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Abstract. Human Activity Recognition (HAR) employs machine learning to identify 

human activities and behaviors. Improvements in deep learning and kinetic models 

enable HAR systems to identify temporal and spatial features from images and videos 

to identify activities such as running, sitting, and eating. The applications of HAR are 

diverse, spanning healthcare, security, and labor monitoring, ultimately maximizing 

both safety and effectiveness across various industries. By utilizing datasets such as 

UCF-101, Kinetics, and Hollywood2, coupled with semi-supervised learning 

methods, HAR research applying CNNs and OpenCV achieves high precision and we 

got dependable recognition of human behaviors. Through constantly learning, refining 

their processes, and enhancing their reliability for real-world applications, these 

models will provide active real-time responses to alert authorities in cases of unusual 

and suspicious activities that might cause security breaches when accessed quickly. 

The rise of HAR opened up chances, such as fusing multi-modal input from wearable 

sensors and audio signals into the remainder of the input to improve recognition 

accuracy. With the continued advancements in technology, we might expect HAR 

systems to gain further sophistication and adaptability to become more familiar with 

and adaptable to new environments. Such innovations will foster intelligent, secure, 

and fully automated monitoring systems that guarantee greater safety and efficiency 

across various fields the experimental results demonstrate that our project improves 

HAR by achieving 84.6% in certain sectors. 

Keywords: Human Activity Recognition, CNN, OpenCV, Video Surveillance, 

Kinetics Dataset, Alert system. 

1 Introduction 

In years gone by, much advancement was made in the domain of active recognition 

with many modern models using the latest scientific and technological innovations. 

Such models now are largely dependent on advanced techniques, such as machine 

learning and artificial intelligence, for improved accuracy and efficiency. The surge 

in deep learning and OpenCV has opened a plethora of research scenarios with 

massive datasets adding to it. Advances in recognizing the human activity are 

becoming a powerful tool and mechanism for the development of this very efficient 

and flexible solution that can recognize various human activities. 

Human activity recognition models are enabling real-time monitoring in a variety of 

areas like healthcare, security, and smart environments. Real-time processing typically 

involves the use of camera modules that record raw video data. This raw video data 

undergoes frame generation, feature extraction, and pattern identification using 

heterogeneous and advanced algorithms. By applying Deep Learning techniques like 

CNNs, accuracy in activity classification has increased significantly.
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2 Literature Review 

Table 1. A summary of methodologies used in previous works 

Author(s) & 

Years 

Study Focus Techniques & 

Algorithm 

Key Points 

Gupta, 

Sharma, and 

Verma (2023) 
 

Human Activity 

Recognition (HAR) 

using deep learning 

techniques  
 

CNNs, RNNs  
 

Explores various 

deep learning 

architectures for 

HAR, including 

CNNs and RNNs, 

discussing 

effectiveness and 

challenges. 

Janaki 

Ramaiah, 

Kalyani, and 

Jayalakshmi 

(2021) 
 

Automatic alert 

generation for smart 

city surveillance 
 

Deep Learning 

Algorithms   
 

 

Focused on real-

time anomaly 

detection for 

enhanced 

security; article 

later retracted.  

Dalabehera, 

Bebortta, 

Singh, and 

Senapati 

(2024) 
 

Real-time criticality 

evaluation system  
 

Vision-Based Human-

Centric Analysis  
 

Integrates 

emotion 

recognition, 

activity detection, 

and object 

interaction for 

critical situation 

assessment. 
 

Sudharson et 

al. (2023)  
 

Proactive surveillance 

system for headcount 

estimation and 

suspicious activity 

detection  
 

YOLOv8  
 

Enhances real-

time monitoring 

by identifying 

anomalies in 

crowded 

environments. 
 

Rajamurugan 

et al. (2024) 

 

Detecting shoplifting 

in retail environments 

 

Computer Vision, 

Deep Learning 

 

Uses computer 

vision and deep 

learning for real-

time suspicious 

behavior detection 

in retail. 

 

Arshad, Bilal, 

and Gani 

(2022) 

 

Detailed review of 

human activity 

recognition (HAR) 

 

Various HAR Methods 

 

Presents a 

taxonomy of 

HAR methods, 

discussing sensor-

based and vision-

based approaches, 

limitations, and 

future directions. 
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3 Proposed System 

The Real-time video-based Human Activity Recognition (HAR) aims at correctly 

classifying human actions from video sequences for the purposes of surveillance, 

healthcare, and smart environments. Among other hurdles, occlusions, background 

clutter, motion blur, and real-time processing constraints make accurate recognition 

complex. Traditional methods have difficulties working with spatiotemporal feature 

extraction and computational efficiency. This study focuses on developing a robust 

CNN-based HAR model that guarantees high accuracy and low latency in real-life 

circumstances, enabling efficient use in real-time applications 

3.1 System Architecture 

A. General System 

Here's how you realize the system. This is how it works: it consists of two main 

components. 

1.Machine setup: 

 The camera of the laptop-general designation for the device that captures real-time 

activity in the process. The device will incorporate a video capture frame rate of 30 

fps and above. For analysis purposes, each recorded video will be segmented in 

constraints of 30 frames per second. The laptop-based machine learning processing 

part allows for a full-fledged real-time analysis without relying on some out-of-device 

computing system dependent on other resources. 

2.Remote server: 

 A remote server component that allows the processing of data from the laptop's 

camera frame for unusual acts a good community serve. Upon detecting anomalies, a 

cloud-based alert system promptly notifies the user or the proper authorities. The alerts 

are communicated to Android applications via SMS using the GSM modem. Due to 

the limited data storage capacity on mobile devices, the cloud type is incorporated into 

the system in order to provide easy access despite users being able to retrieve it from 

any corner of the globe. 

The Android application is viewed as the primary access point for real- time as well 

as previously stored data in the cloud. The app utilizes several alert mechanisms like 

push notifications, vibrations, and flash signals, drawing attention immediately to any 

activity detected. The application can further notify security personnel or law 

enforcement authorities within the vicinity besides notifying users. The system also 

provides the specific location of the detected activity to the concerned authorities for 

quick response. To give extra protection, there is an emergency button available in the 

application that sets off an alarm in the area surrounding the surveillance device or the 

camera when activated. 
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Fig. 1. Overview of HAR 

In the proposed system, human activity recognition will can be achieved with a 

Convolutional Neural Network (CNN). The Kinetics dataset is largest available 

collection of different video contents. clips, each from a different subject performing a 

distinct behavior. This is the way the model has been trained, as well as tested. The 

strategy should be a clearly defined pipeline that starts with data preprocessing such as 

frame extraction, resizing, and normalization, then model training and testing. The 

model finallytrained is then deployed for real-time activity recognition. 

 1.Data Acquisition and Preprocessing 

Kinetics dataset is one of the benchmark databases for the human activity recognition 

in videos. Depending on the version, Kinetics contains a large repository of URL-

linked clips grouped into 400, 600, or 700 activity classes. Each video, lasting an 

average of 10 seconds, captures human-human and human-object interactions such as 

handshake, hug, and musical action. As for Kinetics-400, the training, test and 

validation sets will be split initially in the 80:10:10 ratio. A set of frames is extracted 

and resized to 64×64 pixels, and normalized during preprocessing. The next steps will 

be using the training data for the development and training of the CNN and the LRCN 

models, which will then be evaluated against the respective test set. A final 

comparison of both models will be made on their respective accuracies in order to find 

the better approach. 

1. CNN Model Architecture  

The CNN model consists of convolutional layers, batch normalization, max-pooling 

layers, and fully connected layers to optimally perform feature learning. The 

convolutional layers will extract spatial and temporal features from input frames, 

enabling the model to understand complex motion patterns. Finally, the SoftMax layer 

is used for activity classification, allowing each detected activity to be assigned 

to predefined classes according to the Kinetics dataset. 

3: Training and Evaluation 

For training and testing, the model is trained on the Kinetics dataset, done with an 

80:20 split ratio for training and validation. Categorical Cross Entropy is utilized as 

the loss function for estimating failed predictions, with the Adam optimization 

algorithm to facilitate the convergence process and provide improved learning. 

Another recorded performance metric, i.e., accuracy, precision, recall, and F1-score, 

contributes to the complete consideration of the performance level attainable by the 

model for stable and robust activity categorization. 



 

 

 

4: User-Interface Application 

The application interface was integrated for sensing realtime human activities via the 

use of Kinetics datasets,offering plenty of assurance in monitoring and analytics. It 

notifies alerts of certain activities immediately to expedite security surveillance, 

eldercare, and workplace monitoring technologies. It allows for cloud storage, 

enabling efficient review and analysis of events that occurred in the past. 

 

 

Fig. 2. System Architecture 

This paper evaluates an easier but effective application of human activities recognition. It 

describes a real-time methodology that integrates convolutional neural network-conducted 

deep learning with real-time processing and cloud-provided alert in its work to improve 

security monitoring. The Kinetics data trained model meets the conditions of high accuracy, 

precision, and recall for reliable activity classification. High speed operation of the realtime 

video at 30 fps with block frame extraction of 16 makes the system usable for public safety, 

smart home, and workplace surveillance activities. The interface considered for the 

integration is designed not only for real-time recognition but also to promote interoperability 

with smart devices powered with IoT technology in the field of home automation, healthcare, 

or catering to industrial safety systems. Users may change the alert settings, threshold for 

specific detected activities, in accordance with their monitoring needs. Edge computing and 

GPU acceleration significantly reduce processing latency, enabling quick and accurate 

classification of activities in resource-constrained environments.  

 

 

With the integration of advanced AI methods, cloud storage capabilities, and real-time 
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notifications, the application increases user efficiency and becomes a invaluable tool 

for activity tracking, security, and automated decision-making. 

3.2 Features of Proposed System 

1. Spatiotemporal feature extraction: For effective H.A.R., a system will have to 

capture both spatial features (appearance) and temporal features (motion) from the 

video frame, requiring both convolutional neural networks, 3D- CNNs, or hybrids 

such as CNN-LSTM for efficiency in feature extraction. 

2. Real-time processing: Human activity recognition systems offer a low-latency 

process of video frame additional data that requires quick responses in applications 

such as those related to surveillance or healthcare. 

3. Robustness to Variations: The human activity recognition system should be capable 

of tackling a complex array of issues like occlusion, viewpoint change, lighting 

variations, and motion blur to adequately comply with accurate recognition in several 

environments. 

4. Scalability and Adaptability: Scalability is another vital feature that may reflect on 

the performance of real-time HAR over multiple domains which adapt to new 

activities and datasets with minimum retraining. Transfer learning and self-supervised 

learning methods can enable more adaptable networks. 

4 METHODOLOGY 
Human activity detection is a vital component in numerous applications, including 

security surveillance, healthcare, and sports analytics. The ability to detect actions in 

real-time can significantly enhance the effectiveness of these systems. The YOLOv 

framework is renowned for its efficiency in real-time object detection, making it an 

ideal choice for building such a system. The Kinetics-400 dataset, a large-scale 

collection of video clips covering a wide range of human activities, provides an 

excellent foundation for training robust models for action detection. This paper 

outlines the process of building a real-time action detection system, starting from data 

collection and preprocessing to model deployment and continuous improvement. We 

also discuss the challenges and solutions encountered during the development of the 

system. 

4.1 Collection and Storage of Kinetics-400 

The Kinetics-400 dataset can be downloaded  from its official site. Given the size of 

Kinetics-400 dataset, sufficient storage and handling of the data is important. The 

dataset can be stored locally on file system or designated storage server, or via a cloud 

storage solution, e.g., AWS S3, Google Cloud Storage, or Azure Blob Storage, for 

scalable and reliable storage. Having a proper directory structure and organization will 

help in accessing and retrieving the data later in the preparation of the data and during 

model training. Whatever storage solution is chosen to store the Kinetics-400 dataset, 

efficient solutions will aid in handling the large amounts of data while providing a 

seamless experience in the development. 



 

 

 

 

training. 

temporal dynamics of actions. 

 

 

 

 

 

 

 

 

 Activity Track: Live Human Activity Detection &amp; Alert System             449
 

 

Fig. 3. Kinetics-400 dataset 

4.2 Data Preprocessing and Feature Engineering 

 Preprocessing StepsPreparing the data for model training involves a very important 

step in which the data is preprocessed. The typical steps of preprocessing the Kinetics-

400 dataset are as follows: 

 1. 

to 

in 

Resizing Videos: Standardize the resolution of the videos in order for the dataset 

also have a standard resolution. Standardizing the resolution of the images is helpful 

order to create a consistent video dataset and lessen computational costs in model 

2. 

fra

im

Frame Extraction: Obtain the frames of the clip at a standard frame rate to extract 

mes representing the video as a sequence of images. Frame extraction is an 

portant concept within video analysis because it allows a model to encode the 

3. 

0 t

le

Normalization: Normalize frames pixel values to a standardized range, for instance, 

o 1 for model training. Normalizing helps speed up training convergence during the 

arning process. 

4. 

au

to 

Data Augmentation: Technique such as rotation, flipping, and cropping may 

gment the dataset in order to support model generalization. Data augmentation helps 

create a model that can generalize better to unseen variations of the input. 

 Feature EngineeringFeature engineering is the process of extracting relevant features 

from the preprocessed data so that the best models can be obtained. These features are 

important to enhance action detection performance given that both spatial and 

temporal features are important for action detection. Spatial features extract the 

appearance of objects and scenes present in the frames. In contrast, temporal features 

extract motion and movement over time. Some of the common techniques to extract 

features include: 

1. Optical Flow: By computing motion vectors between consecutive frames, we can 

extract temporal dynamics through optical flow and identify motion patters that are 

similar in the video 
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.2. 3D Convolutions: By applying 3D convolutional layers, we can extract 

spatiotemporal features from frames of sequences. We can effectively capture 

spatiotemporal features through 3D convolutions. 

3. Pose Estimation: By estimating human poses within frames, we can extract key 

points relating to skeletal structures that can be used as features for action recognition. 

Pose estimation adds complementary information to identify the spatial configuration 

of human bodies. 

4.3 Machine-learning and Prediction 

Frameworks for deep learning such as TensorFlow, PyTorch, or Keras can be used to 

develop and train action detection models. The modeling process typically involves 

the following steps:  

1. Model Architecture: Choose a model architecture that is appropriate for action 

detection. There are many common architectures such as Inflated 3D ConvNet (I3D), 

3D Convolution Neural Networks (3D-CNN) and Two-Stream Networks. The 

selection of the model architecture will largely depend on the the requirements and 

constraints of the action detection model. 

2.Pre-Trained 

the application

the pre-trained

pre-trained on 

performance. 

to an action d

accuracy.  

Models: Use pre-trained models on datasets that are much larger than 

 that is interested in using. This allows for transferring the learning from 

 model to the action detection model. For example, fine-tuning models 

the Kinetics-400 dataset to the application will benefit action detection 

The primary benefits of using transfer learning and pre-trained models 

etection model are the reduced training time and the improvement in 

3. Training Process: The model would be trained using the preprocessed and 

augmented dataset. Model parameters will be updated using backpropagation, and the 

model performance will be validated on a separate validation set. The training process 

would involve multiple iterations that require tuning for model performance. 

4.4 Visualization, Deployment, and Model Improvement 

Visualization is essential for understanding model performance and interpreting 

predictions. Visualization tools such as Matplotlib, Seaborn, and Tensor Board can be 

used to visualize training metrics, validation accuracy, and prediction results. 

Visualizing the detected actions in real-time video streams can provide insights into 

the model's performance and areas for improvement. Effective visualization helps in 

debugging and fine-tuning the model. Implement a real-time visualization system to 

display detected actions on video frames. This can be achieved using libraries such as 

OpenCV, which allows for drawing bounding boxes, labels, and key points on frames 

to visualize detected actions. Real-time visualization enhances the user experience and 

aids in monitoring the system's performance. 

Deploy the trained model to a production environment for real-time action detection. 

This involves setting up a pipeline for video input, real-time inference, and output 

visualization. Cloud platforms such as AWS, Google Cloud, and Azure provide 

services for deploying machine learning models and scaling them to handle large 

volumes of data. Proper deployment ensures that the system can operate efficiently 

and reliably in a production environment. 
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5 Result 

This paper evaluates an easier but effective application of human activities 

recognition. It describes a real-time methodology that integrates convolutional neural 

network-conducted deep learning with real-time processing and cloud-provided alert 

in its work to improve security monitoring. The Kinetics data trained model meets the 

conditions of high accuracy, precision, and recall for 

reliable activity classification. High speed operation of the Realtime video at 30 fps 

with block frame extraction of 16 makes the system usable for public safety, smart 

home, and workplace surveillance activities. The interface considered for the 

integration is designed not only for real-time recognition but also to promote 

interoperability with smart devices powered with IoT technology in the field of home 

automation, healthcare, or catering to industrial safety systems. Users may change the 

alert settings, threshold for specific detected activities, in accordance with their 

monitoring needs. Edge computing and GPU acceleration significantly reduce 

processing latency, enabling quick and accurate classification of activities in 

resource-constrained environments. With the integration of advanced AI methods, 

cloud storage capabilities, and real-time notifications, the application increases user 

efficiency and becomes an invaluable tool for activity tracking, security, and 

automated decision-making. 

An implementation of the human activity recognition scheme, based on real time, uses 

Kinetics dataset for training; it is observed that the tool well recognizes the activities 

and classifies them using a CNN model. The classification is further made fast and 

easily applicable with real-time low latency as the video frames are processed at 16 

frames per batch. The model, using a mixed dataset, strengthens the recognition 

performance, outperforming normal methods, with precision and recall pulled high. 

The challenges with varying brightness and complex backgrounds notwithstanding, 

the answer of marrying deep learning and real-time processing provides a solution that 

is durable and scalable for further use, possibly investigation like surveillance, 

healthcare. 
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Fig. 4. Suspicious activity Detection with email alert 

 

 Fig 5: Action detection of HAR 

6 Conclusion and Future Scope 

This research studies the performance of CNN and LRCN modelsbin feature 

extraction from each RGB video frame. This unique approach is distinctly different 

from the two stream CNN architecture. Instead of only relying on a standard 

convolutional neural network, this was conducted with an embedded LSTMbased 

model within the spatial stream for better temporal feature representation. 
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 . The CNN model was used to enhance the performance and accuracy of the model by 

introducing layers of Conv2D, dropout regularization, and fine-tuning the 

hyperparameters. The experimental results indicate that the proposed model 

framework achieves 84.68% and 89.71%vaccuracy using the CNN and LRCN 

models, respectively, on thevKinetics-400 data set. This Human Activity Recognition 

system could have a real impact in the future in smart monitoring systems to take care 

of the elderly and children in the IoT systems. Further work will include a possible 

dataset custom-created based on activities of daily living recorded by cameras for 

enhancing model adaptability. With the ever-advancing scope of Deep Learning, this 

area of research will flourish in the days to come, with 

reinforcement learning serving as a fertile ground for activity recognition and 

classification improvement. 

FUTURE SCOPE: 

Future works will be directed towards the dataset quality and inclusion of more real-

world video recordings to support the adaptability and generalization of the model. 

Uses of transformer-based architectures as well as hybrid deep learning models would 

further improve spatial and temporal feature extraction. In addition, the fusion of 

different modalities- information, such as the use of depth and infrared sensors-will 

help enhance recognition accuracy in varying environmental conditions such as 

indoors, outdoors, day, or night. Other investigations will explore the reinforcement 

learning techniques for optimal decisions making in ways that would make activity 

recognition much more robust in dynamic scenarios. Self-supervised learning or semi- 

supervised methods would lessen the burden of extensive labelling, thereby leading to 

an increased scalability of the system. Real-time processing optimizations, including 

model quantization and edge computing, will increase efficiency when deploying on 

resource-constrained equipment. Bringing the system into real- world IoT 

applications, like automated surveillance, healthcare, and sports analytics will 

help validate such practices, ensuring that they would properly perform in the field 

and have adaptable nature, depending on the environment. (XAI) techniques will help 

to better understand decision-making activities, enhance trust and transparency in real 

world deployment 
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