Advancing Healthcare and Elderly Activity Recognition: Active Machine and Deep Learning for FineGrained Heterogeneity Activity Recognition

                                                      ABSTRACT
· This research explores the potential of technologies in human activity recognition among the elderly population. More precisely, using sensor data and implementing Active Learning (AL), Machine Learning (ML), and Deep learning (DL) techniques for elderly activity recognition.
·  Moreover, the study leverages the HAR70+ dataset, providing insight into the daily activities of older individuals and AL-based ML and DL techniques to construct predictive models for these activities.
·  The findings have implications for proactive and personalized elderly care, representing an approach to improving prediction performance in this domain. The research experiments are presented systematically, summarizing the outcomes of various machine-learning models across three iterative experiments. 
· This research explored a diverse array of ML algorithms, including Random Forest (RF), Extreme Gradient Boosting (XGBoost), Logistic Regression (LR), K-Nearest Neighbors (KNN), Stochastic Gradient Descent (SGB) and DL methods such as Deep Neural Networks (DNN) and Long Short-Term Memory networks (LSTM) for experimentation. 
· This research trained models on 7 activities: walking, shuffling, climbing stairs (up and down), standing, sitting, and lying down, and 4 activities separately: standing, sitting, walking, and lying down, using the same classifiers.
·  Results reveal that LSTM achieved the best accuracy of 0.95% for 7 activities and 0.96% using RF on 4 actives, showing the potential of DL and ML techniques, particularly when integrated with AL, to enhance activity recognition rate, patient care, optimize medication strategies and improve the well-being of elderly individuals. 
· Hence, the findings presented in this study have showcased the potential to enhance the quality of life for seniors using the blend of ML, DL and AL.






CHAPTER-1
INTRODUCTION
· Wearable activity recognition has become increasingly more popular as a way of classifying motion data. At its core, it involves analyzing readings from motion sensors such as accelerometers and gyroscopes in order to accurately identify human behaviour through the use of machine or deep learning methods [7]. 
· The utilization of wearable activity recognition has great potential in the advancement of healthcare and elderly care. 
· As the well-being of senior citizens has become an increasingly important area in healthcare due to shifts towards an aging population, utilizing wearable activity recognition technology to monitor the daily activities of seniors is an area of ongoing exploration due to its potential in detecting sudden movements such as falls, allowing for increased independence for the elderly, and prompting early intervention [2]. 
· Moreover, physical abilities and health differ amongst elderly subjects, making personalized monitoring and support over their daily activities a crucial aspect. However, relying solely on human surveillance over elderly subjects can be time consuming and inefficient.
·  Wearable activity recognition offers the prospect of automating continuous monitoring and classification of the daily activities elderly subjects perform [6]. In addition to healthcare applications, this technology can also be used for sports in support of athletes [8] as well as human-computer interactions [9].
· Currently, there have been significant focuses on the use of deep learning and neural networks as models for wearable activity recognition. 




CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· These systems typically combine various sensors, machine learning algorithms, and deep learning models to monitor elderly individuals' activities, identify potential health risks, and improve the overall quality of care.
· One such system is activity recognition frameworks based on wearable devices like smartwatches, accelerometers, and gyroscopes, which are commonly used in healthcare settings. 
· These devices continuously collect motion data, which is then processed to recognize a range of activities such as walking, sitting, standing, and even more complex tasks like climbing stairs or bending down. 
· Deep learning models, particularly Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks, and Convolutional Neural Networks (CNNs), have been employed to analyze these sensor data streams. 



2.1.1 DRAWBACKS OF EXISTING SYSTEM ARE 
· Sensitive Data: Healthcare and elderly activity recognition often involves sensitive data, including physical activity, health conditions, and sometimes personal information. Ensuring data privacy and securing this information is a major concern, especially with the use of cloud computing and third-party services.
· Resource Intensity: Deep learning models, particularly those used for fine-grained recognition tasks, require significant computational resources for training and inference.
·  System Integration: Deploying complex deep learning models in real-world healthcare environments is difficult due to the need for integration with existing systems, healthcare devices, and sensors. This integration can lead to compatibility issues and high operational costs.
· Imbalanced Data: Elderly activity datasets often suffer from class imbalances, where certain activities may be underrepresented. This leads to model bias and reduced accuracy for less common activities.


2.2. PROPOSED SYSTEM

· The steps of our Proposed approach are described in this part, including dataset Information, features and the machine learning algorithm using Active Learning approaches.
· bilities are used to measure this uncertainty, allowing the model to pinpoint situations where it is least confident in its predictions. The active learning procedure ensures that the model focuses on the trickiest cases by repeatedly identifying these uncertain samples, boosting overall accuracy.
· The uncertain sample expands the training set and is added to the labeled dataset. On this revised dataset, the model is retrained, improving its comprehension of the intricacy of the data.
· The chosen sample is eliminated from the test set to prevent repetition in subsequent iterations. After training, the model’s predictions are contrasted with the actual labels of the remaining test samples. 

2.2.1. ADVANTAGES OF PROPOSED SYSTEM

· Fine-Grained Recognition: Deep learning models are highly effective at recognizing and distinguishing between subtle variations in activities. For elderly care, this means the system can accurately detect a wide range of activities, from simple movements like walking to more complex actions like sitting down or picking up objects.
· Dynamic Learning: As elderly individuals may undergo changes in physical abilities or health conditions over time, active learning can enable systems to update and refine their models based on new data, ensuring that recognition remains accurate and up-to-date.
· Automatic Activity Logging: With accurate activity recognition, there is no need for manual logging or tracking of elderly individuals’ movements. This reduces the burden on caregivers and healthcare providers, allowing them to focus on more critical tasks.
· Medication Adherence: Activity recognition systems can be integrated with reminders for medication adherence, helping elderly individuals stay on track with their prescribed health regimens, which can improve overall health outcomes.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.




2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   


2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005










2.5 MODULE DESCRIPTION
· Data Collection Module
· Feature Extraction Module
· Activity Recognition and Classification Module
· Context Awareness and Personalization Module


Data Collection Module
· Sensors and Wearables: This module includes various sensor devices used to collect raw data, such as:
· Wearable Sensors: Accelerometers, gyroscopes, and magnetometers (e.g., smartwatches, fitness trackers) that detect physical movements and orientation.
· Environmental Sensors: Cameras, motion sensors, pressure sensors, and RFID tags that track activities within the home or healthcare facility.
· Data Preprocessing: Raw sensor data is typically noisy and requires preprocessing, including:
· Noise Filtering: Techniques like smoothing, outlier removal, and signal filtering.
· Normalization: Standardizing data values to ensure consistency across different devices or sensor types.


Feature Extraction Module

· Time-Series Analysis: Extracts features from time-series sensor data, such as:
· Acceleration Patterns: Changes in speed or direction, such as walking or sitting.
· Posture Recognition: Identifying sitting, standing, or lying down using sensor data.
· Gait Analysis: Detailed movement patterns, such as stride length, step frequency, and walking speed.
· Contextual Features: Environmental conditions or interactions with objects (e.g., sitting on a chair, opening a door).
· Fusion of Multimodal Data: Integrates data from multiple sources (wearables, cameras, etc.) to create a unified feature set. This could include sensor fusion algorithms to combine data from accelerometers, cameras, and smart home devices for more accurate activity recognition.


Activity Recognition and Classification Module

· Machine Learning Algorithms: At the core of activity recognition, various machine learning algorithms can be employed:
· Traditional Machine Learning Models: Decision trees, support vector machines (SVM), k-nearest neighbors (k-NN), and random forests may be used for initial classification tasks.
· Deep Learning Models: Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM) networks, and Transformer-based architectures are employed for advanced fine-grained activity recognition, particularly for complex and sequential activities.


Context Awareness and Personalization Module
· Contextual Information: This module ensures that the system understands the context in which activities are taking place, which is crucial for accurate recognition in heterogeneous environments. Contextual factors include:
· Time of Day: Activities may be influenced by the time of day (e.g., morning exercises vs. nighttime rest).
· Location: Activities can differ based on location, such as in the living room, kitchen, or bathroom.
· Personalized Models: Active machine learning allows the model to continuously learn from the individual's behavior, adjusting the recognition algorithm to that person’s unique activity patterns and physical capabilities. It can also consider ongoing health changes (e.g., post-surgery recovery).






CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 


















CHAPTER 5
CONCLUSION 
CONCLUSION
· The results presented in this study demonstrate the capabilities and future potential of modifying transformer models by combining it with other deep learning neural networks. 
· This study brings attention to the possible improvements such models can have on wearable activity recognition, especially when applied to elderly care. The dataset selected consists of motion readings obtained specifically from elderly subjects aged 70-95 years old which allows for model classification performance to be assessed for elderly care. 
· Overall, the combined model proposed in the current study achieved a level of accuracy and precision that match some of the state-of-the-art methods. 239 In the future, the combined model should be tested on larger datasets which consist of more specific actions such as taking medicine. 
· The results should then be applied to offer direct support for humans, especially elderly individuals. 
· Moreover, future work should investigate if the model can be applied in real-time monitoring or be integrated into wearable devices, as well as what modifications to the model architecture would enhance its real-time performance and integration with Internet of Things devices.

