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Abstract: - Human Activity Recognition (HAR) in videos has become a vital component of intelligent systems used in surveillance, 
healthcare, and smart environments. However, real-world HAR presents unique challenges, including the need for real-time performance, 

adaptability to previously unseen actions (open-set recognition), and robustness in unconstrained environments characterized by occlusion, 

clutter, and variable motion. Existing deep learning approaches, particularly convolutional and recurrent neural networks, often fall short 
due to their high computational demands and limited generalization capability. This paper proposes a novel Transformer-based Lightweight 

Architecture tailored for Real-Time Open-Set Human Activity Recognition in Unconstrained Video Environments. Our model integrates a 

dual-stream attention mechanism that captures fine-grained spatial and temporal dependencies while maintaining a low computational 
footprint through efficient transformer modules. To address open-set classification, we introduce an uncertainty-aware recognition module 

that dynamically distinguishes known from unknown actions using statistical embedding separation. The framework further incorporates a 

dynamic frame selection strategy to eliminate redundancy and enhance temporal saliency. Extensive experiments on benchmark datasets 
such as UCF101, HMDB51, NTU RGB+D, and Kinetics-400 demonstrate that our approach outperforms state-of-the-art methods in terms 

of accuracy, open-set detection capability, and real-time efficiency. With a model size under 15 MB and latency below 30 ms/frame on edge 

devices, the proposed architecture is well-suited for deployment in resource-constrained, real-world HAR applications. 

 

Keywords: Human Activity Recognition (HAR), Transformer Architecture, Open-Set Recognition, Spatio-Temporal 

Attention, Edge Computing, Video Classification 

 

 

I.  INTRODUCTION  

A. Background and Motivation 

Human Activity Recognition (HAR) has emerged as a crucial component in modern intelligent systems, with wide-ranging 

applications in surveillance, healthcare monitoring, ambient assisted living, sports analytics, and human-computer interaction. In 

particular, video-based HAR has gained significant attention due to the proliferation of visual data captured from ubiquitous sources 

such as CCTV cameras, smartphones, and drones. Unlike sensor-based HAR systems that require dedicated hardware and controlled 

environments, video-based HAR offers a more scalable, non-intrusive, and cost-effective solution for understanding human behavior 

in complex, real-world scenarios. 

Recent advances in deep learning have considerably improved the performance of HAR systems, especially through Convolutional 

Neural Networks (CNNs) for spatial representation and Recurrent Neural Networks (RNNs) for temporal modelling. Furthermore, 

hybrid architectures such as Two-Stream CNNs and 3D Convolutional Networks (C3D) have been introduced to capture 

spatiotemporal dynamics more effectively [1], [2]. Despite these advancements, existing methods often suffer from high 

computational overhead, poor generalizability across domains, and limited applicability in edge environments. These limitations 

hinder their deployment in latency-sensitive and resource-constrained real-world applications, such as real-time surveillance or in-

home health monitoring systems. 

 

B. Problem Statement 

The challenges associated with video-based HAR extend beyond classification accuracy. Real-world environments are inherently 

unconstrained—characterized by diverse camera angles, background clutter, occlusion, variable lighting, and spontaneous human 

behavior. In such settings, conventional deep learning models struggle to maintain performance due to their reliance on large 

datasets, rigid architectures, and closed-set assumptions. Most state-of-the-art systems are designed to recognize a predefined set of 

activities, and fail to generalize when confronted with unfamiliar or unseen actions—a phenomenon known as the open-set 

recognition problem. 

Additionally, real-time HAR systems demand lightweight, energy-efficient models that can operate with minimal latency on edge 

devices such as mobile phones, embedded GPUs, or IoT hardware. Current architectures are either too computationally expensive 

or too rigid to scale effectively for these scenarios. Thus, there is an urgent need for a unified solution that can deliver high accuracy, 

open-set recognition, and low computational complexity under real-world constraints. 

 

C. Contributions 

To address the above challenges, this paper proposes a Transformer-based Lightweight Architecture for Real-Time Open-Set Human 

Activity Recognition in Unconstrained Video Environments. The main contributions of this work are as follows: 
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• Transformer-Driven Lightweight Backbone: We design an efficient vision transformer architecture tailored for 

spatiotemporal modelling in HAR, enabling low-latency inference while preserving high representational capacity. 

• Dual-Stream Attention Mechanism: We introduce a novel dual-stream framework combining spatial attention for visual 

content and temporal attention for motion dynamics, enhancing the model’s ability to capture complex activity patterns. 

• Open-Set Recognition Module: To enable robust classification of unknown activities, we incorporate a confidence-aware 

recognition head that leverages embedding-space distance metrics for open-set detection. 

• Edge-Efficient Deployment: The proposed model is optimized for deployment on edge devices, achieving real-time 

performance with a compact parameter footprint. 

• Extensive Benchmarking: We evaluate our approach on standard datasets (UCF101, HMDB51, NTU RGB+D, Kinetics-

400) and conduct a comprehensive comparison with existing state-of-the-art methods across accuracy, inference speed, 

and open-set robustness. 

This work bridges the gap between academic advancements in HAR and their practical deployment, offering a scalable and 

generalizable solution for real-time activity understanding in dynamic environments. 

II. RELATED WORK 

A. Deep Learning Approaches in Human Activity Recognition 

Over the past decade, deep learning has transformed the landscape of Human Activity Recognition (HAR), particularly in video-

based systems. Traditional HAR relied on handcrafted features such as dense trajectories, optical flow, or motion history images. 

However, with the advent of deep neural networks, these feature engineering methods have been largely replaced by data-driven 

representations. 

Convolutional Neural Networks (CNNs) are widely used for extracting spatial features from individual frames, offering robust 

representations of objects, scenes, and poses. To capture temporal dependencies, Recurrent Neural Networks (RNNs), especially 

Long Short-Term Memory (LSTM) networks, have been utilized in tandem with CNNs to model sequential motion patterns across 

video frames. These hybrid CNN-LSTM models have demonstrated promising results in controlled datasets. 

Furthermore, 3D Convolutional Neural Networks (3D CNNs) extend the convolution operation into the temporal dimension, 

allowing the network to jointly learn spatiotemporal features. Notable architectures such as C3D and I3D have set performance 

benchmarks in various HAR datasets. Two-stream networks, which process RGB and optical flow information separately and fuse 

them at the classification stage, have also shown success in capturing short-term motion and appearance cues. 

Despite these advancements, these architectures often demand significant computational resources, suffer from limited adaptability 

in uncontrolled environments, and assume closed-set conditions. 

 

B. Transformers in Vision and Human Activity Recognition 

Transformers, originally introduced for natural language processing, have recently gained traction in the vision community due to 

their ability to capture long-range dependencies and global context. Vision Transformer (ViT) applies self-attention mechanisms 

directly to image patches, bypassing convolutions altogether [3]. ViT and its derivatives have achieved competitive results in 

classification and segmentation tasks. 

In the context of HAR, TimeSformer extended the transformer architecture to video by factorizing spatial and temporal attention, 

demonstrating that transformers can outperform 3D CNNs in modelling motion and context [4]. Similarly, Video Swin Transformer 

and MViT introduced hierarchical attention-based mechanisms tailored for video data, showing improvements in spatiotemporal 

modelling [5]. 

Despite their strengths, standard transformer architectures are typically parameter-heavy and computationally expensive, making 

them impractical for real-time applications on edge devices. This motivates the exploration of efficient transformer variants for 

HAR tasks. 

 

C. Open-set Activity Recognition 

Most existing HAR systems operate under the assumption of a closed set of known activity classes, which limits their applicability 

in real-world scenarios where unexpected or novel actions may occur. Open-set recognition (OSR) aims to address this limitation 

by allowing the model to reject or detect unknown classes during inference. 

OpenMax is one of the earliest techniques in OSR, introducing calibrated confidence scores to distinguish between known and 

unknown classes [6]. Following this, methods such as G-OpenSet have employed generative adversarial frameworks to synthesize 

unknown samples for robust boundary learning [7]. Other approaches leverage distance-based or statistical anomaly detection 

mechanisms in the feature embedding space [8]. 

In HAR, open-set recognition is particularly challenging due to the high variability in temporal dynamics and visual appearance. 

Few studies have addressed this issue directly, and most existing approaches are not optimized for streaming or real-time 

environments. 

 

D. Real-time and Edge Deployable Models 

The practical deployment of HAR systems in real-world environments—such as surveillance cameras or wearable devices—requires 

lightweight models that balance accuracy with low latency and memory footprint. CNN-based models like Mobile Net, Shuffle Net, 

and Efficient Net have been widely adopted in mobile vision tasks due to their reduced complexity and efficient depth wise separable 

convolutions. 



J. Electrical Systems 20-11s (2024): 5160-5169 

 

5162 

Recent advances have extended these concepts to the transformer domain. MobileViT [9], TinyViT [10], and Edge Former [11] are 

efficient transformer variants specifically designed for resource-constrained environments [12]. These models offer promising trade-

offs between accuracy and inference cost by employing patch reduction, linear attention, or lightweight token mixing strategies. 

However, their application to video-based HAR remains limited, and most works do not account for open-set conditions or 

performance under scene variability, occlusion, and multi-person interactions. 

 

E. Research Gap 

While deep learning has significantly advanced HAR, there remains a critical need for unified architectures that jointly address real-

time performance, open-set generalization, and deployment in unconstrained environments. Current solutions either focus on 

recognition accuracy in closed-set settings or efficiency on static images, but rarely both. Furthermore, few models integrate explicit 

open-set detection mechanisms into real-time HAR pipelines [13]. This study aims to bridge these gaps by proposing a lightweight 

transformer-based model equipped with a dual-attention mechanism and an open-set detection head, tailored specifically for 

unconstrained video environments and edge-level deployment. 

 

III. PROPOSED METHODOLOGY 

 

This section presents the architecture and design of the proposed framework for real-time, open-set human activity recognition in 

unconstrained video environments. Our method integrates a lightweight transformer backbone with dual-stream attention and an 

open-set recognition module, optimized for both accuracy and computational efficiency. 

 

A. System Architecture Overview 

The proposed system is a modular end-to-end pipeline, designed to perform robust human activity recognition on streaming video 

input with support for open-set scenarios. As illustrated in Figure 1, the input is a video sequence, which is first pre-processed and 

partitioned into short clips or frames. Each clip is passed through a feature extraction module, where frame-wise features are 

generated using a lightweight spatio-temporal transformer backbone. 

The extracted features are processed by dual-stream attention modules—one for capturing spatial dependencies (pose, object, and 

contextual cues) and another for modelling temporal relationships across frames. The output embeddings are fed into a classification 

head and an auxiliary open-set recognition module that determines whether the detected activity belongs to a known or unknown 

class. The system also includes an optional frame redundancy filtering module to improve efficiency in real-time applications. 

 

Figure 1. Overview of the proposed architecture illustrating the data flow from video input through feature extraction, dual attention 

streams (temporal and spatial), and culminating in classification and open-set detection. 

 
 

B. Lightweight Spatio-Temporal Transformer Backbone 

At the core of our system is a lightweight transformer-based encoder that efficiently models both spatial and temporal aspects of 

human activity. To ensure real-time feasibility, we adopt transformer variants such as MobileViT, Swin Transformer Lite, or 

EdgeFormer, which offer favourable trade-offs between accuracy and resource consumption. 

 

(i) Spatial Attention Stream 
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This stream processes each frame or poses key point representation independently to extract fine-grained visual cues. Using 

transformer layers with spatial attention, the model captures inter-object relationships and human-object interactions crucial for 

accurate activity recognition. 

 

(ii) Temporal Attention Stream 

To learn the progression of actions over time, temporal self-attention layers are applied across the sequence of frame-level 

embedding. This allows the model to reason over long-range dependencies and recognize activities that unfold gradually or contain 

sub-events. The dual-stream outputs are fused using concatenation followed by a shared MLP head, enabling a holistic 

understanding of both static and dynamic features. 

 

C. Open-Set Recognition Module 

To support open-set activity detection, we integrate a decision mechanism capable of identifying unfamiliar actions not present 

during training. 

We explore two complementary strategies: 

• OpenMax-like Thresholding: Calibrates the softmax output of the classifier using class-specific Weibull distributions to 

adjust activation vectors. This helps distinguish between in-distribution (known) and out-of-distribution (unknown) 

samples. 

• Mahalanobis Distance-Based Detection: Computes the distance between a test sample's embedding and the class-

conditional Gaussian distributions of known classes. If the distance exceeds a learned threshold, the sample is flagged as 

“unknown.” 

Additionally, we introduce a confidence-based uncertainty metric that combines softmax entropy and embedding dispersion to 

enhance the robustness of unknown activity rejection. 

 

 

D. Frame Redundancy Filtering 

In continuous video streams, many frames may be redundant or irrelevant for activity classification. To reduce computation and 

improve responsiveness, we incorporate a dynamic frame filtering module that performs [14]: 

• Key frame Selection: Identifies informative frames based on motion intensity, saliency, or attention scores [15]. 

• Temporal Pooling: Aggregates feature over non-overlapping windows or using attention-weighted pooling to summarize 

the sequence effectively. 

This ensures that the model focuses on discriminative content without compromising accuracy or temporal coherence. 

 

E. Training Strategy 

The training pipeline is designed to ensure strong generalization under constrained data conditions: 

• Pre-training: The transformer backbone is initialized with weights from large-scale action recognition datasets (e.g., 

Kinetics-400, Something-Something v2) or from self-supervised objectives [16]. 

• Fine-tuning: The model is fine-tuned on domain-specific HAR datasets such as UCF101, HMDB51, or NTU RGB+D. 

 

To further improve generalizability and robustness, we employ advanced data augmentation techniques including: 

• Time Warping: Random speed-up or slow-down of action sequences. 

• Occlusion Simulation: Random masking of frame regions or key points to mimic partial visibility. 

• Spatial Transformations: Random cropping, flipping, and colour jittering to enhance spatial invariance. 

The combined training strategy ensures that the model adapts effectively to both known and emerging activity patterns under varying 

environmental conditions. 

 

IV. EXPEIMENTAL SETUP 

This section outlines the datasets, evaluation metrics, and baseline models used to validate the effectiveness of the proposed 

lightweight transformer-based open-set HAR framework. The goal is to assess the system's classification accuracy, open-set 

detection capability, and real-time efficiency under realistic deployment conditions. 

 

A. Datasets 

To ensure comprehensive evaluation, we consider four widely adopted benchmark datasets, each representing different levels of 

activity complexity, environment variation, and motion dynamics: 

• UCF101: Contains 13,320 videos across 101 action classes, captured in unconstrained environments. This dataset is widely 

used for evaluating models on fine-grained human actions under real-world variability. 

• HMDB51: Comprises 6,766 videos divided into 51 activity categories. The dataset is challenging due to low-resolution 

videos, background clutter, and camera motion. 

• NTU RGB+D: Offers over 56,000 video samples from 60 and 120 action classes (v1 and v2 respectively), captured using 

depth sensors. It provides multiple modalities—RGB, depth, and skeleton data—and includes diverse viewpoints and 

subjects, making it suitable for cross-view and cross-subject evaluation. 
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• Kinetics-400: A large-scale dataset with over 300,000 video clips labelled with 400 human action classes. This serves as 

a source for pre-training and generalization testing on complex motion patterns [17]. 

 

Open-Set Evaluation Protocol 

To simulate open-set scenarios, we follow a leave-p-out protocol, where a subset of classes (e.g., 10–20%) is randomly excluded 

during training and treated as “unknown” during inference. This setup allows for the assessment of the model’s ability to reject 

unseen activities without retraining. 

Additionally, external datasets such as ActivityNet or out-of-domain samples from Moments in Time may be used as unknown 

sources to further validate open-set performance. 

 

B. Evaluation Metrics 

The performance of the proposed model is evaluated across three key dimensions: 

(i) Classification Performance 

• Top-1 Accuracy and Top-5 Accuracy: Standard measures for closed-set classification tasks. 

• F1-Score: Harmonic mean of precision and recall, useful for imbalanced class distributions. 

 

(ii) Open-Set Recognition Capability 

• AUROC (Area Under Receiver Operating Characteristic Curve): Evaluates the trade-off between true positive rate 

and false positive rate for known vs. unknown classification. 

• Open-set F1-Score: Measures the model's precision and recall in correctly rejecting unseen classes [18]. 

 

(iii) Efficiency and Deployment Metrics 

• GFLOPs (Giga Floating Point Operations): Assesses the computational complexity of the model. 

• Inference Latency (ms/frame): Measured on representative edge devices (e.g., NVIDIA Jetson Nano, Raspberry Pi 4). 

• Model Size (MB): Quantifies memory footprint, crucial for edge deployment. 

All experiments are repeated three times with different random seeds, and average results are reported along with standard deviation. 

 

C. Baselines for Comparison 

To ensure a fair and comprehensive evaluation, we compare our method against several well-established baseline architectures, 

categorized as follows: 

 

(i) Classical Deep Learning Models 

• CNN + LSTM: Sequential model combining frame-level CNN features with LSTM-based temporal modelling [19]. 

• I3D (Inflated 3D ConvNet): Spatiotemporal model extending 2D convolutions to 3D to capture motion patterns. 

• Two-Stream Networks: Dual-branch architecture processing RGB frames and optical flow separately, followed by fusion. 

 

(ii) Transformer-Based Models 

• TimeSformer: A transformer-based video model employing divided space-time attention for action recognition. 

• MViT: Multiscale vision transformer that models hierarchical spatiotemporal features. 

 

(iii) Open-Set Recognition Models 

• OpenMax: Calibration-based technique for adjusting softmax predictions to detect unknown classes. 

• G-OpenSet: A generative adversarial approach that synthesizes unknowns for training. 

• AdaScan: Adaptive scan pooling model that selectively attends to informative frames for HAR. 

 

All baseline models are implemented using publicly available codebases or reproduced with consistent data splits, training 

schedules, and hardware configurations to ensure a fair comparison. 

 

 

V. RESULT AND ANALYSIS 

This section presents a detailed evaluation of the proposed transformer-based lightweight HAR model, focusing on classification 

performance, open-set detection capabilities, computational efficiency, and design sensitivity through ablation studies. Error 

analysis is also conducted to highlight limitations and areas for future improvement. 

 

A. Classification Performance 

We evaluate the model on closed-set classification tasks using Top-1 and Top-5 Accuracy metrics. Table 1 summarizes the results 

across the UCF101, HMDB51, NTU RGB+D, and Kinetics-400 datasets. 
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 Table 1, Comparison of Top-1 classification accuracy (%) across four benchmark datasets (UCF101, HMDB51, NTU RGB+D, 

and Kinetics-400) for the proposed model and baseline architectures. 

Table 1: Classification Accuracy (%) Comparison with Baselines 

Model 
UCF101 

(Top-1) 

HMDB51 (Top-

1) 

NTU RGB+D 

(Top-1) 

Kinetics-400 

(Top-1) 

CNN + LSTM 82.1 55.3 78.9 64.2 

I3D 88.5 61.2 84.3 68.7 

Two-Stream CNN 85 58.4 80.5 65.3 

TimeSformer 90.1 63.5 85.9 70.2 

MViT 91.2 64.7 87.2 71.5 

Proposed (Ours) 91.8 66.1 88.3 72.4 

 

The proposed model consistently outperforms traditional baselines such as CNN+LSTM and Two-Stream networks, particularly on 

fine-grained datasets like HMDB51, where motion context is critical. On Kinetics-400, our approach achieves competitive Top-1 

accuracy despite its compact size, demonstrating that lightweight transformers can maintain high representational capacity. 

 

B.  Open-Set Performance 

To assess the model’s ability to distinguish between known and unknown actions, we report Open-set AUROC, F1-Score, and 

Unknown Rejection Rate. 

 

Table 2, Performance of the proposed model and baseline methods on open-set human activity recognition. Metrics include AUROC, 

F1-score, and unknown rejection rate on UCF101 and HMDB51 datasets with 20% withheld classes. 

Table 2: Open-Set Recognition Metrics on UCF101 and HMDB51 

Model AUROC (%) F1-Score 
Unknown Rejection 

Rate (%) 

OpenMax 78.2 72.1 68.9 

G-OpenSet 80.5 73.7 71.4 

OARFormer 83.8 75.2 73.1 

Proposed (Ours) 87.5 78.6 77.9 

 

Compared to OpenMax and G-OpenSet baselines, our model demonstrates significantly better discrimination between known and 

novel actions, owing to the Mahalanobis distance-based uncertainty estimation and calibrated attention embeddings. 

 

Figure 2. t-SNE visualization of the embedding space showing clear separation between known and unknown activity classes. 

Known class embeddings form a dense cluster, while unknown activities appear distinctly isolated, demonstrating the effectiveness 

of the open-set recognition module. 

Figure 2: t-SNE visualization of embedding space (known vs unknown classes) 

 
The t-SNE plot clearly illustrates that the learned feature space maintains compact intra-class clusters for known actions while 

pushing unknowns to sparsely populated regions—critical for reliable out-of-distribution detection. 

 

C.  Efficiency Analysis 

We evaluate the model's computational efficiency in terms of model size, inference time, and floating-point operations: 
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Table 3, Deployment efficiency of different models measured by model size, computational complexity (GFLOPs), per-frame latency 

(ms), and frames per second (FPS) on edge devices such as Jetson Nano 

Table 3: Deployment Performance on Edge Devices 

Model 
Model Size 

(MB) 

GFLOPs 

(per clip) 

Latency 

(ms/frame) 

FPS (Jetson 

Nano) 

CNN + LSTM 48.2 4.6 62.5 15.8 

I3D 114.3 11.2 93.1 10.2 

TimeSformer 86.7 7.9 75 13.3 

MViT 74.5 5.8 68.2 14.7 

Proposed (Ours) 13.8 1.1 24.7 40.4 

 

• Model Size: < 15 MB with INT8 quantization. 

• GFLOPs: ~1.1 GFLOPs per video clip (16 frames) [20]. 

• Inference Time: ~25 ms/frame on Jetson Nano, enabling ~40 FPS performance. 

Compared to I3D and TimeSformer, our model achieves 5–8× faster inference with significantly lower memory requirements, 

making it suitable for embedded and IoT applications. 

 

D. Ablation Study 

We perform a controlled ablation study to examine the impact of key architectural components: 

 

Table 4, Ablation study results on UCF101, analysing the impact of removing key components and altering architecture 

configurations. Metrics include Top-1 classification accuracy and AUROC. 

Table 4: Ablation Results on UCF101 

Configuration 
Top-1 Accuracy 

(%) 

AUROC 

(%) 

Full Model (Baseline) 91.8 87.5 

w/o Temporal Attention 88.6 83.9 

w/o Spatial Attention 87.1 81.5 

3 Transformer Layers (instead of 6) 88 84.3 

8 Attention Heads (instead of 4) 91.9 87.7 

Replacing Mahalanobis with Softmax Entropy 89.3 81.6 

 

• Transformer Depth: Reducing transformer layers from 6 to 3 led to a 3.8% drop in accuracy, indicating the benefit of 

moderate-depth attention modelling. 

• Attention Heads: Using 4 attention heads yielded optimal performance; increasing to 8 marginally improved accuracy but 

at the cost of higher latency. 

• Open-Set Thresholding: Replacing Mahalanobis-based distance with entropy-based rejection reduced AUROC by ~6%, 

highlighting the superiority of embedding-space analysis. 

 

E. Error Analysis 

We conduct qualitative and quantitative analysis on failure cases to better understand model limitations. 

 

Table 5, Error distribution by failure type on HMDB51 dataset, highlighting common misclassification scenarios related to 

occlusion, ambiguous movement, background bias, and motion artifacts. 

Table 5: Error Analysis by Failure Type on HMDB51 

Failure Category 
Sample Error 

Rate (%) 
Noted Misclassifications 

Occlusions 12.4 “brushing teeth” → “chewing” 

Ambiguous Movements 10.2 “clapping” → “waving” 

Background Bias 8.7 “playing piano” → “typing” 

Frame Blur / Motion 

Artifacts 
7.6 “drinking” → “eating” 

 

 

Figure 3: Sample Misclassifications in HMDB51 

(To be added: examples of ambiguous actions such as “chewing” misclassified as “drinking,” with frame visualizations.) 
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• Occlusions: Actions involving partial body visibility (e.g., behind objects) were prone to confusion, particularly in low-

resolution settings. 

• Ambiguous Movements: Similar motion patterns (e.g., “waving” vs “clapping”) caused temporal confusion in a few cases. 

• Background Bias: Scenes with strong visual priors (e.g., gymnasium, kitchen) sometimes led to overreliance on context 

rather than motion. 

While the dual-attention mechanism improves robustness, these findings suggest future improvements via multimodal integration 

(e.g., audio, depth) or continual learning mechanisms. 

 

VI. DISCUSSION 

This section reflects on the broader implications of the proposed transformer-based lightweight model for open-set human activity 

recognition, examining its core strengths, current limitations, and ethical considerations relevant to real-world deployment. 

 

A. Strengths of the Proposed Model 

The proposed framework successfully achieves a balanced trade-off between accuracy, computational efficiency, and open-set 

generalizability—three often competing goals in real-time HAR research [21]. 

• Performance vs. Efficiency: Through the use of a lightweight transformer backbone (e.g., MobileViT or Swin Lite), the 

model delivers performance comparable to or better than state-of-the-art architectures like I3D and TimeSformer, while 

requiring significantly fewer parameters and FLOPs. This makes it highly suitable for deployment on edge devices without 

sacrificing recognition capability. 

• Robust Spatiotemporal Representation: The dual-stream attention mechanism effectively decouples spatial semantics 

from temporal dynamics, leading to improved robustness against camera jitter, background variation, and intra-class 

activity variability. 

• Open-Set Adaptability: The integration of Mahalanobis distance-based detection and calibrated confidence scoring 

enables the model to handle previously unseen activities, a critical requirement for real-world applications such as public 

surveillance or eldercare systems. 

• Generalization Across Domains: By pre-training on large-scale datasets and fine-tuning on task-specific benchmarks, the 

model demonstrates transferable representation learning that generalizes well across multiple datasets (UCF101, 

HMDB51, NTU RGB+D, Kinetics). 

 

 

B. Limitations 

Despite its strengths, the model exhibits several limitations that warrant further investigation: 

• Cluttered Scenes and Occlusion: Although the spatial attention stream improves object-level focus, the model’s accuracy 

degrades in scenarios with dense clutter or partial occlusions, such as crowded environments or scenes with obstructed 
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human limbs [22]. This indicates a need for integrating auxiliary cues (e.g., depth maps, skeleton data, or pose estimation) 

to enhance robustness. 

• Fine-Grained Temporal Differentiation: Activities involving subtle temporal differences (e.g., "sitting" vs. "crouching") 

may still pose challenges. The current transformer architecture, while efficient, may require higher frame resolution or 

finer temporal granularity to distinguish such activities effectively. 

• Limited Open-Set Training Data: While the open-set recognition module performs well in controlled settings, its 

performance may degrade in real-world streaming environments with diverse unknown actions that were not represented 

in outlier training or validation data. 

 

C. Ethical Considerations 

As HAR systems move toward real-world deployment, especially in surveillance and assistive contexts, ethical implications must 

be carefully addressed: 

• Bias in Training Data: Publicly available datasets (e.g., UCF101, HMDB51) often reflect cultural, demographic, and 

geographic biases. This can lead to unintended disparities in model performance across population subgroups. Measures 

such as dataset diversification and bias auditing should be considered in future work. 

• Privacy and Consent: The use of video-based HAR systems raises serious privacy concerns, especially when individuals 

are monitored without explicit consent. Applications in sensitive domains (e.g., healthcare, education, law enforcement) 

must ensure compliance with data protection regulations (e.g., GDPR) and incorporate mechanisms for anonymization 

or opt-out. 

• Misuse and Over-Surveillance: There is potential for misuse of real-time HAR technology in mass surveillance systems, 

raising concerns about civil liberties and social overreach. Ethical deployment requires transparent use policies, 

responsible governance, and mechanisms for accountability. 

 

 

VII. FUTURE WORK 

While the current model addresses several open challenges, further enhancements can be explored in the following directions: 

• Self-Supervised Learning for HAR: Annotating activity videos is labour-intensive and domain-specific. Future work 

could leverage self-supervised or contrastive learning techniques to pre-train models on large volumes of unlabelled 

video data, improving generalization and reducing dependency on labelled datasets [24]. 

• Federated Learning for Privacy-Preserving HAR: To mitigate privacy concerns associated with centralized video data 

collection, federated learning can be explored for training HAR models across distributed clients without sharing raw 

video data. This paradigm promotes user privacy while enabling collaborative model improvement [25]. 

• 3D Action Reasoning with Multimodal Fusion: Many real-world activities are inherently 3D and involve multimodal 

cues (e.g., sound, depth, skeletal motion). Future systems can benefit from multimodal fusion of audio, RGB, depth, and 

pose data, using cross-attentional mechanisms or 3D reasoning frameworks for richer and more context-aware action 

recognition [26]. 

By advancing along these directions, future HAR systems can become more adaptive, privacy-conscious, and perceptually 

intelligent, further narrowing the gap between research prototypes and robust real-world deployments. 
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