, and accessibility applications for
persons with physical disabilities [13].
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There are two key research approaches that are prevalent in the HAR field. The
first is the vision-based approach that uses vision cues from images and video streams to
determine activity. The second approach is the sensor-based one, where the signal from
sensors attached in the environment is analyzed. Vision-based techniques, particularly
vision-based deep learning (DL) and human pose estimation (HPE) methods, offer
a wealth of spatial information of the human body. A subset of these methods are
skeleton-based methods which have been found to be more successful because they
model the geometry of the joint configurations rather than the appearance, and are
thus more robust to changes in lighting, clothing and viewpoint, as mentioned in
[14, 15]. There are some advantages, however, to sensor-based techniques. Less privacy
intrusive, relatively low energy consumption and can operate in uncontrolled outdoor
environments where it is impractical to use cameras. They do, however, have their
own challenges, particularly when it comes to the inter-subject variations and noise in
real-world data acquisition scenarios [7, 16]. Both have difficulty in creating efficient,
generalizable, robust recognition systems that can work outside of the laboratory and
are not time consuming. As shown in Fig. 1.1, HAR could have interesting applications
in various areas such as smart environments, surveillance, human-computer interaction
(HCI) and healthcare.

Figure 1.1: Key application domains of HAR

Increasingly complex application domains have led to a rethinking of methodological
decisions by researchers. Previous activity recognition systems were based on hand-
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crafted features extracted from silhouettes, contours and optical flow. These performed
fairly well in controlled lighting, but they failed to perform well when the lighting
conditions changed, when objects occluded subjects, or when the background became
cluttered [1]. The introduction of DL brought a new way of creating representations,
which is automated, instead of the traditional way of manual engineering. The feature
extraction process is now directly performed by convolutional neural networks (CNNs),
recurrent neural networks (RNNs) and more recently, transformers that learn features
from raw sensor data. In both vision and sensor-based approaches, the performance of
recognizers has improved greatly [12, 15, 17–19].

Today’s HAR pipeline typically consists of four distinct steps pose estimation,
feature extraction, temporal modeling, and activity classification as shown in Fig. 1.2.
The stages are tightly coupled. So, the quality of decisions made at the beginning of the
pipeline influences the system’s final recognition.

Figure 1.2: General pipeline for skeleton-based HAR

Despite these advances, several fundamental challenges remain unresolved. The
tension between recognition accuracy and real-time computational efficiency continues
to limit deployment on resource-constrained edge devices [13, 20, 21]. Cross-user

generalization the ability of a model trained on one set of individuals to recognize
activities performed by unseen users remains one of the most difficult problems in
sensor-based HAR, owing to the substantial variability in how different individuals
perform the same activity [4, 22, 23]. In vision-based HAR, occlusion and viewpoint

variation introduce significant noise into skeletal keypoint estimates, while the lack
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of standardized benchmarks makes comparative evaluation across methods difficult
[24–27]. These challenges collectively motivate the research presented in this work.

1.2 Problem Statement

While significant progress has been made in both HPE and HAR, three interconnected
problems continue to limit the applicability of existing methods in real-world settings.
Figure 1.3 illustrates the relationship between these challenges and the contributions of
this research work.

Figure 1.3: Mapping of identified research challenges to contributions of this research
work

Problem 1: Fragmented evaluation of DL approaches to HPE. A large number of
DL models for HPE have been proposed in the literature, ranging from early convolu-
tional approaches such as OpenPose [24] and HRNet [28] to transformer-based systems
including ViTPose [29] and PoseFormerV2 [25]. However, these models are evaluated
across heterogeneous benchmark datasets using differing evaluation metrics, making
systematic cross-model comparison difficult. There is a need for a consolidated com-
parative analysis that contextualizes model performance alongside computational cost
and deployment feasibility, particularly for practitioners seeking to select appropriate
architectures for specific real-world applications [26, 30].
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Problem 2: Lack of standardized comparison of skeleton-based HAR across pose
estimation backends. The success of skeleton-based HAR systems heavily relies
on the accuracy of the employed pose estimation model that is used for keypoints
extraction. Pose backends like MediaPipe Pose [13], MoveNet [20], OpenCV COCO
[24] and YOLOv11 Pose [31] vary greatly in terms of the number of keypoints they
produce, occlusion sensitivity, speed, and memory usage. Although these are important
distinctions, the majority of studies only assess one pose backend and assume it is a
fixed value and not something to consider. This is a real challenge in understanding the
practical consequences of selecting one backend over the other. The current problem
with the field is the absence of a shared comparison platform that lets multiple backends
undergo the identical experiments and allows them to be fairly and systematically
compared to each other [15, 32, 33].

Problem 3: Cross-user generalization in multimodal sensor-based HAR. When
applied to a new set of people, HAR systems that are trained using a fixed set of subjects
often fail to achieve the same performance. This is mainly because people display
significant variation in their movement, the placement of sensors on the body and the
way they personally perform the same activity, as described in [5, 23]. Some work has
been done in this area so far with domain adaptation and subject independent cross
validation methods. But few frameworks are able to resolve the issue of multimodal
fusion of wearable sensors and ambient sensors, model the temporal dependency
between them and the hierarchical structure of human activities in a single end-to-end
architecture [19, 34, 35]. But, aside from this, there’s a deployment challenge which is
often overlooked. Many real-world HAR applications are executed on edge devices with
limited resources like smart phones or embedded sensors, with a strict computational
budget. Meanwhile, models need to be designed to achieve good recognition accuracy
in dramatically reduced parameter counts, which directly contradicts the complexity
required to address the problems mentioned above [21, 36].

1.3 Research Objectives

This research work aims at achieving the following objectives to address the challenges
identified above:

RO1. To conduct a comparative analysis of DL-based HPE approaches, starting
from the convolutional network toward the transformer-based system, different
available benchmark datasets, and different evaluation metrics, and discuss the
pros and cons of the accuracy, computational complexity, and the suitability for
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real-world applications.

RO2. To design and evaluate a comparative approach for skeleton-based HAR
that integrates four popular pose estimation back-ends, namely MediaPipe Pose,
MoveNet Thunder, OpenCV COCO, and YOLOv11 Pose into a common dual-
branch CNN-LSTM fusion network. The idea is that all of the backends can
be tested under the same experimental setup, and then compared in terms of
accuracy, latency, throughput and model size.

RO3. To propose and evaluate a multimodal temporal learning framework for
cross-user HAR, by using feature-level fusion of multiple sensor modalities and
capturing temporal dependency with DL architectures. The goal also includes
systematic evaluation in the cross-user configurations of all publicly available
datasets, while still considering the computational efficiency of the resulting
models, with the aim to ensure that they remain usable on resource-constrained
devices.

1.4 Summary of Contributions

This research work makes three primary contributions, each corresponding to a major
research work. The contributions are summarized below:

Contribution 1: Comparative analysis of DL approaches for HPE. A comprehen-
sive comparative review of DL-based HPE is presented, tracing the methodological
evolution from classical convolutional architectures to transformer-based models. The
review provides structured analysis of benchmark datasets (COCO [37], MPII [38],
Human3.6M [39]), evaluation metrics (mAP, PCK, MPJPE), and quantitative model
performance across CNN-based, lightweight, hybrid, and transformer-based approaches.
The survey covers four application domains healthcare, rehabilitation, surveillance,
robotics, and what each actually demands from a deployed system. It also identi-
fies the areas that the field is still struggling with: occlusion handling, cross domain
generalization, and dataset diversity.

Contribution 2: Skeleton-based HAR using a CNN-LSTM fusion framework. A
CNN-LSTM fusion architecture is designed and tested for the implementation of skele-
ton based HAR with four pose estimation backends MediaPipe Pose [13], MoveNet
Thunder [20], OpenCV COCO [24], and YOLOv11 Pose [31] within a single pipeline.
The dataset was balanced with four activities (sitting, standing, walking and running).
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walking, and running) was constructed, and keypoints were transformed into two fea-
ture vectors spatial and kinematic are utilized for the representation of normalized
coordinates, inter-joint Euclidean distances, pairwise and joint angular relationships.
Under the same experimental conditions, the best accuracy is 94% achieved by Medi-
aPipe, with YOLOv11 Pose having the lowest latency of 125.0 ms at 8.0 fps. These
results establish a reproducible benchmark for pose backend selection in real-time HAR
systems.

Contribution 3: Multimodal Hierarchical Temporal Transformer (MM-HTT) for
cross-user HAR. The MM-HTT framework is proposed for cross-user HAR using
synchronized wearable and ambient sensor streams. The framework employs modality-
specific one-dimensional convolutional encoders, a learnable scalar attention-based
modality weighting mechanism, and stacked transformer encoder layers for long-range
temporal dependency modeling within fixed-length sensor windows. A hierarchical
multi-task learning strategy enables simultaneous prediction of locomotion primitives
and high-level daily activities from a shared temporal representation. Evaluated using
Leave-One-Subject-Out (LOSO) cross-validation on three public datasets (Opportu-
nity++ [40], PAMAP2 [41], DSADS [42]), the framework achieves a macro F1-score of
0.9290 for locomotion and 0.8111 for high-level activity recognition on Opportunity++,
and up to 92.03% accuracy on PAMAP2. A lightweight variant reduces parameters
from 1.16M to 0.009M and model size from 4.48 MB to 0.05 MB.

1.5 Thesis Organisation

The remainder of this research work is organized as follows.

Chapter 2 presents a comprehensive literature review covering the evolution of HPE
and HAR, spanning traditional feature-based methods, CNN-based architectures, trans-
former models, and multimodal sensor fusion strategies. Across-field benchmark
datasets and evaluation protocols are reviewed and key gaps in research identified.

Chapter 3 presents the first research contribution: a systematic comparative analysis of
DL-based HPE approaches. The chapter reviews architectural taxonomies, benchmark
datasets, evaluation metrics, and performance trade-offs across model families, and
maps findings to application-specific deployment considerations.

Chapter 4 presents the second research contribution: a comparative evaluation of
skeleton-based HAR using four pose estimation backends integrated within a dual-
branch CNN-LSTM fusion architecture. Dataset construction, keypoint feature engi-
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neering, architecture design, and experimental results are described in detail.

Chapter 5 presents the third research contribution: the MM-HTT framework for cross-
user multimodal HAR. The chapter covers problem formulation, framework architecture,
experimental setup, LOSO evaluation results, sensor modality ablation studies, and the
lightweight deployment variant.

Chapter 6 provides a cross-work analytical discussion, comparing the three contribu-
tions along the dimensions of accuracy, computational efficiency, deployment feasibility,
and generalization. A unified conceptual pipeline connecting HPE to skeleton-based
HAR to sensor-based HAR is presented, and limitations common to all three studies are
examined.

Chapter 7 concludes the research work with a summary of contributions, key findings,
social impact and ethical considerations, limitations, and directions for future research.
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CHAPTER 2

LITERATURE REVIEW

This chapter reviews the body of research that forms the foundation of the present
study. The review is organized to reflect the progression of methodologies from HPE
to skeleton-based activity recognition and further to multimodal sensor-based recogni-
tion. The chapter begins with traditional and DL-based approaches for pose estimation,
followed by advancements in convolutional and transformer-based models. It then
examines vision-based HAR using both appearance and skeleton representations and ex-
tends to sensor-based approaches, including wearable and ambient systems. Multimodal
fusion strategies are subsequently discussed, followed by an overview of benchmark
datasets and evaluation protocols [2, 23, 27]. The chapter concludes by identifying the
key research gaps that motivate the proposed work and experimental investigations
presented in the subsequent chapters.

2.1 Evolution of HPE: Traditional vs DL Approaches

HPE is the task of localizing anatomical keypoints such as joints of the shoulders,
elbows, wrists, hips, knees, and ankles from images or video frames, and representing
their spatial relationships as a skeletal model [29, 43]. The evolution of HPE has
followed the broader trajectory of CV research, transitioning from geometry-driven,
handcrafted approaches to end-to-end DL frameworks capable of achieving real-time
performance across diverse and unconstrained environments. The classical methods
for HPE had parts-based and probabilistic graphical models as their basis. The human
body was usually modeled as a set of rigid components linked by springy constraints,
and the configuration of the joints were optimized by dynamic programming over a
graph of the body structure built in a tree-like manner [38, 44]. These techniques were
valid and fairly effective in the lab. However, their performance breaks down when
they are exposed to occlusion, changes of clothing, cluttered backgrounds or changes of
viewpoint. They relied a lot on handcrafted features like histogram of oriented gradients
(HOG) and scale-invariant feature transform (SIFT), and were very difficult to adapt to
new environments without extensive re-engineering work [45].
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DL solved these problems in a basic level, by enabling the model to learn hi-
erarchical features directly from the raw image pixels, without manually designed
representations of them. Together with the introduction of DeepPose [17, 46], one of
the earliest CNN-based joint coordinate regression approaches was introduced. It was
subsequently found that heatmap-based detection, which predicts the spatial probability
distribution of the keypoint location instead of merely a single coordinate, was much
more effective in capturing spatial uncertainty. The Part Affinity Field (PAF) [24] was
built upon, which opened the door to multi-person pose estimation by providing a vector
field representation of limb orientations and allowing the efficient bottom-up grouping
of keypoints into individual skeletons. Figure 2.1 summarizes how HPE methods have
evolved through these stages.

Figure 2.1: Evolution of HPE from classical methods to transformer-based approaches

With the move to DL, there were also positive developments in the multi-person
estimation area. There have been two general approaches, with their own practical
variations. The top-down approaches like Mask R-CNN train a single-person pose
estimator in each region marked by a bounding box detector to detect people [47, 48].
This generally results in high accuracy, although the number of people in the scene
increases the computational cost, potentially being a significant challenge in crowded
settings. Bottom-up approaches like OpenPose able to detect all keypoints of an image
simultaneously, and then combine them into person instances [24]. The benefit is
that the inference time is remains relatively stable in case of different crowd densities.
Both approaches have been continuously improved over time, with the incorporation of
high-resolution feature representations, as well as more well-designed loss functions
that are better at supervising the learning process [28].
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2.2 CNN-Based and Transformer-Based Approaches for Pose Estimation

The High-Resolution Network (HRNet) [28] represented a significant architectural
advance over earlier hourglass-style networks by maintaining high-resolution feature
representations throughout the entire network rather than recovering resolution through
upsampling after feature compression. By connecting parallel multi-resolution streams
with repeated multi-scale feature fusion, HRNet achieved state-of-the-art (SOTA) accu-
racy on the COCO and MPII benchmarks at the time of its introduction [28,37,38]. Sim-
ilarly, the Multi-Stage Pose Network (MSPN) improved upon earlier designs through
multi-stage refinement with cross-stage feature aggregation, demonstrating that iterative
keypoint refinement is a robust strategy for handling ambiguous or occluded poses [29].

Two different types of lightweight models have been developed in order to address
the large computational power requirement of high accuracy networks. Google’s
MoveNet [20] is available in two models Lightning for speed and Thunder for accuracy
and both utilize depthwise separable convolutional operations with efficient backbones
that are optimized for mobile inference. The MediaPipe BlazePose model [13] employs
a two-step pipeline. First, a lightweight detecting model detects the presence of a person,
and then a regression model provides 33 predicted body keypoint locations. These
models provide enough speed for real-time use on mobile devices while providing
enough accuracy for use in rehabilitation and fitness applications [9, 10].

Pose estimation with transformers provided a new way of thinking about the
problem of pose estimation using our previous methods as a guide. TokenPose [29]
uses token embeddings that represent body joints as learnable embedding vectors. Each
embedding is then processed together with the embedding vector representations of
the various image patch tokens through the encoders in the transformer and as a way
for the model to learn how to connect bones. ViTPose [29] demonstrated that vision
transformer based backbones already existing in large models pretrained on ImageNet
can transfer to pose estimation, showing strong performance on COCO [37] datasets.
In 3D pose estimation, PoseFormer [49] applies temporal and spatial transformers
to both video sequence of the 2D keypoints to estimate the 3D pose from the 2D
keypoints PoseFormerV2 [25] further optimizes the model to reduce the compute time
of the temporal modeling by using the frequency domain. The trade-off with using
a transformer architecture versus a CNN based architecture is cost. Transformers
generally require more computing and memory than either of the other two conditions
mentioned. Thus there is a limitation for pose estimation using transformers in resource
constrained environments [21, 26]. The below Figure 2.2 shows a structural comparison
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between each of these models: convolutional output feature extraction versus global
attention based feature extraction.

Figure 2.2: Comparison between CNN-based and transformer-based pose estimation
architectures

2.3 Vision-Based HAR: Skeleton and Appearance Methods

Vision-based HAR splits broadly into appearance-based and skeleton-based approaches
[1, 14]. Appearance-based approaches are applied directly to the pixels optical flow,
dense trajectories, CNN-extracted spatial features to describe motion [17, 50]. RGB-D
methods have also demonstrated the effectiveness of dynamic image representations in
capturing the spatiotemporal patterns [51]. However, pixel-level features are fragile;
variation in illumination, background noise, variation in clothes, and change in view-
point all have a negative impact on accuracy, making it hard to generalize to real-world
conditions. Skeleton-based methods operate differently by taking the sequences of the
coordinates of the joints of the moving object from the pose estimator. It is compact,
viewpoint-independent, and removes visual clutter that can cause appearance-based
methods [14, 43] to fail. This also allows access to geometrically significant features,
such as inter-joint distance, joint angles, and orientations of the limbs. The first ap-
proaches based on the skeleton extracted these features manually and passed them to
SVMs or random forests, with the extent to which these features could be represented
being limited by the expressiveness of the hand-designed descriptors.

DL skeleton-based HAR significantly improved. The widespread trend was to use
a CNN-LSTM architecture, which uses convolutional layers to capture the local spatial
structure in frames or short windows and LSTM layers or bidirectional LSTM layers
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to capture the temporal evolution of motion [50, 52]. InnoHAR employed hierarchical
feature learning on the stream of wearable and inertial sensors, with the hierarchical
layers contributing to the feature learning for complex activities that single-scale features
lacked of [53]. In ConvST-LSTM-Net [15] it was argued that the dependencies should
be modeled jointly by stacking (alternating) CNN and LSTM layers instead of modeling
the spatial and temporal dependencies separately. It introduced spatio-temporal attention
by using the STAD-ConvBi-LSTM [12] which allows the model to assign weights to
the joints and time steps based on their usefulness for classification.

Graph Convolutional Networks (GCNs) treat the skeleton as a graph joints as
nodes, bones as edges and learn from that structure directly [33]. Part-aware ST-
GCNs [33] extended this by grouping joints into body parts and using multi-stream
architectures to handle occlusion. DCAM-Net [54] added contextual attention across
spatial and temporal dimensions, targeting activities where the signal is in small joint
movements rather than gross limb motion. One consistent gap across this work: most
studies evaluate a single pose estimation backend and never ask how much the choice
of pose extractor actually affects downstream HAR performance [30,32]. That question
motivates this study. Figure 2.3 shows the structural difference between appearance-
based and skeleton-based approaches.

Figure 2.3: Comparison between appearance-based (RGB) and skeleton-based HAR
approaches
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2.4 Sensor-Based HAR: Wearable and Ambient Systems

Sensor-based HAR avoids the privacy problems of cameras and deploys more easily
in everyday settings which is why it has seen wide adoption in healthcare monitoring,
smart homes, and assisted living [2, 5, 7]. Two sensing modalities are in common
use: wearables on the body and ambient sensors in the environment. Recent work
increasingly combines both, since each covers gaps the other misses [55].

Wearable sensors, typically IMUs combining accelerometers, gyroscopes, and
magnetometers, sit on the wrist, ankle, chest, or waist and measure body kinematics
directly. The data is detailed enough to reliably distinguish locomotive activities
and periodic physical behaviors like gait cycles or repetitive exercise movements
[7, 16, 56]. Early wearable HAR systems relied on handcrafted statistical features
extracted from fixed-length signal windows including mean, variance, root mean square,
and spectral coefficients paired with traditional classifiers. DL approaches replaced
handcrafted features with end-to-end learned representations: CNN-based models
capture local temporal patterns from multivariate inertial signals [18], while LSTM-
based architectures model longer sequential dependencies [15, 52]. Deep convolutional
architectures such as iSPLInception further demonstrated the effectiveness of inception-
residual learning for wearable sensor-based HAR [57]. However, wearable sensors
alone are insufficient to recognize activities that are defined by their environmental
context. For instance, distinguishing preparing coffee and having breakfast requires
contextual cues that body motion alone cannot provide.

Ambient sensors including object interaction sensors, reed switches, RFID tags,
microphones, and Wi-Fi or radar-based motion detectors deployed in instrumented envi-
ronments provide complementary contextual information about a person’s interaction
with their surroundings [40, 58, 59]. Ambient sensors excel at capturing high-level
activity context but typically lack the temporal resolution and motion detail available
from inertial wearable devices. In the Opportunity++ dataset [40, 60], for instance,
ambient sensors deployed in a kitchen environment recorded object manipulation events
that substantially improved the recognition of high-level daily activities when combined
with wearable inertial data.

The complementary nature of wearable and ambient sensing modalities moti-
vates their joint use in multimodal HAR frameworks, as explored in recent multimodal
approaches [34, 61, 62]. Real-time multimodal activity recognition frameworks have
further demonstrated the practical advantages of integrating heterogeneous sensing
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modalities within unified DL architectures [63]. Recent multimodal HAR systems have
also explored heterogeneous sensing combinations including LiDAR-based environ-
mental sensing for robust activity recognition [64].

2.5 Multimodal Fusion Strategies for HAR

The integration of complementary sensing modalities in HAR has been approached
through three principal fusion strategies: early fusion, late fusion, and intermediate

fusion [23, 62, 65]. Early fusion concatenates features from multiple modalities at the
input or feature extraction stage before passing them to a shared model. While simple
to implement, this approach may not adequately account for the different sampling
characteristics and temporal structures of heterogeneous sensor types [62]. Late fusion
trains independent models for each modality and combines their predictions through
score aggregation or voting. Although this decoupling is robust to modality-specific
noise, it does not exploit inter-modal complementarity during representation learning
[65]. Intermediate fusion, which learns to combine modality-specific representations
at an intermediate encoding stage, has been shown to balance the advantages of both
strategies [34]. Adaptive or attention-based intermediate fusion mechanisms go further
by dynamically weighting modality contributions based on learned importance scores,
enabling the model to prioritize the more informative modality for a given activity and
sensor context [35]. Recent multimodal HAR systems have also explored heterogeneous
sensing combinations including LiDAR-based environmental sensing for robust activity
recognition [64].

Transformer-based temporal modeling has recently been applied to sensor-based
HAR to address the limitations of CNN and LSTM architectures in capturing long-
range temporal dependencies across activity sequences [19, 35, 66]. Self-attention
mechanisms enable the direct modeling of relationships between any two time steps
within a window, irrespective of their distance, which is particularly valuable for
activities that involve extended preparatory phases or complex transition dynamics. The
MM-HTT framework combines attention-based intermediate fusion with transformer-
based temporal encoding and hierarchical multi-task learning, representing one of the
few end-to-end architectures to address all three dimensions simultaneously [35]. Most
prior multimodal HAR studies address only one or two of the following dimensions:
modality fusion, temporal modeling, hierarchical activity structure, and cross-user
generalization [5,23]. The MM-HTT framework is designed to address all four within a
single architecture.
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2.6 Benchmark Datasets and Evaluation Protocols

The choice of benchmark dataset and evaluation protocol has a substantial influence on
the reported performance of HAR and HPE systems, and comparisons across methods
are only meaningful when the methodology is consistent [5, 29]. This section reviews
the major benchmark datasets and evaluation protocols relevant to the research work
presented in this study.

HPE datasets. The COCO Keypoints dataset [37] contains over 150,000 anno-
tated person instances with 17 keypoints each, covering multi-person, partially occluded,
and diverse viewpoint scenarios. The MPII Human Pose dataset [38] contains approx-
imately 25,000 images with 16-keypoint annotations covering a wide range of daily
activities. The Human3.6M dataset [39] provides over 3.6 million frames with precise
3D joint annotations captured under controlled multi-camera laboratory conditions. The
PoseTrack21 [67] dataset extends multi-person pose estimation to video tracking, while
the Yoga-82 [68] dataset serves as a domain-specific benchmark for fine-grained pose
classification. Large-scale datasets such as AI Challenger further improved diversity for
multi-person pose estimation research [48].

HAR sensor datasets. The Opportunity++ dataset [40,60] is particularly relevant,
as it contains synchronized recordings from both wearable IMU sensors and ambient
object-interaction sensors, enabling joint evaluation of multimodal fusion and hierarchi-
cal activity recognition involving locomotion primitives and high-level daily activities.
The PAMAP2 dataset [41] provides wearable inertial recordings from nine subjects
performing 18 physical activities using sensors on the hand, chest, and ankle. The Daily
and Sports Activities Dataset (DSADS) [42] contains recordings from eight subjects
performing 19 activities using sensors placed on five body segments. Video-based HAR
benchmarks such as UCF101 [69] have also been widely used for evaluating activity
recognition under unconstrained real-world conditions. Table 2.1 summarizes the key
characteristics of these datasets.

Evaluation protocols. For HPE, the standard evaluation metrics include mean
Average Precision (mAP) with Object Keypoint Similarity (OKS) on COCO, Percentage
of Correct Keypoints (PCK) on MPII, and Mean Per Joint Position Error (MPJPE) in
millimetres on Human3.6M [29, 37–39]. The three most relevant classification metrics
for sensor-based HAR are accuracy, precision, and recall. The macro-averaged F1 score
is suggested as the most appropriate measure of performance because many imbalanced
datasets, such as Opportunity++, contain a majority of samples that belong to the Null
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class [5, 40]. Cross-user generalization is typically evaluated with the use of LOSO
cross-validation [22]. This method is based on training a model using all available
subjects except for one that is used as a "hold out" subject to evaluate performance. The
evaluation of performance is averaged across all folds of subjects.

Table 2.1: Benchmark datasets used for HAR and HPE

Dataset Modality Subjects Classes / Keypoints Annotation Type Usage

Opportunity++ [40] Wearable + Ambient 4 Loco + HL Dual-level Multimodal HAR

PAMAP2 [41] Wearable IMU 9 18 Single-level Sensor HAR

DSADS [42] Wearable IMU 8 19 Single-level Sensor HAR

Custom Dataset Vision (skeleton) – 4 Single-level Skeleton HAR

COCO [37] Vision (image) – 17 keypoints Keypoint annotations Multi-person 2D HPE

MPII [38] Vision (image) – 16 keypoints Keypoint annotations Single-person 2D HPE

Human3.6M [39] Vision (3D MoCap) 11 3D joints 3D joint annotations 3D pose estimation

PoseTrack21 [67] Video sequences – 17 keypoints Keypoint + tracking Temporal pose tracking

Yoga-82 [68] Vision (image) – 82 classes Class labels Fine-grained pose classification

2.7 Research Gaps

The review of the existing literature reveals several important gaps that collectively
define the research space addressed in this study.

Gap 1: Absence of a unified comparative benchmark for DL-based HPE. The
models proposed and tested are not integrated into a single framework for a fair com-
parison. The numbers across studies are rarely comparable: training data, augmentation
strategies, and hardware all vary, sometimes significantly. To address this, this research
aims at developing a structured cross architectural comparison, based on layers, datasets,
and metric class, as described in [29, 30].

Gap 2: Lack of standardized pose backend comparison for skeleton-based HAR.
Most existing HAR studies that use skeleton-based inputs rely on a single pose estima-
tion backend and do not analyze how backend selection affects downstream recognition
accuracy, latency, and efficiency [32]. This makes it hard to choose a backend for a given
deployment scenario. This gap is addressed by evaluating multiple pose estimation
backends under consistent architectural and experimental conditions.

Gap 3: Limited cross-user generalization in multimodal sensor-based HAR. Sensor-
based HAR models often perform well when tested on the same subjects they were
trained on, but accuracy drops substantially when applied to new users, a result of
variability in how different people execute activities, place sensors, and move [5, 22].
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Few studies simultaneously address modality fusion, hierarchical activity structure,
and subject-independent evaluation within a single framework [34, 35]. This gap is
addressed through a multimodal framework evaluated under LOSO conditions.

Gap 4: Insufficient integration of temporal modeling depth, multimodal fusion, and
deployment constraints in resource-constrained environments. CNN and LSTM-
based approaches capture local and medium-range temporal dependencies effectively
but are limited in modeling complex activity transitions that span extended time horizons
[52, 70]. Transformer-based temporal modeling improves long-range dependency
modeling but introduces computational overhead that limits deployment in resource-
constrained environments [35, 66]. No existing framework brings attention-based
multimodal fusion, transformer-based temporal encoding, hierarchical activity modeling,
and deployment efficiency together in one place. This gap is addressed through an
integrated architecture combining these components. Table 2.2 maps existing work
against these gaps.

Table 2.2: Positioning of existing works with respect to identified research gaps

Work Gap 1 Gap 2 Gap 3 Gap 4

Chung et al. [30] Partial × × ×
Debalaxmi et al. [32] × Partial × ×
Belal et al. [71] × × Partial Partial
Xu et al. [54] × × Partial ×
Xaviar et al. [34] × × Partial Partial
Khan et al. [35] × × Partial Partial

Partial = Partially addressed, ×= Not addressed

2.8 Summary

This chapter covered the literature on HPE, vision-based and sensor-based HAR, mul-
timodal fusion, benchmark datasets, and evaluation protocols. The broad arc is clear:
handcrafted features gave way to DL, and CNNs, LSTMs, GCNs, and transformers
each pushed recognition performance further. But the literature also has consistent blind
spots. Pose estimation backends are rarely compared head-to-head for skeleton-based
HAR. Cross-user generalization in multimodal systems remains poor. And temporal
modeling, multimodal fusion, and deployment efficiency are almost never tackled to-
gether in a single framework. The identified research gaps establish the motivation for
the proposed methodologies presented in the subsequent chapters.
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CHAPTER 3

COMPARATIVE ANALYSIS OF POSE ESTIMATION MODELS

This chapter introduces a systematic comparison of DL approaches for HPE. The
emphasis is on a representative study of pose estimation models for various architectural
families and testing their accuracy, computational cost and feasibility in real-time. It
examines benchmark datasets and evaluation metrics side by side, both in terms of what
they measure, but more importantly, how the selection of a benchmark impacts on the
reporting of good performance. Then it discusses accuracy versus cost and correlates
attributes of models to environments: Health Care, Fitness, and Surveillance. The
results are directly used in the skeleton-based HAR framework described in Chapter 4.

3.1 Overview of DL-based Pose Estimation Approaches

Over the years, DL has generated many different architectures of HPE, that make
various compromises between accuracy, speed and deployment constraints [29, 43].
To frame the comparative analysis, this section briefly summarizes the three main
categories, rather than repeating the methodological history, as in Chapter 2. CNN-
based models extract hierarchical spatial features and achieve good results on the typical
benchmark [24, 28, 44]. Lightweight models compromise a bit on accuracy, but are
suitable for real-time inference and low compute resources for edge devices [13, 20, 72].
Transformer based-models take advantage of the self-attention mechanism to model
long-range spatial relationships, thus being effective in more challenging cases such as
occlusion or multi-person cases [25, 26, 49, 73]. The three categories vary significantly
in both accuracy and computational expense, and also in the scalability; these points are
explored in the following sections.

3.2 Taxonomy of Pose Estimation Architectures

Pose estimation models differ in ways that matter for deployment: how accurate they
are, how much compute they need, and how well they hold up outside controlled
conditions [29, 43]. These dimensions structure the comparative analysis in this chapter.
Figure 3.1 shows the taxonomy used in this study.
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Figure 3.1: Taxonomy of HPE architectures

2D vs. 3D estimation. Estimation of the joint locations in the image plane is sim-
pler and faster using 2D methods, which are adequate in most activity recognition and
fitness monitoring applications. [10, 74]. The spatial joint coordinates can be recovered
using 3D methods, which can capture the depth and limb orientation information not
captured by 2D methods; however, it requires more complex modeling and is prone to
failure in non-controlled environments [25, 26, 39].

Single-person vs. multi-person estimation. Single-person methods ignore other
subjects, and only try to refine the localization of the keypoints of a single subject.
Multi-person methods detect and relate keypoints simultaneously in multiple persons,
either using a top-down or bottom up approach. One of the well-known examples of
bottom-up open pose is OpenPose [24, 48].

CNN-based vs. transformer-based architectures. CNN-based models are
trained hierarchically and are very efficient in practical use in real-time or resource-
limited environments. [28, 72]. Self-attention over joints is used in transformer-based
models to capture long-range relationships and enables models to handle occlusion and
crowded scenes at the cost of higher computational complexity [25, 49, 73].

These dimensions can be combined to provide a unified framework for eval-
uating accuracy, efficiency, and suitability of pose estimation models for HAR de-
ployments.These dimensions will be combined to establish a consistent framework
for evaluating pose estimation models in terms of accuracy, efficiency, and suitability
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for HAR deployments. There is no model that has the best performance on all three
dimensions. A transformer-based model can work well in occluded/crowded scenes,
but may be too expensive to deploy on the edge. A lightweight model may be fine on
a small machine, but crash if several users are in frame. These dimensions are then
translated to form models that reveal the trade-offs and offer a structured basis for the
comparative analysis [12, 15, 33].

3.3 Benchmark Datasets and Evaluation Metrics: Comparative Perspective

Behavior of the models varies across scenarios and is influenced by scale, annotation
type and environmental diversity. Even when a model achieves similar results on a
benchmark task, it may differ in its ability to handle occlusion and background clutter
when tested on large-scale data that has not been used to train the model. Benchmark
datasets therefore should be interpreted within the context in which they are used for
training and evaluation, rather than the numbers they generate, [26, 29].

There are a number of benchmark sets available for use in HPE, and they vary
in complexity and application domain. COCO and MPII focus on 2D pose estimation
in real-world settings, such as occlusion and interactions between multiple people.
Human3.6M provides highly accurate 3D annotations, but captured in a controlled
lab [37–39]. PoseTrack21 also evaluates temporal sequences, where the consistency
of the keypoints across video frames is required. Yoga-82 is a domain-specific, fine-
grained classification of postures, designed for yoga and related activities [67, 68, 74].
Multi-person pose estimation research was further extended to large-scale datasets like
AI Challenger, which added diversity of scenes and scale of annotation [48]. These
differences are manifest in the performance of the models. The models trained with
COCO are more robust in cluttered multiple-person settings. An evaluation based on
MPII favors for precise localization of a single person. When tested on Human3.6M,
models obtain low level of spatial errors which is attributed to the attached environment,
but this level of accuracy may not be applicable to real-world scenarios [26]. They
become better in their domain of knowledge (Yoga-82) but less generalist in other
domains.

Evaluation metrics. The nature of the data set is closely related to evaluation in
HPE. The standard metrics for 2D pose estimation are PCK and mAP, whereas for 3D
tasks, it is MPJPE [29, 43]. Temporal datasets also include the F1 score as an additional
metric to evaluate the consistency of the tracking over the various frames [67]. There
is a significant impact on the results of comparative analysis based on the choice of
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the dataset and the metric used. Due to different task formulation between COCO
and MPII, a model that achieves high mAP on COCO might not be the same model
when evaluated on MPII based on PCK. A good Human3.6M performance does not
necessarily mean robustness in unconstrained environments. The interactions between
these make it important to select an appropriate pose estimation model, based on the
characteristics of the datasets, evaluation metrics and application requirements; numbers
from different benchmarks do not necessarily mean the same thing.

Table 3.1: Evaluation metrics used in HPE research

Metric Description Application

PCK Percentage of joints within a nor-
malized threshold from ground
truth

2D HPE on MPII and COCO

mAP (OKS) Mean precision using OKS
matching

Multi-person 2D HPE on COCO

PCPm Percentage of correctly pre-
dicted limb segments

Full-body articulation analysis

MPJPE Mean Euclidean error per joint
in millimeters

3D HPE on Human3.6M

AUC Area under the PCK curve
across thresholds

General 2D benchmarking

NME Normalized mean Euclidean er-
ror

Face and body pose estimation

F1 Harmonic mean of precision and
recall

Pose tracking and temporal eval-
uation

3.4 Comparative Performance Analysis of Pose Estimation Models

A detailed comparative study of the most popular HPE models is given using benchmark
results from the literature [29, 43]. We consider CNN-based and transformer-based
model families, measure the results on the COCO validation set using mAP with
OKS [37]. As shown in Table 3.2, all the models follow a similar trend of improved
accuracy from one generation to another, starting with the early CNN models like
OpenPose, and progressing to the transformer-based models like ViTPose [24, 25].
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This trend is a sign of the progress made in modern pose estimation architectures
towards global representation learning instead of localized feature extraction such
as [73] and [49].

Table 3.2: Temporal progression of representative HPE models on the COCO validation
set

Model Year Backbone mAP (val) Params

OpenPose [24] 2017 CNN + PAFs 61.0 25–135M

SimpleBaseline [25] 2018 ResNet-152 73.7 Large

MSPN [29] 2019 ResNet-152 + MSPN 76.1 Large

HRNet-W48 [28] 2020 HRNet-W48 76.3 63.6M

TokenPose-B [29] 2021 ResNet-50 + Token 75.8 Moderate

RTMPose-L [29] 2023 ConvNeXt-Large 78.6 Large

ViTPose-L [25] 2023 ViTAE-L (Transformer) 80.6 >300M

This accuracy increase comes at the real expense of parameters and computing.
CNN-based models still provide a good compromise between performance and effi-
ciency. With moderate computational cost, HRNet also achieves competitive accuracy,
and RTMPose demonstrates that convolutional architectures can achieve transformer-
level accuracy without the overhead of transformers [28,29]. Transformer-based models
achieve the best accuracy by encoding the global spatial relationship between body
joints however, they require more memory and compute resources and limit real-time
applications [25, 49]. Figure 3.2 shows clear trade-off in predicting the accuracy vs.
parameters scale for representative architectures.

In all these results, accuracy and complexity go hand in hand, with outcomes
varying according to context of use. The high-capacity transformer models are more
expensive to use and tend to outperform the benchmark models, but cannot be effectively
used in realtime [25, 49]. Although large-scale benchmarks, like COCO, exclude these
lightweight CNN-based approaches, they still beat large-scale models in real-time
scenarios due to the benefits of low latency and high efficiency in edge devices, as
seen in MoveNet and MediaPipe [13, 20, 72]. This implies that accuracy is not a good
criterion for model selection. The needs of an embedded sensor or mobile system that
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must always be running are different than those of a video processing system that is
off-line. The choice of which system to match those requirements and not just picking
whichever system gets the best marks on a benchmark determines whether a system
will work in deployment [29].

Figure 3.2: Accuracy-complexity relationship of representative HPE models on the
COCO validation set (mAP vs. relative model complexity)

3.5 Accuracy and Computational Cost Trade-offs

There is no single HPE architecture that is optimal for all three optimization aspects of
accuracy, computational cost and deployment efficiency. All the existing models are in
different regions of a trade-off triangle formed by these competing goals, as illustrated
in Figure 3.3.

CNN-based models have been developed to achieve a trade-off between accuracy
and compute with neither edge, however, they are suitable for applications requir-
ing moderate accuracy and compute capacity, like HRNet [28] and OpenPose [24].
Lightweight models like MoveNet and BlazePose are aimed at the efficiency side of
the spectrum: low latency, low memory usage, real-time inference on edge devices.
While highly efficient, this also compromises the accuracy of the pose estimation,
especially in challenging scenarios such as occlusion or low-light conditions [13,20,72].
Transformer-based models work in opposite ways. TokenPose and ViTPose produce
the best accuracy by capturing global spatial relationships among different joints, but
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they are also complicated and expensive to compute and store, and are hard to deploy
in real-time or resource-limited settings [25, 29, 49]. RTMPose sits in between the
extremes, and is an optimized convolutional design that achieves transformer level
performance but maintains a computational cost closer to CNN level it falls in the
middle of the trade-off spectrum [29].

Figure 3.3: Trade-off among accuracy, computational cost, and deployment efficiency
in HPE models

Benchmarks are not as relevant to the balance between keypoint accuracy and
inference speed for skeleton-based HAR. For real time systems on edge devices, a
less accurate pose estimation backend with significantly less latency might be a better
fit, depending on the application context they are deployed in and the tasks they must
perform. This is one of the reasons for the comparative performance analysis of the
different pose backends presented in the following chapters [12, 15, 33]. There is a
different way to separate model families for occlusion handling. CNN-based models
are limited by their receptive field, meaning they are not certain about prediction when
the joint is occluded because they don’t see the enough scene to reason about a hidden
limb. Transformer-based models build on this with global attention mechanisms, yet
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the benefits of robustness are paid for with significant computational expense [25, 49].
It is implied throughout all of the architectural families reviewed here that the accuracy
best numbers do not dictate model selection for HAR: there are constraints from the
deployment environment. Numbers on a benchmark do not indicate whether a model
can run in a memory budget, whether there is a latency requirement, or whether it can
be run with partially hidden joints. The constraints are what dictate the operation of a
system in the real world.

3.6 Application-based Analysis of Pose Estimation Models

HPE deals with a variety of domains and the specific requirements for each one are
sufficiently diverse such that a robust pose estimator does not work well for all of
them [29].

Healthcare and rehabilitation. Pose estimation can be used in clinical and reha-
bilitation applications for non-invasive tracking of patient movements and exercise
performance. As for real-time posture tracking and feedback, lightweight models like
MoveNet and MediaPipe BlazePose can be implemented on edge devices without
special hardware. In such applications, one patient, one camera is almost always the
case, and the accuracy of the joints’ position and time are much more important than
the capability of tracking a crowd [9, 10, 74].

Fitness and sports analytics. Pose estimation is employed for biomechanical analysis,
correction of technique and injury prevention. For controlled environments, high
accuracy models like HRNet and transformer based models can be feasible. For
consumer use, lightweight models are the solution as real-time feedback is the key
[25, 28]. Continual tracking of keypoints between frames is crucial, both for motion
based metrics and for evaluating the movement pattern, and requires consistent temporal
output. The usage scope has also expanded beyond the obvious: for instance, underwater
swimmer motion analysis [75] has been one of the applications that has been explored.

Surveillance and crowd monitoring. The process of watching over a particular area or
group of people. The practice of monitoring people or groups for surveillance. Different
stress applied to the system through surveillance. When multiple people are present,
and they are not obstructed, and their viewpoints are not predictable, the default is
crowd density, occlusion, unpredictable viewpoints, not the edge case. OpenPose is
capable of scaling to these situations with bottom up solutions. High accuracy models
often appear in offline or real-time analysis pipelines, where latency is not as critical as
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accuracy [24, 48]. The skeleton-based representations enable downstream tasks such as
fall detection and behaviour analysis to be more tractable than when working from raw
pixels.

HCI and AR. Low latency pose estimation gesture recognition and interactive ap-
plication breaks down when tracking is laggy with HCI and AR/VR systems. Here
lightweight models like MediaPipe BlazePose and PoseNet are more prevalent as the
model operates without special hardware and in real-time on mobile and browser-based
platforms [13, 72]. Smooth temporal tracking and stable frame rates are not features
that one would want to have in these applications, they’re essential to the usability of
the experience.

Robotics. Pose estimation is a significant aspect of robotics, particularly for human-
robot interaction and understanding of robot motion in dynamic settings. Transformer-
based models excel at providing spatial reasoning in complex scenarios, however, due to
their high computational complexity they cannot be used in lower-end systems without
compromising the accuracy of the model.Transformer-based models provide robust
spatial reasoning capabilities in complex scenarios, but due to their high computational
cost, they are only practical for high-end devices [25, 49]. In most other domains the
reliability and real-time constraints are not as relevant as when robots interact with
humans, a failed prediction is a safety problem, as well as an accuracy problem.

3.7 Limitations and Future Research Directions

Despite the significant improvement DL has taken HPE, there are still remaining
challenges for the performance of these models in the real world [29].

Occlusion and visual variability. Even in unconstrained environments occlusion
remains one of the more difficult problems. However, even when the joints are partially
hidden, the accuracy and stability of keypoint predictions are compromised, and the
severity of occlusion cases are not completely addressed by transformer-based models,
although they excel in contextual reasoning [25, 49]. The pressure is compounded by
motion blur and low light conditions, as well as sensor noise in real deployments, which
is not the case in this experiment and is common in most scenarios [26].

Dataset bias and generalization. Benchmark datasets tend to be focused on controlled
environments and not reflective of the diversity of demographics that are found in real
use. COCO and Human3.6M trained models tend to perform poorly in out-of-domain
environments like healthcare monitoring or surveillance or in outdoor environments,
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since they don’t match the distribution in which they’re trained [37, 39]. Transferring
data across different domains is more challenging than it is within a specific domain,
while it is easier within this particular domain compared to other ones [26, 68].

Accuracy-efficiency trade-off. The gap between high-accuracy models and models fast
enough for real-time deployment has not closed. The highest accuracy is achieved by
transformer-based designs, but they consume compute resources that are incompatible
with edge use. CNN-based models are lightweight and run in real-time, but are less
accurate [13, 20, 25]. Nothing yet exists that sits between them that is comfortable and
bridging the gap between them is one of the more persistent practical problems in the
field.

Fairness and representation. Performance is not the same across the various demo-
graphic groups. Training data imbalance induces biases, not only in accuracy but also
in the reliability of systems that humans rely on, as the variations in appearance, body
structure and environmental conditions introduce variance [76]. To overcome this, more
diverse sets of data and evaluation protocols need to be available, in which demographic
variability is an integral part of design, rather than an afterthought.

Future research directions. There are a number of avenues to explore. Datasets must
be more extensive, more varied and must be temporally annotated. Model architec-
tures must be more efficient and still improve the accuracy benefits that justify their
complexity. Temporal consistency between frames is important for video based pose
estimation. One way to increase the diversity of training data is through the use of
synthetic data, which can be generated without the challenges of manual annotation, as
shown in [25, 26]. Compared to the importance in practice, the evaluation and model
design aspects of fairness are underexplored [76].

The identified limitations here show some direction efficient and robust pose
estimation frameworks for downstream tasks in real deployments. Inspired by that need,
the research of lightweight pose estimation backends for skeleton-based HAR, which is
presented in Chapter 4.

3.8 Summary

Architectural family is not the only criteria to assess suitability of a pose estimation
model for real-world deployment. It is difficult to compare results across models as the
model performances are constrained by the datasts and by the nature of the datasets. New
architectures with improved accuracy results in certain test conditions do not necessarily
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translate into improved accuracy in all application scenarios. These differences are
significant when selecting backends for skeleton-based activity recognition as they are
downstream tasks with strict latency and resource requirements for inference. The
design decisions and pose estimation options given in the framework introduced in
Chapter 4 are natural by-products of this understanding.
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CHAPTER 4

SKELETON-BASED HAR USING CNN-LSTM

This chapter introduces a skeleton based HAR system, where multiple pose estimation
backends are incorporated into a DL architecture. The comparative analysis of pose
estimation models in Chapter 3 is built upon, and the impact of the various pose
estimation backends on the performance of activity recognition, while keeping other
factors constant, is investigated [30, 32]. A structured pipeline framework is followed:
pose estimation, keypoint extraction, feature engineering, temporal modelling and
classification. Four models, MediaPipe Pose [13], MoveNet Thunder [20], OpenCV
COCO [24] and YOLOv11 Pose [31,77] were used to extract human skeletal points and
converted into structured feature representations covering normalized joint coordinates,
inter-joint Euclidean distances, and angular relationships between joints [1]. The frames
are grouped into fixed length frame sequences for temporal dynamics. These sequences
are then fed into a dual-branch CNN-LSTM fusion network [15, 50] which learns about
structural relations from engineered features, while simultaneously considering spatial
relations from raw coordinate representations. The fused output is further fed to the
recurrent layers to model the temporal information and classify the data. Four daily
activities (sitting, standing, walking and running) are evaluated in a standardized train-
validation-test split. All backends are evaluated for both classification and computation
metrics: accuracy, precision, recall, F1-score, latency, frames per second (fps), model
size. This enables the systematic accuracy-by-efficiency comparisons of the various
backends that are added [78, 79].

4.1 System Architecture

The primary processing stages of the proposed skeleton-based HAR framework and
their interconnections are described in this section. The CNN-LSTM classification
pipeline makes use of sequential data from pose estimation and feature generation up to
temporal sequence learning and then to activity prediction, all within one.
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4.1.1 Overall Pipeline Description

The system architecture consists of a structured pipeline from pose estimation to feature
extraction, temporal modeling and activity classification. The outcome of each stage
and error propagation from one stage to the other heavily rely on the pose estimation
backend to the front end. The overall pipeline and the connectivity of the pipeline’s
stages are illustrated in Fig. 4.1.

Figure 4.1: Pipeline of the proposed skeleton-based HAR architecture
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The first input to the pipeline is a set of input video sequences of human activities.
Each frame is extracted and preprocessed based on the input requirement of the pose
estimation backends, and then sent to a pose estimate model to get the keypoints of
the pose’s joints representing the human joint locations. These keypoints are then
converted into a set of structured feature representations that include the normalized
joint coordinates, inter-joint distances, and angular relationships between adjacent
joints [14, 43]. To model temporal dynamics, consecutive frames are purposefully
clustered together into fixed-length sequences, so that the evolution of motion can be
handled over time, instead of being considered as snapshots. The sequences are passed
through a dual-branch CNN-LSTM architecture [15,50] which is able to learn spatial and
temporal dependencies across frames. One is based on raw coordinate representations,
the other on engineered features representing structural relationships. The outputs
are fused into a single representation, and then run through fully connected layers
which classify the activity into one of four pre-defined categories: sitting, standing,
walking, or running. All backends share the same downstream architecture with the
same experimental conditions, to ensure that the difference in recognition performance
and computational cost might be due to the pose estimation stage, not in other parts of
the pipeline.

4.1.2 Pose Estimation Backends

For skeletal keypoints extraction, four pose estimation backends were combined into
the proposed system, which included MediaPipe Pose [13], MoveNet Thunder [20],
OpenCV COCO [24], and YOLOv11 Pose [31]. These models are various compro-
mises between the density of keypoints, computational efficiency, and robustness. The
following Table 4.1 summarizes the main features of the backends chosen.

Table 4.1: Pose estimation backends used for keypoint extraction

Model Keypoints Output Framework Key Strength

MediaPipe Pose 33 (x,y,v) MediaPipe High spatial preci-
sion

MoveNet Thunder 17 (y,x,c) TensorFlow Hub Real-time effi-
ciency

OpenCV COCO 18 (x,y, p) OpenCV DNN Stable baseline
YOLOv11 Pose 17 (x,y) Ultralytics Robust under occlu-

sion
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MediaPipe Pose [13] provides 33 body landmarks, their normalized coordinates,
and their visibility score, providing a detailed spatial description of the human pose.
It requires BGR to RGB conversion before inference and handles scaling internally.
MoveNet Thunder [20] outputs 17 keypoints in COCO format and is built for low-
latency inference, with input frames resized to 256×256 using aspect ratio-preserving
padding. OpenCV COCO [24] takes a convolutional pose estimation approach using
PAFs, producing 18 keypoints with associated confidence scores. YOLOv11 Pose [31]
handles joint detection and keypoint estimation in a single stage and holds up reason-
ably well under motion and occlusion. Each backend has a different preprocessing
configuration, as summarized in Table 4.2.

Table 4.2: Preprocessing specifications for each pose estimation backend

Model Input Resolution Preprocessing Steps

MediaPipe Pose Auto-scaled BGR → RGB conversion

MoveNet Thunder 256×256 Resize with padding normalization

OpenCV COCO 368×368 Blob creation with normalization

YOLOv11 Pose ∼ 640×640 Internal preprocessing

4.2 Dataset Construction

In this section, the organization of the activity dataset for the experimental evaluation
is described. Distributions of activity samples in the partition of the datasets and
distribution of extracted skeletal keypoint representations to the backends for training
and testing.

4.2.1 Data Collection and Preprocessing

To assess the proposed skeleton-based HAR framework under various pose estimation
backends, a balanced dataset has been built.A balanced dataset was built for the evalu-
ation of the proposed skeleton-based HAR framework using various pose estimation
backends. It is a set of time-synchronized video recordings and extracted image frames
from four activity classes, gathered keeping the activity classes evenly distributed across
the set of videos so as to enable a fair comparison of performance across backends.

Samples were divided in training, validation and test sets at 70:15:15 ratio.
OpenCV [80] was used to extract and resize frames, and TensorFlow [81] was used to
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Figure 4.2: Representative RGB frames and corresponding skeletal keypoint representa-
tions for the four activity classes

process them for the backend. To extract motion dynamics for activity recognition, each
video sequence was divided into fixed size temporal windows of 10 consecutive frames.
The 10 frames are enough to give sufficient context to distinguish periodic activities
from one another without being too expensive for real-time inference. Some sample
images from the dataset are shown along with their respective skeletal keypoint repre-
sentations in each of the four activity classes in Figure 4.2. The overall characteristics
of the dataset are summarized in Table 4.3.

Table 4.3: Summary of the constructed HAR dataset

Property Value

Activity classes Sitting, Standing, Walking, Running

Number of classes 4

Data sources Video recordings and extracted frames

Class distribution Balanced across all classes

Train / Val / Test split 70% / 15% / 15%

Preprocessing tools OpenCV and TensorFlow

Temporal window size 10 consecutive frames

A model that has an imbalanced class distribution tends to overfit onto the majority
class and thus overestimates accuracy rates in HAR, which is why class balance is
important. In addition to class balance, the dataset is organized in a coherent way across
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all video samples, extracted image frames and temporally segmented activity sequences
during training. This means that each category of activity has a similar spatial and
temporal signal throughout the learning and evaluation period, no single class dominates
the signal the model sees. Table 4.4 shows the distribution of videos, image frames, and
sequence samples between the training, validation and test sets.

Table 4.4: Balanced data distribution across activity classes

Class Type Train Val Test

Sitting Videos 76 16 17

Images 2307 494 496

Sequences 99 21 22

Running Videos 76 16 17

Images 2307 494 496

Sequences 99 21 22

Standing Videos 76 16 17

Images 2307 494 496

Sequences 99 21 22

Walking Videos 76 16 17

Images 2307 494 496

Sequences 99 21 22

Once preprocessed, both pose estimation backends extracted the skeletal keypoints
independently and the extracted keypoints were stored as numerical arrays for feature
engineering and temporal modeling. There are different numbers of keypoint samples
extracted per backend due to the variation in the confidence of pose detection, the
stability of landmark tracking, and the behavior of estimating the keypoints frame-wise.
Denser representations of landmarks lead to bigger keypoint sets, whereas lightweight
models, suitable for real-time inference, may fail to report low confidence landmarks in
difficult motions. The keypoint arrays extracted are a set of coordinates for the joints in
each of the frames detected, and they form the main input for the skeleton-based HAR
pipeline. The differences between the two backends in keypoint generation directly
influence the differences in recognition accuracy and computational efficiency in the
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evaluation, and thus the spatial representations the CNN-LSTM architecture learns from
and feeds into. Table 4.5 shows the statistics of the obtained keypoint sample across the
dataset partitions for all the keypoint backends evaluated.

Table 4.5: Keypoint distribution across pose estimation backends

Backend Class Train Val Test

MediaPipe

Running 7981 1429 1843

Sitting 25782 5399 5743

Standing 25502 5452 5720

Walking 24525 5286 5392

YOLOv11 Pose

Running 30847 5139 7682

Sitting 26195 5543 5878

Standing 26129 5583 5895

Walking 33802 6319 7393

OpenCV COCO

Running 30036 4939 7394

Sitting 25892 5426 5768

Standing 25675 5478 5759

Walking 32506 6228 6915

MoveNet

Running 30036 4939 7394

Sitting 25892 5426 5768

Standing 25675 5478 5759

Walking 32506 6228 6915

4.2.2 Activity Classes

The dataset includes four activities: sitting, standing, walking and running. These were
selected since they cover a helpful range of motion complexity from stillness to full
locomotion. Sitting and standing are essentially static, with little variation of the body
in the pose. They are periodic and change more rapidly over time walking and running
are different. The two types in the data set test the framework on different types of
movement, rather than only one corner of the problem.
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4.3 Keypoint Feature Engineering

Structured feature representation was used as the input of the CNN-LSTM fusion
architecture, and was generated by transforming raw skeletal keypoints extracted by
each pose estimation backend. The retrieved keypoints were encoded in a compact
representation that encodes the spatial posture and articulation of the limbs. Three sets of
features were calculated following the methodology described, which were normalized
joint coordinates, inter-joint distances and joint angles. The functionality and feature
preprocessing were numerically calculated with the NumPy array operations [82]. In
Figure 4.3 the spatial features extracted from the skeletal keypoints are shown as
examples of normalized coordinates, inter-joint distances and joint angles.

Figure 4.3: Illustration of spatial features derived from skeletal keypoints, including
normalized joint coordinates, inter-joint distances, and joint angles

4.3.1 Normalized Joint Coordinates

Normalized coordinates were obtained by dividing each joint position by the frame
width W and height H to make pose representation invariant to image scale. This
transformation is defined in Eq. 4.1:

x̂i =
xi

W
, ŷi =

yi

H
(4.1)
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where xi,yi represent the original joint coordinates and W,H denote the frame
width and height.

4.3.2 Inter-Joint Distance Features

Pairwise Euclidean distances between keypoints were computed to capture relative
spatial relationships between body joints. These distances were normalized using a
reference distance dref defined between the shoulder and hip joints. The normalized
distance is defined in Eq. 4.2:

dnorm
i j =

√
(x̂i − x̂ j)2 +(ŷi − ŷ j)2

dref
(4.2)

where dref represents the normalization reference distance between the shoulder
and hip joints.

4.3.3 Joint Angle Representation

Angular relationships between adjacent joints were computed to represent limb articula-
tion and rotational motion. The angle at joint B as calculated using Eq. 4.3:

θB = arccos
(

(A−B) · (C−B)
∥A−B∥ · ∥C−B∥+ ε

)
(4.3)

where A,B,C are the positions of adjacent joints used to calculate the angle at
joint B and ε is a small constant to prevent numerical instability.

4.3.4 Temporal Feature Construction

The final feature vector at the frame level was created by concatenating the normalized
coordinates, inter-joint distances and joint angles as shown in Eq. 4.4:

Fframe =
[
x̂1, ŷ1, . . . , x̂n, ŷn, dnorm

i j , θABC
]

(4.4)

In order to achieve temporal continuity, the feature vectors of consecutive frames
were concatenated into fixed length sequences. In particular, 10 successive frames were
composited together to create a spatio-temporal tensor, as described in Eq. 4.5:
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Fsequence =
[
F1

frame, F2
frame, . . . , F10

frame
]

(4.5)

where ten consecutive frames are stacked to capture temporal dependencies across
motion sequences. Table 4.6 summarizes the resulting input dimensions for each pose
estimation backend.

Table 4.6: Input dimensions for the CNN-LSTM fusion architecture

Model XY Input Shape Feature Input Shape

MediaPipe Pose 10×33×2×1 10×78

MoveNet Thunder 10×17×2×1 10×46

OpenCV COCO 10×18×2×1 10×48

YOLOv11 Pose 10×17×2×1 10×46

4.4 Dual-Branch CNN-LSTM Fusion Architecture

The classification model is a dual-branch CNN-LSTM fusion architecture designed to
jointly capture spatial structure and temporal dynamics of human activities from skeletal
keypoints. The architecture is based on a hybrid DL paradigm for sequence modeling
that is based on the convolutional feature extraction and recurrent temporal modeling of
the sequence [50]. This design enables both pose configuration and motion evolution
over time to be learned effectively. The overall architecture of the classification model
is shown in Figure 4.4.

4.4.1 Spatial Feature Learning using CNN

A convolutional branch is used to learn the spatial structure of human pose, where raw
joint coordinate sequences are fed into this branch. The coordinates of the structured
keypoints for each frame are represented, and a TimeDistributed convolutional pipeline
is used to extract the spatial features independently at every time step. To capture the
spatial relationships between the joints, a sequence of TimeDistributed convolutional
layers with Batch normalization and Max pooling is used. The output is a sequence of
feature maps which are flattened to get a temporal sequence of feature vectors hxy

t that
describe the features.
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Figure 4.4: Dual-branch CNN-LSTM fusion architecture for skeleton-based HAR

4.4.2 Engineered Feature Learning Branch

The second branch handles engineered features based on the skeletons keypoints, which
include normalized coordinates, intra-joint distances and angular relations. These
features give an abbreviated encoding of the geometric and kinematic aspects of human
motion. At each time step, a TimeDistributed multilayer perceptron with dense layers,
batch normalization and dropout layers are used. This branch’s output is the feature
vector h f eat

t which represents the relationship between joints.

4.4.3 Temporal Modeling using LSTM

An LSTM layer is used in a stack to capture the temporal correlations between the next
two frames. After fusion, the concatenated feature sequence is fed into 2 LSTM layers
to learn the dynamics and sequential information of human activities. The first LSTM
layer has 128 units, which is used to process the whole temporal sequence and keep
temporal continuity. The final hidden state is passed to a second LSTM layer containing
64 units that produces a compact representation of the overall activity pattern.

4.4.4 Feature Fusion and Classification

To combine both spatial and kinematic information, feature fusion is done at every time
step by adding together the two branches output. The fused representation is defined in
Eq. 4.6. Concatenated sequence Zt passed through the stacked LSTM layers. The final
hidden state hT is then passed to a fully connected layer and a Softmax output layer as
shown in Eq. 4.7 for activity prediction. There are 4 activity classes that the model is
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able to classify: sitting, standing, walking and running.

Zt =
[
hxy

t ∥h f eat
t

]
, ht = LSTM(Zt ,ht−1) (4.6)

ŷ = Softmax(W ·hT +b) (4.7)

4.5 Experimental Setup and Evaluation Metrics

The experimental evaluation was structured to test the performance of each pose es-
timation backend in two complementary aspects: the classification performance and
computational efficiency. HAR systems should have to be capable of high recognition
accuracy and also be able to process at real-time speed and hence the evaluation was
designed to satisfy both of these demands.

4.5.1 Training Configuration

To facilitate a fair comparison, all pose estimation backends were tested with the
same CNN-LSTM fusion architecture, data splitting, and preprocessing. Dataset split
into training, validation, and test set, and the hyperparameters were the same in all
experiments. A batch size of 64, Adam optimizer with η = 0.001 and categorical
cross-entropy loss were used for optimizing the network. An early-stopping technique
by using the validation loss was used to prevent overfitting and guarantee stable conver-
gence. To account for stochastic training, each experiment was replicated three times,
and the results reported here are the average of the three runs. The variance of these
runs was small; less than 5.0% (plus or minus 0.5%-1.0%), which suggested that the
models behaved in a stable and consistent manner. The tests were performed on an
AMD Ryzen 7 5800H system with 8 GB of RAM and NVIDIA GeForce RTX 3050
graphics card.

4.5.2 Evaluation Metrics

Each pose estimation backend was tested by both classification and efficiency measures.

Accuracy. Accuracy is the percentage of the samples of the test set that are
correctly classified, according to Eq. 4.8:
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Accuracy =
T P+T N

T P+T N +FP+FN
(4.8)

Precision, Recall, and F1-score. The precision, recall and F1-score offer a
detailed measure of the performance of the classification. Precision refers to the
accuracy of correctly predicted positive instances, recall refers to the accuracy of the
instances that are relevant to the predicted class and F1-score is the harmonic mean of
precision and recall. They are defined here as follows in Eqs. 4.9–4.11:

Precision =
T P

T P+FP
(4.9)

Recall =
T P

T P+FN
(4.10)

F1-score =
2 ·Precision ·Recall
Precision+Recall

(4.11)

Latency. Latency is the average inference time (ms) per frame, or the time needed
to infer a single frame.

fps. The fps value is calculated using the equation below, which is the inverse of
the latency, as indicated in Eq. 4.12:

fps =
1000

Latency(ms)
(4.12)

Model Size. The overall memory consumption of the trained CNN-LSTM model
(in Megabytes) and the number of model parameters.

All efficiency metrics were taken on CPU to simulate the environment of deploy-
ment in resource-constrained devices like edge devices and IoT.

4.6 Results and Comparative Analysis

In this section, the performance of the CNN-LSTM fusion framework, using four
pose estimation backends, is presented in the form of a comparison. In skeleton-
based HAR, the recognition performance, computation efficiency and the accuracy-
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real-time inference behavior are analyzed. By comparing multiple backends, activity
recognition and inference performance can be compared to investigate the effect of
different keypoint representations on the activity recognition performance and inference
speed. The reported results also provide insights in the suitability of each backend to
deploy in different application and computation scenarios.

4.6.1 Classification Performance

Table 4.7 shows the classification results of all four pose estimation backends in the dual-
branch CNN-LSTM fusion framework. The best performance was seen for MediaPipe
Pose with an accuracy of 94%, showing a good balance between precision, recall, and
F1 score for each activity class. The 33 landmark representation it uses is responsible for
this performance, as it provides information at a finer granularity level and minimizes
misinterpretation of similar static poses, like sitting and standing. The improved
keypoint structure means greater spatial discrimination for the CNN branch at the
time of classification at activity boundaries. YOLOv11 Pose was robust enough to
achieve 89% accuracy in dynamic conditions and partial occlusion. Results were
unchanging in the higher complexity of motion situations of walking and running. The
baseline of OpenCV COCO was 88%. But greater walking/standing confusion was
seen, which may be caused by lower keypoint resolution. Landmarks are sparse, and
the spatial branch cannot differentiate between the two activity classes, due to fine
postural differences. MoveNet Thunder was able to reach an accuracy rate of 85%. The
scores obtained for the dynamic activities are acceptable, and the ones obtained for the
static poses are comparatively low, due to the low granularity of the keypoints. The
results of the classification indicate that the keypoint richness is a meaningful factor for
recognition with respect to recognition performance, especially in the case of activity
classes with similar postural configurations. The confusion matrices of all four pose
estimation backends are presented in Fig. 4.5 and give a class-wise detail of prediction
performance.

Table 4.7: Classification performance of the CNN-LSTM fusion architecture across
pose estimation backends

Model Accuracy Precision Recall F1 Score

MediaPipe Pose 0.94 0.94 0.94 0.94
YOLOv11 Pose 0.89 0.88 0.88 0.88
OpenCV COCO 0.88 0.89 0.88 0.88
MoveNet Thunder 0.85 0.86 0.86 0.86
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Figure 4.5: Confusion matrices of the four pose estimation backends on the four-activity
test dataset

4.6.2 Latency and Throughput Analysis

The most efficient backend for real-time deployment is YOLOv11 Pose with the lowest
latency of 125.0 ms and highest throughput of 8.0 fps. YOLOv11’s lower dimensional-
ity of keypoint density decreases feature vector size sent to the CNN-LSTM pipeline
directly contributing to faster inference without compromising recognition robustness.
MoveNet Thunder and OpenCV COCO had similar accuracy, but slightly higher la-
tency and slightly lower throughput. MediaPipe Pose had the highest dimensional
representation of keypoints, as well as the highest latency and model size. The 33
landmark structure is useful to keep classification accuracy high, but it introduces more
computation in the feature extraction and temporal modeling process which leads to
slower inference on the CPU. Table 4.8 shows the computational efficiency results of
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the CNN-LSTM fusion model on CPU, for all pose estimation backends.

Table 4.8: Computational efficiency of CNN-LSTM models evaluated on CPU

Model Latency (ms) fps Model Size (MB) Params (M)

YOLOv11 Pose 125.0 8.0 3.68 0.31

OpenCV COCO 127.4 7.9 3.68 0.31

MoveNet Thunder 128.5 7.8 3.68 0.31

MediaPipe Pose 130.2 7.7 5.23 0.45

4.6.3 Accuracy vs Efficiency Trade-off

Results show a clear trade-off between recognition accuracy and computational effi-
ciency between the considered backends. MediaPipe Pose has the highest accuracy
because it represents dense keypoints, yet is the most expensive and has the highest
latency. YOLOv11 Pose is the most efficient with both lower latency and higher through-
put with competitive accuracy. MoveNet Thunder and OpenCV COCO fall somewhere
in between: Moderate accuracy, and relatively efficient inference. The observations
highlight that the selection of the pose estimation backend should be based on the
application, including the emphasis on real-time performance or accuracy.

4.6.4 Training Convergence

All backends were configured without over fitting and had stable training and validation
curves over the epochs. MediaPipe and YOLOv11 converged within 10-15 epochs, with
OpenCV COCO taking longer to converge due to the noisier keypoint values. MoveNet
Thunder had a fast convergence time but lower performance ceiling. All configurations
were trained stably by using Dropout, Batch Normalization, and Early Stopping. The
CNN-LSTM fusion architecture exhibited similar learning dynamics across different
keypoint representations and feature dimensionalities in the backends used. The training
and validation accuracy curves remained largely similar, indicating good generalization
for all the tested configurations. In Fig. 4.6 training and validation accuracy are shown
for all backends, which shows that the behavior of convergence is stable.
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Figure 4.6: Training and validation accuracy trends of the CNN-LSTM fusion model
across all pose estimation backends

4.7 Discussion

The experimental result shows that choosing the pose estimation backend greatly affects
the recognition accuracy and efficiency in skeleton-based HAR systems. The dense
landmark representation of MediaPipe Pose provides the best recognition performance,
especially for static activities. YOLOv11 Pose offers better real-time performance,
reduced latency and smaller models, which makes it more suitable for deployment on
resource-limited devices. The dual-branch CNN-LSTM fusion architecture is found to
be robust to the variations of keypoint representation, and thus to be stable across all
evaluated backends. CV COCO is an accurate baseline whose performance is balanced.
The evaluation is restricted to single person activities in controlled settings, and future
work will be focused on multi-person activities, a broad range of activity types and
edge deployment optimisation. These observations lead to an interest in the transition
to multimodal approaches, described in Chapter 5.

4.8 Summary

This chapter presented a skeleton-based HAR architecture built on multiple pose es-
timation backends and a dual-branch CNN-LSTM fusion model, covering dataset
construction, keypoint extraction, feature engineering, and temporal sequence genera-
tion. Experimental evaluation was conducted using MediaPipe Pose, YOLOv11 Pose,
OpenCV COCO, and MoveNet Thunder under a unified setup with classification and
computational performance metrics. The presented work establishes the basis for the
multimodal sensor-based HAR approach discussed in Chapter 5.
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CHAPTER 5

MULTIMODAL HIERARCHICAL TEMPORAL LEARNING FOR
CROSS-USER HAR

This chapter presents a multimodal learning approach for HAR under cross-user settings
using synchronized wearable and ambient sensor streams. The study is motivated
by the challenges of inter-subject variability, heterogeneous sensing characteristics,
and limitations of existing models in capturing long-range temporal dependencies in
multimodal HAR systems [19, 23, 65]. To address these issues, a unified framework is
developed that integrates modality-specific convolutional encoders for temporal feature
extraction, a learnable scalar attention-based mechanism for modality fusion, and
transformer-based temporal modeling to capture dependencies within sensor sequences.
The framework further incorporates a multi-task learning formulation to jointly model
locomotion-level and high-level activities from a shared representation. The evaluation
is conducted under a LOSO protocol on the Opportunity++, PAMAP2, and DSADS
datasets to assess generalization across unseen users [27, 60]. In addition, a lightweight
architectural variant based on depthwise separable convolution is designed to reduce
computational complexity while preserving the multi-task prediction structure for
resource-constrained deployment scenarios [21, 36]. The methodology and evaluation
presented in this chapter are derived from the conducted research work.

5.1 Problem Formulation and Challenges

Robust HAR under cross-user settings remains challenging due to variability in human
behavior and the heterogeneous nature of sensor modalities. These challenges are only
partially addressed by existing approaches [5, 23]. In this study, HAR is formulated
as a window-level multi-task classification problem over synchronized wearable and
ambient sensor streams while addressing key limitations observed in prior work.

5.1.1 Inter-Subject Variability

Inter-subject variability arises due to differences in how individuals perform the same
activity. Variations in motion patterns such as walking cadence, stride length, posture,
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Figure 5.1: Complementary characteristics of wearable and ambient sensor modalities
motivating multimodal fusion

and arm movement lead to significant differences in sensor signals across subjects [4,22].
Consequently, models trained on data from specific individuals tend to learn subject-
dependent patterns rather than generalized activity representations. This results in
reduced performance under cross-user evaluation settings, particularly for activities
with high variability in execution.

5.1.2 Sensor Heterogeneity

Another major challenge is the heterogeneous nature of multimodal sensor data. Wear-
able sensors capture detailed body kinematics through continuous inertial measurements
and are effective for recognizing locomotion activities characterized by periodic mo-
tion patterns [7, 16]. However, they lack contextual awareness and are insufficient for
distinguishing activities that involve similar motion patterns but different environmen-
tal interactions. Ambient sensors, on the other hand, provide contextual information
through object interaction events and environmental signals [11, 40]. These sensors
are effective for recognizing high-level activities that depend on contextual cues but
are limited in capturing fine-grained body motion. As a result, neither modality alone
is sufficient for comprehensive activity recognition. As illustrated in Fig. 5.1, the
complementary strengths of wearable and ambient sensing motivate the integration of
multimodal information within a unified learning framework.

The proposed MM-HTT framework formulates multimodal HAR as a window-



Chapter 5: Multimodal Hierarchical Temporal Learning for Cross-User HAR 49

level multi-task classification problem over synchronized wearable and ambient sensor
streams. Let X denote a multivariate sensor window of length T , where each time
step contains a synchronized feature vector composed of wearable and ambient sensor
measurements, as defined in Equation 5.1. The framework learns a mapping function
fθ (·) that jointly predicts locomotion-level and high-level activities from the input
sequence, as expressed in Equation 5.2. The final activity labels are obtained from
the maximum response of the corresponding task-specific output logits according to
Equation 5.3. To jointly optimize both recognition tasks, the framework is trained using
the weighted multi-task objective defined in Equation 5.4, where separate loss terms are
assigned to locomotion and high-level activity recognition. Each task loss is computed
using categorical cross-entropy with label smoothing, and samples corresponding to the
Null class are excluded from both training and evaluation to reduce bias caused by class
imbalance.

X = {x1,x2, . . . ,xT} (5.1)

(oloc, ohl) = fθ (X) (5.2)

ŷloc = argmaxoloc, ŷhl = argmaxohl (5.3)

L = wlocLloc +whlLhl (5.4)

5.2 Proposed Multimodal Learning Framework

The proposed MM-HTT framework integrates modality-specific convolutional en-
coding, learnable multimodal fusion, and transformer-based temporal modeling for
cross-user HAR. The architecture is designed to preserve temporal resolution while
enabling effective multimodal representation learning for cross-user activity recognition.
As illustrated in Fig. 5.2, the framework consists of modality-specific convolutional
encoders, a learnable attention-based fusion module, and a transformer encoder for
temporal modeling.
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Figure 5.2: Architecture of the proposed multimodal hierarchical temporal learning
framework
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5.2.1 Multimodal Inputs: Wearable and Ambient Sensors

The framework operates on synchronized multimodal sensor streams comprising wear-
able and ambient modalities. The wearable stream captures body motion through inertial
measurements, while the ambient stream provides contextual information through envi-
ronmental and object interaction signals. Let Xw ∈ RT×Fw and Xa ∈ RT×Fa denote the
wearable and ambient input sequences, respectively, where T represents the temporal
window length and Fw, Fa correspond to modality-specific feature dimensions. These
synchronized inputs are processed independently through modality-specific encoders
before fusion.

5.2.2 Modality-Specific Convolutional Encoders

The first stage of the proposed framework consists of modality-specific one-dimensional
convolutional encoders, where separate encoders are used for the wearable and ambient
sensor streams to extract temporal feature representations independently prior to fusion.
Each encoder comprises three sequential convolutional blocks. Each block consists
of a Conv1D layer followed by Batch Normalization, ReLU activation, and Dropout
regularization with a rate of 0.2. No temporal downsampling is applied within the
convolutional blocks, ensuring that the temporal resolution of the input sequence
is preserved. This design allows the subsequent transformer encoder to operate on
complete temporal feature sequences and model dependencies across all time steps.

For each modality m ∈ {w,a} corresponding to wearable and ambient sensor
streams, temporal feature extraction is performed using a modality-specific convolu-
tional encoder. The encoder applies stacked Conv1D–BatchNorm–ReLU transforma-
tions with intermediate dropout to learn compact temporal representations from the
input sequence, as defined in Equation 5.5. The resulting representation Hm ∈RT×D pre-
serves the temporal structure of the sensor sequence while projecting modality-specific
features into a shared embedding space of dimension D = 128. As illustrated in Fig. 5.3,
each modality is processed independently using three convolutional blocks, enabling the
extraction of hierarchical temporal features before multimodal fusion. The convolutional
layers progressively increase the number of feature channels (n → 64 → 128 → 128),
enabling the encoder to learn increasingly abstract temporal representations before
multimodal fusion.

Hm = φm(Xm) (5.5)
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Figure 5.3: Modality-specific convolutional encoders for wearable and ambient sensor
streams with temporal feature extraction
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5.2.3 Learnable Attention-Based Fusion

Following modality-specific encoding, the wearable and ambient feature representations
are integrated using a learnable scalar attention-based fusion mechanism. A train-
able parameter vector a ∈ R2 assigns relative importance to each modality, and the
corresponding modality weights are normalized using the softmax operation defined
in Equation 5.6. Unlike query-key-value attention mechanisms, this formulation per-
forms global modality-level weighting, where the learned importance values are applied
uniformly across all temporal steps.

α = softmax(a), α = [αw, αa], αw +αa = 1 (5.6)

The modality-specific feature representations are then scaled according to the
learned attention weights, as expressed in Equation 5.7.

H̃w = αwHw, H̃a = αaHa (5.7)

The weighted representations are subsequently concatenated along the feature
dimension and projected through the fusion transformation defined in Equation 5.8,
where φ f (·) consists of a linear layer followed by Layer Normalization, ReLU activation,
and Dropout.

H f = φ f
(
[H̃w; H̃a]

)
(5.8)

As illustrated in Fig. 5.4, modality-specific features are weighted using learnable
scalar attention and combined through a linear fusion block to obtain a unified repre-
sentation. The resulting fused sequence H f ∈ RT×D is forwarded to the transformer
encoder for temporal modeling. The resulting fused sequence H f ∈ RT×D is forwarded
to the transformer encoder for temporal modeling. The learnable weighting mecha-
nism enables adaptive balancing of wearable and ambient sensor contributions during
training.
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Figure 5.4: Attention-based scalar fusion of wearable and ambient features using
learnable modality weights and fusion projection
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5.2.4 Transformer Encoder for Temporal Modeling

The fused feature sequence H f ∈ RT×D is processed by a stack of L = 3 transformer
encoder layers to model long-range temporal dependencies within each sensor window.
The transformer encoder operates directly on H f without explicit positional encoding.
The convolutional encoders preceding the transformer reduce redundancy in the raw
sensor inputs and project them into a compact embedding space, which helps mitigate
the quadratic computational complexity of self-attention with respect to sequence
length [66].

Within each transformer encoder layer, multi-head self-attention is applied to
model temporal relationships within the fused feature sequence. Linear projections are
first used to generate query, key, and value representations from the fused embedding
sequence, as defined in Equation 5.9.

Q = H fWQ, K = H fWK, V = H fWV (5.9)

The attention output is then computed using scaled dot-product attention according
to Equation 5.10, with dropout applied to the attention weights during training.

Attention(Q,K,V ) = softmax
(

QK⊤
√

dk

)
V (5.10)

Each encoder layer follows a post-normalization structure with residual con-
nections. A position-wise feed-forward network further refines the learned temporal
representations, as expressed in Equation 5.11.

FFN(x) =W2 ReLU(W1x) (5.11)

After transformer encoding, adaptive average pooling is applied along the tempo-
ral dimension to obtain a fixed-length global representation, as defined in Equation 5.12.

z = AvgPool
(

H f
enc

)
, z ∈ RD (5.12)

The self-attention mechanism enables the model to capture dependencies between



Chapter 5: Multimodal Hierarchical Temporal Learning for Cross-User HAR 56

any two time steps within the input sequence irrespective of their temporal distance,
which is important for recognizing activities with complex temporal dynamics.

5.3 Hierarchical Multi-Task Learning

The shared pooled representation z ∈ RD is forwarded to two parallel task-specific
classification heads for simultaneous prediction of locomotion primitives and high-level
daily activities. Each classification head consists of a fully connected layer followed
by ReLU activation and dropout, and a final linear projection to the corresponding
class space. The task-specific output formulation is defined in Equation 5.13, where
k ∈ {loc, hl} denotes the locomotion and high-level activity prediction branches, re-
spectively. The final predictions for both tasks are obtained independently from the
corresponding task-specific outputs generated from the shared representation z.

ok =W (2)
k σ

(
W (1)

k z
)
, k ∈ {loc, hl} (5.13)

5.3.1 Locomotion-Level Activities

The locomotion-level task focuses on recognizing primitive physical activities such as
standing, walking, sitting, and lying, which are primarily characterized by body motion
patterns captured through wearable sensor signals. Learning these low-level activities
enables the framework to model fundamental motion dynamics present in the sensor
data, which further contributes to improving the shared representation used for joint
multi-task learning.

5.3.2 High-Level Daily Activities

The high-level activity task focuses on recognizing complex daily activities such as
preparing food, cleaning, and relaxing, which depend more strongly on contextual and
environmental information captured through ambient sensors. Unlike locomotion primi-
tives that are primarily motion-driven, high-level activities require the integration of
object interaction and environmental context for reliable recognition. In the MM-HTT
framework, the term "hierarchical" refers to the semantic relationship between locomo-
tion primitives and high-level daily activities rather than a directed dependency between
the two prediction heads. Both tasks are predicted independently from the shared
temporal representation z using the task-specific formulation defined in Equation 5.13.
This design enables multi-task regularization, where the shared representation is jointly
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optimized to capture both low-level motion dynamics and high-level contextual activity
patterns.

5.4 Experimental Setup

This section presents the experimental configuration used to evaluate the proposed
multimodal framework under cross-user settings. The evaluation is conducted on three
publicly available datasets using a unified preprocessing pipeline, consistent training
configuration, and a subject-independent evaluation protocol. In addition, modality-
specific experiments are conducted to analyze the contribution of wearable and ambient
sensing within the framework.

5.4.1 Datasets: Opportunity++, PAMAP2, DSADS

The MM-HTT framework is evaluated on three publicly available HAR benchmark
datasets offering diverse sensing configurations and activity scenarios. Table 5.1 sum-
marizes the characteristics of the datasets used for evaluating the MM-HTT framework.

Opportunity++ [40, 60]. The Opportunity++ dataset contains synchronized
recordings from wearable inertial sensors and ambient sensors deployed in a kitchen
environment, with annotations for both locomotion primitives and high-level daily
activities. Data were collected from four subjects performing six runs each, including
five daily living activity runs and one drill run. This dataset is the primary benchmark for
the multi-task learning and multimodal fusion evaluation, as it uniquely provides both
wearable and ambient sensor modalities alongside dual-level activity annotations. The
dataset is significantly class-imbalanced due to the dominance of the Null (non-activity)
class, which is addressed through macro-averaged metric evaluation and Null-class
exclusion from loss computation.

PAMAP2 [41]. The PAMAP2 dataset provides wearable inertial sensor recordings
from three body locations (hand, chest, ankle) for nine subjects performing 18 physical
activities including walking, running, cycling, and household tasks. It provides single-
level activity annotations and does not include ambient sensing modalities; for this
dataset, the framework is evaluated as a wearable-only multi-sensor fusion model.

DSADS [42]. The Daily and Sports Activities Dataset contains recordings from
eight subjects performing 19 activities using inertial sensors placed on five body seg-
ments. Similar to PAMAP2, it provides single-level annotations without ambient
sensing.
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Table 5.1: Summary of datasets used for MM-HTT evaluation

Dataset Subj. Acts. Modality Annotation Window

Opportunity++ 4 Loco (5) + HL (6) Wearable
+ Ambi-
ent

Dual-
level

T = 30, S = 15

PAMAP2 9 18 Wearable
(3 locs)

Single-
level

T = 30, S = 15

DSADS 8 19 Wearable
(5 locs)

Single-
level

T = 50, S = 25

Continuous multivariate sensor streams were standardized using z-score normal-
ization applied independently to each feature dimension. To prevent data leakage under
the LOSO evaluation protocol, normalization parameters were computed exclusively
from the training subjects. Wearable sensors provide dense continuous inertial signals,
whereas ambient sensors generate sparse event-driven observations. After temporal
alignment, all sensor streams were segmented into fixed-length overlapping windows.
For a sequence {x1, . . . ,xL}, each window is defined according to Equation 5.14, where
T denotes the window length and S represents the stride between consecutive windows.

Wi = {xiS+1,xiS+2, . . . ,xiS+T} (5.14)

The segmented dataset is subsequently represented as a three-dimensional tensor
X ∈ RN×T×F , as defined in Equation 5.15, where N denotes the number of windows, T

the temporal length, and F the number of sensor features.

X ∈ RN×T×F (5.15)

For multimodal datasets, modality-specific feature tensors are extracted from the
full sensor representation using the feature index set corresponding to each modality, as
expressed in Equation 5.16.

Xm = X[:, :, S̃m] (5.16)
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where S̃m denotes the feature indices associated with modality m. For the Op-
portunity++ dataset, each window is assigned dual labels (yloc,yhl) corresponding to
locomotion and high-level activities, whereas PAMAP2 and DSADS use single-label
activity annotations. Samples corresponding to the Null class are excluded from loss
computation and evaluation to reduce bias caused by class imbalance.

5.4.2 Training Configuration and Implementation Details

The proposed MM-HTT framework is trained using supervised mini-batch optimization
with batch size B = 64. Model parameters are optimized using the AdamW optimizer
with learning rate 5×10−4 and weight decay 10−4. Gradient clipping with maximum
ℓ2-norm of 1.0 is applied during backpropagation to stabilize optimization during
transformer training. A ReduceLROnPlateau learning rate scheduler is employed with
reduction factor 0.5 and patience of 5 epochs to reduce the learning rate when validation
performance saturates. The framework is trained for a maximum of 10 epochs, and
the model checkpoint corresponding to the minimum validation loss is retained for
evaluation. Dropout regularization is applied within convolutional encoders, fusion
layers, and transformer encoder blocks to reduce overfitting under subject-independent
evaluation settings.

During training, sensor windows are forwarded through modality-specific convo-
lutional encoders, the scalar attention-based fusion module, transformer-based temporal
encoder, and task-specific prediction heads. For the Opportunity++ dataset, a weighted
multi-task objective is used to jointly optimize locomotion and high-level activity recog-
nition tasks with task weights wloc = 1.0 and whl = 0.8. Each task loss is computed
using categorical cross-entropy with label smoothing (ε = 0.1), while samples corre-
sponding to the Null class are excluded from loss computation using an ignore-index
mechanism. For PAMAP2 and DSADS, which contain single-level activity annotations,
standard single-task categorical cross-entropy loss is employed. Validation performance
is monitored after each epoch using the validation subset derived exclusively from
training subjects under the LOSO protocol. The complete training procedure followed
for the MM-HTT framework is presented in Algorithm 1.
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Algorithm 1 Training procedure for the proposed MM-HTT framework
Require: Training dataset D , validation dataset V

1: Initialize model parameters θ

2: Initialize AdamW optimizer (lr=5×10−4, weight decay=10−4)
3: Initialize ReduceLROnPlateau scheduler (factor=0.5, patience=5)
4: Set best validation loss = ∞

5: Set patience counter = 0
6: for each epoch do
7: for each mini-batch (X,y) in D do
8: Compute predictions ŷ = fθ (X)

9: if multi-task labels are available then
10: Compute weighted multi-task loss (excluding Null samples using ignore-

index)
11: else
12: Compute single-task cross-entropy loss
13: end if
14: Backpropagate gradients
15: Clip gradients (max norm = 1.0)
16: Update parameters using AdamW
17: end for
18: Compute validation loss on V

19: Update scheduler using validation loss
20: if validation loss improves then
21: Save model checkpoint
22: Reset patience counter
23: else
24: Increment patience counter
25: end if
26: if patience counter ≥ 15 then
27: Stop training
28: end if
29: end for
30: return Best-performing model
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5.4.3 LOSO Evaluation Protocol

Cross-user generalization is evaluated using the LOSO cross-validation protocol. Let
the dataset be represented as D = {S1,S2, . . . ,SN}, where each Si denotes the data
corresponding to subject i, as defined in Equation 5.17. For each LOSO fold, one subject
is held out for testing while the remaining subjects are used for training according to
the partitioning strategy defined in Equation 5.18. The training portion is further
divided into 90% training and 10% validation subsets using only data from the training
subjects, ensuring that no information from the held-out test subject is used during model
development. This evaluation protocol results in four LOSO folds for Opportunity++,
eight folds for DSADS, and nine folds for PAMAP2. Performance metrics are computed
on the held-out subject for each fold and averaged across all folds to obtain the final
reported results.

D = {S1,S2, . . . ,SN} (5.17)

Dtrain = D \Si, Dtest = Si (5.18)

Due to large class imbalances in the Opportunity++ dataset, the macro F1-score
is chosen as the main evaluation metric to provide a balanced assessment of all activity
classes [83]. To avoid bias towards the non-activity samples that dominate the total
number of samples, the samples of the Null class are excluded from the aggregate metric
calculations. Evaluations for Opportunity++ are completed separately for locomotion
vs. high-level activity recognition tasks, whereas PAMAP2 and DSADS are evaluated
using a single activity recognition task. The evaluations assess how well multimodal
fusion and multi-task learning strategies work within the framework by evaluating the
respective modality configurations using the same experimental conditions to ensure a
fair comparison.

5.5 Lightweight Model for Edge Deployment

A lightweight version of the framework has been constructed for use in resource-limited
settings e.g., edge devices and wearable devices to allow deployment. The low resource
model is an alternative to the complete MM-HTT framework and supports dual task
prediction while providing a high performance computationally. Unlike the full architec-
ture, the lightweight model does not employ modality-specific encoders, attention-based
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fusion, or transformer-based temporal modeling. Instead, the lightweight model op-
erates on the concatenated sensor window X ∈ RT×F and performs temporal feature
extraction using depthwise separable one-dimensional convolutions, which decompose
standard convolutions into depthwise and pointwise operations to reduce computational
complexity [84]:

zS = gφ (X) (5.19)

where gφ (·) denotes the depthwise separable convolutional feature extractor. The
extracted features are aggregated using adaptive average pooling and forwarded to
task-specific linear classification heads, preserving the multi-task prediction structure.
The lightweight model is trained independently using the same supervised learning
procedure as the full framework and does not employ knowledge distillation. Table 5.2
presents a comparison between the full MM-HTT framework and the lightweight model
in terms of parameter count and model size.

Table 5.2: Efficiency comparison between the full MM-HTT framework and the
lightweight model

Model Parameters Model Size (MB)

MM-HTT (Full Model) 1.16M 4.48

Lightweight Model 0.009M 0.05

Reduction ≈ 122× ≈ 89×

As observed in Table 5.2, the lightweight model reduces the number of parameters
from 1.16M to 0.009M and the model size from 4.48 MB to 0.05 MB, corresponding
to approximately 122× and 89× reductions, respectively. These reductions improve
computational efficiency and make the model suitable for deployment in resource-
constrained environments. While the lightweight architecture provides significant
efficiency gains, detailed evaluation of performance trade-offs and hardware-level
metrics such as inference latency is not conducted in this study and remains an area for
future investigation.
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5.6 Results and Analysis

This section presents the experimental evaluation of the proposed framework on the
Opportunity++, PAMAP2, and DSADS datasets under the LOSO protocol. Perfor-
mance is evaluated using accuracy, macro-averaged precision, recall, macro F1-score,
and weighted F1-score, with macro F1-score used as the primary metric due to class
imbalance in the Opportunity++ dataset.

5.6.1 Overall Performance

The multimodal fusion configuration achieves the highest performance across both
locomotion and high-level activity recognition tasks. Locomotion recognition reaches
a macro F1-score of 0.9290, while high-level activity recognition achieves 0.8111,
indicating that combining motion-related wearable sensing with contextual ambient
information improves recognition performance across both activity levels. The wearable-
only configuration performs strongly for locomotion recognition due to its ability to
capture periodic body motion patterns, whereas ambient sensing contributes more ef-
fectively to high-level activity recognition through contextual information. The fusion
configuration consistently outperforms both individual modalities, demonstrating the
effectiveness of the proposed scalar attention-based fusion mechanism in integrating
complementary sensor information. Table 5.3 presents the modality ablation results
on the Opportunity++ dataset. Figure 5.5 further illustrates the class-wise prediction
behavior through confusion matrices and one-vs-rest ROC curves for the fusion configu-
ration, showing improved discrimination across both locomotion and high-level activity
classes.

Table 5.3: Sensor modality ablation results on the Opportunity++ dataset

Setting Task Acc (%) Prec (M) Rec (M) F1 (M) F1 (W)

Fusion (All) Locomotion 91.22 0.9269 0.9313 0.9290 0.9120

High-Level 81.49 0.8186 0.8049 0.8111 0.8146

Ambient Only Locomotion 74.36 0.7663 0.7660 0.7647 0.7389

High-Level 78.60 0.7818 0.7969 0.7870 0.7867

Wearable Only Locomotion 90.53 0.9235 0.9240 0.9232 0.9046

High-Level 73.73 0.7385 0.7013 0.7037 0.7206
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Figure 5.5: Confusion matrix and one-vs-rest ROC curves for the fusion configuration
on the Opportunity++ dataset

Table 5.4: Sensor ablation results on DSADS and PAMAP2 datasets

Dataset Setting Acc (%) Prec (M) Rec (M) F1 (M) F1 (W)

DSADS Arms Only 64.18 0.6405 0.6418 0.6045 0.6045

Torso Only 75.09 0.7618 0.7509 0.7425 0.7425

Legs Only 83.67 0.8988 0.8367 0.8405 0.8405

Fusion (All) 84.81 0.8987 0.8481 0.8454 0.8454

PAMAP2 Chest Only 61.98 0.5881 0.5530 0.5545 0.6335

Ankle Only 63.15 0.6524 0.6585 0.6210 0.6297

Hand Only 89.31 0.8953 0.8830 0.8825 0.8912

Fusion (All) 92.03 0.9270 0.9211 0.9183 0.9199
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Across both datasets, multimodal fusion consistently achieves the highest perfor-
mance, demonstrating the benefit of combining complementary sensor locations.

5.6.2 Cross-User Generalization

Table 5.5 presents the LOSO cross-user evaluation results across all datasets. The
framework demonstrates consistent cross-user generalization across datasets. The
performance of locomotion recognition is consistently stable because of the regularity
of motions, but the performance of high-level activity recognition is much more variable
due to its dependence on context. Figure 5.6 shows examples of the performance of
different classifiers on the DSADS and PAMAP2 datasets via confusion matrices and
ROC curves and thus further establishes that the framework works well across users.

Table 5.5: LOSO cross-user evaluation results

Dataset Task Acc (%) Prec (M) Rec (M) F1 (M) F1 (W)

Opportunity++ Locomotion 85.14 0.8585 0.8164 0.8021 0.8473

High-Level 72.61 0.7417 0.7220 0.7183 0.7236

DSADS Average 87.40 0.8629 0.8740 0.8492 0.8492

PAMAP2 Average 87.61 0.8717 0.8369 0.8261 0.8696

5.6.3 Effect of Multimodal Fusion and Temporal Modeling

Multimodal fusion consistently demonstrates better performance in recognizing activ-
ities than single-mode configurations across every tested dataset. Movement sensing
through wearables would contribute strongly towards recognizing locomotion, while
context information through ambient sensors would contribute further positively towards
higher-level activity recognition than other methods. The proposed fusion mechanism ef-
fectively combines these complementary modalities, while transformer-based temporal
modeling captures long-range dependencies within activity sequences.

5.7 Discussion

The experimental results demonstrate that multimodal fusion and transformer-based
temporal modeling improve cross-user activity recognition across diverse sensing en-
vironments. The framework maintains stable locomotion recognition under LOSO
evaluation, while high-level activities remain comparatively challenging due to con-
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Figure 5.6: Confusion matrices and ROC curves for DSADS and PAMAP2 datasets
under the fusion configuration

textual and inter-subject variability [5]. The lightweight variant further shows that
substantial reductions in parameter count and model size are achievable for resource-
constrained deployment, although with reduced representational capacity compared
to the full transformer-based architecture. Future work may investigate knowledge
distillation strategies for transferring temporal representations from the full MM-HTT
framework to lightweight models [85].

5.8 Summary

This chapter presented the MM-HTT framework for multimodal HAR using synchro-
nized wearable and ambient sensor streams under cross-user evaluation settings. The
framework integrates modality-specific convolutional encoders, scalar attention-based
multimodal fusion, transformer-based temporal modeling, and multi-task learning for
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simultaneous locomotion and high-level activity recognition. Evaluation on the Op-
portunity++, PAMAP2, and DSADS datasets under the LOSO protocol demonstrated
the effectiveness of multimodal fusion for improving recognition performance and
cross-user generalization. A lightweight architectural variant based on depthwise
separable convolution was also investigated to reduce computational complexity for
resource-constrained deployment scenarios.
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CHAPTER 6

RESULTS AND COMPARATIVE DISCUSSION

This chapter presents a comparative analysis of the three research works by examining
differences in input representation, model design, performance characteristics, and
deployment feasibility. The focus of the discussion is on identifying practical trade-offs
and on developing the understanding of the relationship between the approaches in
terms of accuracy, robustness and applicability in the real world.

6.1 Comparative Analysis Across the Three Studies

The approaches vary from each other mainly in the input representation and the ab-
straction level of the activity recognition. These three approaches are based on vision,
skeleton, and sensor, respectively, which respectively leverage image, skeleton-based,
and sensor-based representations of the structure of the human body. Table 6.1 provides
a cross comparison between these approaches with respect to input representation,
model design and characteristics.

The progression in the comparison in Table 6.1 shows how image-based input
is taken and how it is passed on to more structured representations of keypoints and
then onto multimodal sensor data. The change from images to keypoints diminishes
the dependency of background and enhances the stability of the recognition. The
integration of sensor data further improves robustness, especially when varying from
one subject to another and under changing environmental conditions. Vision-based
approaches allow light-weight models and have the advantage of providing real-time
performance, but they are susceptible to occlusion and illumination changes. These
skeleton-based approaches can be used to represent spatial data in a structured way to
improve the robustness of the approach, while simultaneously being computationally
efficient. In addition to providing better generalization and privacy, sensor-based
approaches introduce some system complexity without relying on visual input. The
observations here show that the gap between the approaches is due to different trade-
offs between accuracy, computational demands, and deployment issues rather than any
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single best approach.

Table 6.1: Comparison across the three approaches based on input representation, model
design, and performance characteristics

Dimension Pose Estimation Skeleton-based
HAR

Multimodal HAR

Input Images / video
frames

Skeleton keypoints Wearable and ambi-
ent sensors

Model CNN and Trans-
former

CNN-LSTM CNN encoder with
Transformer

Task Keypoint localiza-
tion

Activity classifica-
tion

Multi-task activity
recognition

Accuracy Up to 80.6 mAP Up to 94% Up to 92.03%

Latency 1–10 ms
(lightweight)

125 ms (CPU) Not evaluated on
hardware

Real-time capa-
bility

Supported Supported Moderate

Generalization Limited Moderate High

Modality Vision Vision (skeleton) Multimodal

Edge deploy-
ment

Supported Supported Supported
(lightweight
variant)

Privacy Low Low High

Hierarchy Not considered Not considered Locomotion and
high-level activities

Evaluation Benchmark datasets Train/validation/test
split

LOSO cross-
validation

6.2 Vision-based and Sensor-based Activity Recognition: Trade-offs

Vision-based and sensor-based approaches vary in terms of input modality and environ-
mental dependence, and deployment requirements. In contrast, vision-based methods
are based on image or video data, while being based on wearable and ambient signals,
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sensor-based methods capture motion patterns. In vision-based approaches, detailed
spatial representation of human motions is provided and activity interpretation is en-
abled by the body structure itself. Occlusion, illumination and the viewpoint of the
camera have an impact on the accuracy of the pose estimate and subsequent recognition.
Skeleton-based representations decrease the need for background information through
the use of keypoint-based features derived from pose estimation as part of their process-
ing, as they are more robust than image-based methods without needing to sacrifice
efficiency for real-time processing.

Sensor-based methods don’t rely on visual data and can’t be impacted by occlusion
or lighting changes. Motion signals are captured by wearable and ambient sensors,
and are consistent across environments, enhancing privacy since no visual information
is needed. These approaches require sensor placement and synchronization, however,
and there is no explicit spatial structure. Sensor-based approaches tested in cross-
subject environments demonstrate much greater user-independence, whereas vision-
based methods are sensitive to environmental changes because they rely on visual
information. The different approaches shown in Figure 6.1 are a compromise between
spatial representation, robustness to the environment, and deployment requirements.

Figure 6.1: Comparison between vision-based and sensor-based HAR approaches
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6.3 Accuracy, Latency, and Deployment Feasibility

The comparison of the three approaches suggests a compromise between recognition
scores, computational complexity, and implementation potential. The CNN-based
pose estimation models are lightweight and are suitable for real-time and edge-based
applications as they offer low inference latency, while transformer-based models result
in higher recognition performance with higher computational and memory consumption.
The performance of the recognition and the relative computational complexity of
representative pose estimation, skeleton-based HAR and multimodal HAR are shown
in Figure 6.2. Comparisons of pose estimation models reveal the transition from
lightweight models like OpenPose and MoveNet for CNN to heavier models like
ViTPose for transformer. It enhances the representational power and the more accurate
the result, the more expensive it is to compute and the more complex the model. For low
latency inference and deployment on resource-limited platforms, lightweight models
continue to be the preferred option.

Figure 6.2: Comparison of recognition performance and model complexity across the
analyzed approaches

Skeleton-based activity recognition provides a balance between recognition per-
formance and computational efficiency by utilizing compact keypoint representations
derived from pose estimation. Among the evaluated backends, MediaPipe achieved
the highest recognition accuracy, whereas YOLOv11 Pose achieved lower latency and
smaller model size, supporting real-time deployment. Multimodal sensor-based ap-
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proaches improve robustness through the integration of wearable and ambient sensor
information. The MM-HTT framework demonstrated consistent performance across
multiple datasets under the LOSO evaluation protocol. The lightweight MM-HTT
variant further reduced parameter count and model size, supporting deployment in
resource-constrained environments. However, hardware-level latency evaluation was
not included. Deployment suitability depends on application requirements and opera-
tional constraints. Vision-based approaches are appropriate when spatial interpretation
and camera-based monitoring are required. Skeleton-based methods reduce background
dependency while maintaining real-time feasibility. Sensor-based approaches are more
suitable for privacy-sensitive environments and scenarios requiring improved cross-
user robustness. Table 6.2 summarizes the deployment characteristics of the three
approaches.

Table 6.2: Deployment characteristics across the analyzed approaches

Requirement Pose Estimation Skeleton-based
HAR

Multimodal HAR

Camera require-
ment

Required Required Not required

Privacy sensitivity Limited Limited High

Real-time capabil-
ity

Supported Supported Moderate

Cross-user general-
ization

Limited Moderate High

Complex activity
recognition

Limited Moderate Supported

Edge deployment Supported Supported Supported
(lightweight
variant)

Hierarchical activ-
ity modeling

Not considered Not considered Supported

Deployment com-
plexity

Low Moderate Moderate to high
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6.4 Pipeline from Pose Estimation to Sensor-based Activity Recognition

The three approaches represent different stages in the progression of HAR systems.
Pose estimation models operate on image or video data to extract body keypoints, which
are then used for skeleton-based activity recognition. Sensor-based approaches further
extend activity recognition by incorporating wearable and ambient sensor information.
The progression shown in Figure 6.3 reflects the transition from visual body localization
to activity recognition using structured skeletal representations and multimodal sensor
information.

Figure 6.3: Progression from HPE to multimodal HAR

Pose estimation provides spatial representations of the human body through joint
localization. These keypoints form the basis for skeleton-based activity recognition,
where temporal motion patterns are learned using sequential DL models. The skeleton-
based approach reduces background dependency while preserving motion information
required for activity classification. Sensor-based activity recognition extends this pro-
cess by incorporating motion and contextual information from wearable and ambient
sensors. Unlike vision-based methods, sensor-based approaches operate independently
of visual conditions and improve robustness across different environments and users.
The multimodal framework further combines information from multiple sensing modal-
ities to support recognition of both locomotion and high-level activities.

6.5 Limitations

The limitations identified across the three studies are related to dataset diversity, de-
ployment evaluation, and generalization across different environments and subjects.
These limitations define scope of reported findings and indicate directions for further
investigation.
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Dataset diversity and evaluation scope. The activity recognition study using the
skeleton was tested on a small number of activities, while in a controlled environment.
The evaluation was conducted without support from multiple users, large differences
in perspectives or occlusion-rich situations, which could impact performance in more
complex real-world scenarios. The multimodal sensor-based framework was tested on
publicly available data sets like Opportunity++, PAMAP2 and DSADS using LOSO
validation, but these data sets have been acquired in specific experimental conditions
and have a relatively small number of subjects. Similarly, the pose estimation analysis
focused on benchmark datasets commonly used for model comparison, which may not
fully represent unconstrained deployment environments.

Hardware-level deployment analysis. Although lightweight architectures and model
compression strategies were explored, hardware-level deployment evaluation was not
performed. The multimodal framework reported reductions in parameter count and
model size for the lightweight variant, but inference latency, memory consumption, and
power efficiency on embedded hardware platforms were not experimentally analyzed.
In the skeleton-based study, latency measurements were obtained on desktop hardware
and do not directly represent performance on low-power edge devices.

Cross-dataset generalization. No cross-dataset transfer experiments were performed
and the evaluations were done independently within each dataset. So the strength of
these learned representations in various sensing environments, activity distributions and
acquisition protocols are yet to be verified. More evaluation on diverse data sets would
give greater confidence in the ability to generalize.

Sensitivity to upstream representations and sensor configuration. Skeleton-based
activity recognition relies on the accuracy of the pose estimation and keypoint detection.
Joint localization might be inaccurate and influence the recognition of activity perfor-
mance in later temporal modeling. Other sensor-based methods are also affected by the
location, timing, and window segmentation of the sensors, all of which were set for
experimentation.

Lightweight model characterization. The lightweight MM-HTT variant successfully
reduced the model size and the number of parameters of the model with the same dual-
task prediction structure. In contrast, there was no detailed quantitative comparison
between the lightweight and full models on all datasets that was extensively analyzed.
For real-world edge deployments, hardware-specific deployment analysis and efficiency
benchmarking are still required. Table 6.3 summarizes the major limitations identified
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across the three studies.

Table 6.3: Summary of limitations across the three studies

Limitation HPE Skeleton HAR MM-HTT

Limited dataset diversity ✓ ✓ Partial

No hardware-level deployment evaluation ✓ Partial ✓

No cross-dataset evaluation ✓ ✓ ✓

Sensitivity to pose estimation quality N/A ✓ N/A

Sensitivity to sensor placement/configuration N/A N/A ✓

Lightweight model not extensively evaluated N/A N/A ✓

✓= limitation present; Partial = partially addressed; N/A = not applicable

These limitations define the scope of the reported findings and indicate directions
for further investigation discussed in Chapter 7.

6.6 Summary

This chapter presented a comparative discussion of the analyzed approaches by examin-
ing differences in input representation, model design, computational characteristics, and
deployment feasibility. The discussion highlighted the trade-offs between vision-based,
skeleton-based, and sensor-based activity recognition approaches in terms of robustness,
privacy, real-time capability, and generalization. The progression from pose estimation
to multimodal activity recognition was also discussed to establish the relationship be-
tween the three studies. In addition, the limitations associated with dataset diversity,
deployment evaluation, and cross-dataset generalization were identified to define the
scope of the reported findings.
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CHAPTER 7

CONCLUSION, FUTURE WORK, AND SOCIAL IMPACT

This chapter presents the concluding remarks of the research work together with impor-
tant future research directions and the broader social impact associated with DL-based
HPE and HAR systems.

7.1 Conclusion

This research work investigated DL-based HPE and HAR using skeleton representa-
tions, spatial-temporal learning, and multimodal activity understanding. The evolution
of pose estimation methods from lightweight real-time systems to transformer-based
systems and discussed their practical applications in real-world activity recognition
scenarios. The results showed that the lightweight CNN-based models, like Medi-
aPipe and MoveNet, feature low computational complexity, small memory footprint,
and enable efficient low-latency inference, making them ideal for edge-oriented and
real-time applications, while the transformer-based models, capture global information
about the image and model features based on attention, resulting in greater contextual
understanding and robustness under challenging scenarios, such as occlusion, variation
in viewing angle, and multi-person interactions. The skeleton-based activity recognition
framework also showed that structured skeletal representations could effectively main-
tain the information of motion, and the motion information is not heavily reliant on the
background appearance and environmental noise. The comparisons to MediaPipe Pose,
MoveNet Thunder, OpenCV COCO and YOLOv11 Pose revealed key considerations
such as trade-offs between recognition accuracy, inference latency, and deployment
efficiency, with MediaPipe Pose showing superior classification accuracy and YOLOv11
Pose exhibiting lower latency for real-time deployment. The multimodal temporal learn-
ing framework added complementary motion and appearance information to boost the
activity recognition performance with high robustness against variations of the subjects
and environments. The transformer-based temporal modelling significantly enhanced
the representation of long-range sequences and understanding of activity in the context
of the sequence, especially in the cross-user evaluation scenario. The results show that
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there is a need for a trade-off among all the factors affecting the recognition accuracy,
temporal continuity, computational efficiency, scalability and deployment feasibility
in various application environment in order to achieve an effective and powerful HAR
system.

7.2 Future Work

The proposed approaches achieved good results in several evaluation scenarios, but a
few directions are still open for further studies. With the goal of enhancing general-
ization capabilities in more realistic environments, future efforts could involve scaling
up evaluation to larger and more varied datasets with crowded scenes, multiple-person
interactions, complex transitional activities, extreme occlusion, viewpoint changes, and
lighting changes. Further research on graph-based spatial-temporal learning, adap-
tive attention mechanisms, lightweight transformer architectures, and self-supervised
learning could further enhance the robustness of temporal representation learning and
recognition. Additionally, optimization methods like pruning, quantization, knowledge
distillation, and hardware-aware Neural Architecture Design can be studied in the future
to minimize the computational complexity without compromising recognition metrics,
making it suitable for embedded systems, wearable devices, and edge-based intelligent
environments. Further improvements in robustness can be achieved by combining the
additional sensing modalities such as inertial, depth camera, thermal imaging, and
physiological sensors, and more context-aware activity understanding systems could be
developed.

7.3 Social Impact and Ethical Considerations

The presented approaches can be used in the fields of healthcare, rehabilitation, assisted
living, intelligent surveillance, fitness analysis, and HCI systems. In this context,
the social aspects and ethical concerns associated with intelligent activity recognition
technologies, which are outlined below.

7.3.1 Healthcare and Rehabilitation

Real-time activity recognition systems can be used in posture assessment, fall detection,
remote monitoring of physiotherapy, support in rehabilitation and continuous patient
activity analysis. This can help make healthcare facilities more accessible and help
people to continue to monitor without needing to be closely supervised at all times.
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7.3.2 Elderly Care and Assistive Systems

Automated recognition of abnormal movement patterns and daily activities can enhance
safety and help to support independent living through continuous activity monitoring.
In smart home and assisted living settings, intelligent assistive systems can be used to
further assist elderly people.

7.3.3 Fitness and HCI

Skeleton-based activity analysis can be used to assist in exercise monitoring, gesture
interaction, movement feedback and immersive virtual interaction environments. These
systems can be utilized for individualized fitness analysis and also for natural HCI
applications.

7.3.4 Intelligent Surveillance and Workplace Safety

Under real-time operating conditions, activity recognition systems can help with
anomaly detection, behavioral monitoring and safety analysis. These could be used to
help intelligent surveillance and monitoring of workplaces in safety-critical applications.

7.3.5 Privacy and Ethical Concerns

Also, there is a concern with privacy, equity, responsible monitoring and ethical ap-
proaches to vision based monitoring, and sensor based systems. There can be differences
in the recognitions of different subject groups and between different operating con-
ditions as a result of bias in the data and environmental imbalance. The following
are crucial challenges that need to be addressed in the future application of intelligent
activity recognition systems: security of handling behavioral data, informed consent
of the users, transparency in controlling the monitoring process and the fair evaluation.
Assessment under diverse scenarios and populations will still be needed for safe and
responsible adoption of DL based HAR technologies.
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