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• 1D-to-2D Transformation: 

Converts raw physiological signals 

into structured 2D feature maps 

to encode temporal dynamics 

and cross-channel correlations.

• Spatial Deep Learning: Treats 

emotion recognition as image 

classification, using CNNs to 

extract complex spatial patterns.

• Spatio-Temporal Fusion: 

Combines CNNs with LSTMs to 

capture the long-term, dynamic 

evolution of emotional states.

• Unsupervised User Clustering: Groups individuals with similar physiological 

responses to create semi-personalized baseline models without labeled data.

• Cold-Start Adaptation: Assigns new users to the optimal cluster using only their 

immediate, unlabeled data input, effectively bypassing the cold-start problem.

• Lightweight Edge Fine-Tuning: Rapidly personalizes the assigned model directly 

on resource-constrained edge devices using minimal labeled samples.

• Lightweight Graph Modeling: Replaces heavy 2D maps with efficient GCN 

encoders, drastically reducing computational and preprocessing overhead.

• Self-Supervised Cloud Pre-training: Leverages unlabeled cloud data to pre-train 

encoders, eliminating the need for costly manual annotation.

• Transfer-Efficient Edge Adaptation: Downloads only a matched frozen encoder 

and trains a tiny local classifier, ensuring rapid personalization and data privacy.

• FOUNDATIONAL AFFECTIVE MODELING: 

By integrating spatial and temporal dynamics 

with generated 2D feature map, the hybrid 

CNN-LSTM architecture achieves a peak 

accuracy of 85.03%.

• EDGE-ADAPTIVE FRAMEWORKS: 

The adaptive framework enables rapid on-

device personalization, with CLEAR delivering 

breakthrough performance across accuracy, 

latency, and energy consumption.

• S-SUPERVISED TRANSFER-EFFICIENT DEPLOYMENT: 

CHEER slashes model size, peak RAM, and 

overall energy consumption by >50% 

compared to SOTA baselines.

While deploying AI at the edge enables low-latency physiological monitoring, its practical implementation is 

severely bottlenecked by critical challenges:

• Label Dependency: Conventional cloud training relies heavily on massive, expensive annotated datasets 

that are hard to acquire.

• Accuracy Degradation: Stripped-down edge models and the lack of personalized user data (cold-start 

problem) often lead to severely degraded recognition accuracy in real-world deployments.

• Resource Overhead: Transferring redundant, full-scale models to resource-constrained edge devices 

incurs prohibitive communication and energy costs.

• Privacy Risks: Continuous edge-to-cloud data exchange exposes highly sensitive user physiological data, 

creating unacceptable privacy vulnerabilities.

To overcome these bottlenecks, this thesis 

establishes a resource-efficient and privacy-

preserving edge AI paradigm through objectives:

• Self-Supervised Representation: Eliminates 

manual labeling by learning from massive 

unlabeled data.

• Robust Edge Adaptation: Solves cold-start and 

accuracy drops via rapid local personalization.

• Transfer-Efficient Deployment: Slashes bandwidth 

and energy by routing tiny, user-specific models.

• Privacy-Preserving Local Learning: Guarantees 

zero leakage by keeping all sensitive data strictly 

on-device.
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