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Abstract— Human activity recognition (HAR) has emerged as a 

crucial area of research due to its widespread applications in 

various domains, including healthcare, smart environments, and 

assistive technologies. With the proliferation of wearable sensors 

and the Internet of Things (IoT), the ability to accurately sense and 

interpret human activities has become increasingly important. 

Machine learning models have played a pivotal role in advancing 

HAR systems, enabling the effective recognition of complex 

activities from sensor data. This research paper provides a 

comprehensive review of machine learning models employed for 

human activity recognition, encompassing both traditional 

techniques and state-of-the-art deep learning approaches. It 

discusses the challenges and considerations involved in activity 

recognition, such as data acquisition, feature extraction, and 

model selection. Additionally, the paper presents a comparative 

analysis of various machine learning models, evaluating their 

performance, strengths, and limitations across different activity 

recognition tasks and datasets. The review aims to serve as a 

valuable resource for researchers and practitioners seeking to 

understand and employ effective machine learning models for 

human activity recognition in various application domains. 
Keywords- Human Activities, Machine Learning Model,Sensing 

Technology,Activity Recognition 

I.  INTRODUCTION 

Human activity recognition (HAR) is the process of 

identifying and understanding the actions and behaviours of 

individuals based on sensor data. With the widespread 

adoption of wearable devices, smart home sensors, and the 

Internet of Things (IoT) technologies, there has been a 

growing interest in developing accurate and reliable HAR 

systems. These systems have numerous applications across 

various domains, including: 

1. Healthcare monitoring: HAR can facilitate remote 

monitoring of patients, enabling early detection of health 

issues and timely interventions. For instance, monitoring the 

daily activities of elderly individuals can help identify 

potential risks or changes in their mobility patterns, 

allowing for proactive care and support. 

2. Ambient assisted living: By recognizing activities of 

daily living (ADLs), such as cooking, cleaning, and personal 

hygiene, HAR systems can provide personalized assistance 

and automation in smart home environments, enhancing 

comfort and independence for individuals with disabilities 

or age-related challenges. 

3. Fitness tracking and coaching: Accurate recognition of 

physical activities, such as walking, running, cycling, and 

strength training, can enable personalized fitness tracking 

and coaching applications, providing users with tailored 

feedback and recommendations for achieving their fitness 

goals. 

4. Smart environment control: HAR can enable intelligent 

control and automation of systems in smart environments, 

such as adjusting lighting, temperature, or entertainment 

systems based on recognized activities, enhancing energy 

efficiency and user experience. 

However, developing robust and accurate HAR systems 

poses several challenges. These challenges include dealing 

with noisy and incomplete sensor data, handling variations 

in activity patterns across individuals, and addressing the 

complexity of human activities that can involve multiple 

concurrent or interleaved actions. Moreover, the diversity of 

sensor modalities, ranging from wearable devices to 

environmental sensors, adds to the complexity of data 

processing and analysis. 

Machine learning techniques have emerged as powerful 

tools for addressing these challenges and enabling effective 

HAR systems. Traditional machine learning models, such as 

decision trees, support vector machines (SVMs), and 

random forests, have been widely employed for activity 

recognition tasks. These models have demonstrated 

promising results in recognizing activities from various 

sensor data sources, including accelerometers, gyroscopes, 

and physiological sensors. 

More recently, deep learning models, including 

convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs), particularly long short-term memory 

(LSTM) networks, have gained significant attention in the 

field of activity recognition. These models have shown 

superior performance in capturing complex patterns and 

temporal dependencies in sensor data, enabling accurate 

recognition of intricate human activities. 
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This research paper aims to provide a comprehensive review 

of machine learning models employed for human activity 

recognition. It will explore both traditional and state-of-the-

art deep learning approaches, discussing their underlying 

principles, strengths, and limitations. Additionally, the paper 

will address key considerations in HAR, such as data 

acquisition, feature extraction, and model evaluation. By 

presenting a comparative analysis of various machine 

learning models and their performance in activity 

recognition tasks across different datasets, this paper seeks 

to serve as a valuable resource for researchers and 

practitioners in the field. 

 
Fig 1. General workflow for human activity recognition 

using machine learning 

 

II. LITERATURE REVIEW: 

The literature on human activity recognition using machine 

learning models is extensive and spans various domains, 

including computer science, biomedical engineering, and 

ubiquitous computing. Researchers have explored a wide 

range of techniques, from traditional machine learning 

algorithms to cutting-edge deep learning models, to address 

the challenges of activity recognition. 

Table 1 Comparison of traditional machine learning models 

for activity recognition: 

Model 
Advantage

s 

Disadvan

tages 

Typical 

Features 

Example 

Applications 

Model 
Advantage

s 

Disadvan

tages 

Typical 

Features 

Example 

Applications 

Decision 

Trees 

Interpretabl

e, handle 

non-linear 

data 

Unstable, 

sensitive 

to data 

noise 

Time-

domain, 

statistical 

Simple activity 

recognition 

Support 

Vector 

Machines 

(SVMs) 

Robust to 

high 

dimensions, 

flexible 

kernels 

Sensitive 

to 

outliers, 

parameter 

tuning 

Frequency-

domain, 

statistical 

Complex 

activity 

recognition 

Random 

Forests 

Robust to 

noise, 

handle 

missing 

data 

Complex 

models, 

prone to 

overfittin

g 

Time-

domain, 

statistical, 

frequency-

domain 

Ensemble 

learning for 

activity 

recognition 

 

Table 2. Performance comparison of deep learning models 

on a benchmark dataset: 

Model Accuracy 
F1-

Score 

Training 

Time 

Inference 

Time 

CNN 0.92 0.91 8 hours 12 ms 

LSTM 0.94 0.93 10 hours 18 ms 

CNN-LSTM 

Hybrid 
0.96 0.95 12 hours 25 ms 

 

A. Traditional Machine Learning Approaches 

Early work in HAR focused on employing traditional 

machine learning algorithms, such as decision trees, support 

vector machines (SVMs), and random forests. These models 

have been widely used for activity recognition tasks due to 

their interpretability and ability to handle diverse feature 

representations. 

 

1. Decision Trees 

One of the pioneering studies in this area was conducted by 

Bao and Intille (2004), who utilized decision trees and naïve 

Bayes classifiers for recognizing activities from body-worn 

sensor data. Their work highlighted the importance of 

feature selection and the potential of machine learning 

techniques for activity recognition. Decision trees have been 

widely used in HAR due to their interpretability and ability 

to handle non-linear relationships in data. 

 

2. Support Vector Machines (SVMs) 

Subsequent research explored the application of SVMs for 

HAR tasks. For instance, Ravi et al. (2005) employed SVMs 

and achieved promising results in recognizing activities 
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from accelerometer data. SVMs have been popular in HAR 

due to their ability to handle high-dimensional data and their 

robustness to overfitting. 

 

3. Random Forests 

Random forests, which ensemble multiple decision trees, 

have also been employed for activity recognition. Cho and 

Facco (2019) demonstrated the effectiveness of random 

forests in activity recognition using wearable sensor data. 

Random forests have been shown to be robust to noise and 

outliers, making them suitable for handling noisy sensor 

data common in HAR tasks. 

While traditional machine learning models have shown 

promising results, they often require extensive feature 

engineering and may struggle to capture complex patterns 

and temporal dependencies in sensor data, which are crucial 

for recognizing intricate human activities. 

 

B. Deep Learning Approaches 

In recent years, deep learning models have gained 

significant attention in the field of activity recognition due 

to their ability to automatically learn discriminative features 

from raw sensor data and model complex temporal 

dependencies. 

 

1. Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) have been widely 

employed for HAR tasks, leveraging their ability to extract 

spatial and temporal features from sensor data. For instance, 

Yang et al. (2015) proposed a CNN-based model for activity 

recognition using multi-sensor data, demonstrating 

improved performance over traditional machine learning 

models. CNNs have been particularly effective in capturing 

local patterns and dependencies in sensor data, making them 

well-suited for recognizing activities with distinct motion 

patterns. 

 

2. Recurrent Neural Networks (RNNs) and Long Short-

Term Memory (LSTM) 

Recurrent Neural Networks (RNNs), particularly Long 

Short-Term Memory (LSTM) networks, have also been 

extensively explored for activity recognition tasks. LSTMs 

are well-suited for modeling sequential data and capturing 

long-term dependencies, making them suitable for 

recognizing activities with temporal patterns. Researchers 

such as Ordóñez and Roggen (2016) and Murad and Pyun 

(2017) have successfully applied LSTM-based models for 

activity recognition, achieving state-of-the-art performance 

on various benchmark datasets. LSTMs have been effective 

in handling the inherent sequential nature of human 

activities and capturing complex temporal relationships in 

sensor data. 

 

C. Hybrid and Ensemble Models 

To leverage the strengths of different machine learning 

approaches, researchers have explored hybrid and ensemble 

models for activity recognition. These models combine 

multiple techniques, such as CNNs and LSTMs, or 

ensemble various models to improve overall performance 

and robustness. 

 

1. CNN-LSTM Hybrid Models 

For example, Edel and Köhler (2015) proposed a hybrid 

model that combines CNNs and LSTMs for activity 

recognition using wearable sensor data. Their approach 

leverages the strengths of both models, with CNNs 

extracting spatial features and LSTMs capturing temporal 

dependencies. This hybrid architecture has shown improved 

performance in recognizing complex activities with both 

spatial and temporal patterns. 

 

2. Ensemble Models 

Similarly, Hammerla et al. (2016) employed an ensemble 

approach by combining multiple classifiers, including 

decision trees, SVMs, and CNNs, for activity recognition. 

Their results demonstrated the potential of ensemble models 

to improve overall accuracy and robustness by leveraging 

the strengths of different techniques and mitigating 

individual model weaknesses. 

 

 

Fig 2. Architecture of a CNN-LSTM hybrid model for 

activity recognition: 
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IV.PROBLEM STATEMENT 

Recognizing and understanding human activities is a crucial 

task in various domains, including healthcare, security, 

smart environments, and assistive technologies. The ability 

to accurately sense and classify human activities from 

sensor data can enable a wide range of applications, such as 

activity monitoring for elderly or patients, gesture 

recognition for human-computer interaction, and activity-

aware home automation systems. 

However, there are several challenges associated with 

sensing human activities using sensor data: 

1.Sensor Data Complexity: Human activities can be 

complex and involve multiple body movements, resulting in 

intricate patterns in the sensor data. Extracting meaningful 

features and representations from raw sensor data is a 

challenging task. 

2.Intra-class Variation: There can be significant variations 

in how different individuals perform the same activity, 

leading to intra-class variations in the sensor data patterns. 

3.Inter-class Similarity: Some activities may have similar 

motion patterns, making it difficult to distinguish between 

them based solely on sensor data. 

4.Sensor Noise and Uncertainty: Sensor data can be noisy 

and subject to various uncertainties, such as environmental 

factors, sensor positioning, and device calibration. 

5.Real-time Performance: In many applications, such as 

assisted living or gesture recognition, it is essential to 

recognize activities in real-time, imposing constraints on the 

computational complexity of the models. 

The problem statement involves developing robust and 

accurate machine learning models that can effectively 

address these challenges and enable reliable sensing and 

classification of human activities from sensor data. 

 

V.METHODOLOGY 

A. Data Acquisition and Preprocessing 

The first step in developing an effective HAR system is data 

acquisition and preprocessing. Various sensor modalities 

have been employed for collecting data related to human 

activities, including: 

 

1. Wearable Sensors: Accelerometers, gyroscopes, and 

physiological sensors (e.g., heart rate monitors, 

electrodermal activity sensors) embedded in wearable 

devices, such as smartwatches, fitness trackers, or body-

worn sensors, have been widely used for capturing motion 

and physiological data during human activities. 

 

2. Environmental Sensors: Sensors deployed in the 

environment, such as cameras, microphones, and pressure 

sensors, can also provide valuable information for activity 

recognition, particularly in smart home or workplace 

settings. 

 

3. Multimodal Sensor Fusion: Combining multiple sensor 

modalities can provide more comprehensive and robust data 

for activity recognition, as different sensors may capture 

complementary information about human activities. 

Once the sensor data is collected, preprocessing steps are 

typically performed to prepare the data for subsequent 

analysis and model training. These steps may include: 

- Noise filtering and signal conditioning 

- Segmentation and windowing of time-series data 

- Handling missing or incomplete data 

- Normalization and scaling of sensor data 

Additionally, feature extraction techniques may be 

employed to derive meaningful features from the raw sensor 

data. These features can include statistical measures (e.g., 

mean, variance, correlation), frequency-domain features 

(e.g., Fast Fourier Transform coefficients), and time-domain 

features (e.g., signal magnitude area, signal vector 

magnitude). Appropriate feature selection and 

dimensionality reduction techniques can be applied to 

identify the most relevant features and reduce computational 

complexity. 

 

 

B. Model Selection and Training 

After data acquisition and preprocessing, the next step is to 

select and train appropriate machine learning models for 

activity recognition. The choice of model depends on 

various factors, including the nature of the activity 

recognition task, the available sensor modalities, 

computational constraints, and the desired trade-offs 

between model performance, interpretability, and 

complexity. 

 

1. Traditional Machine Learning Models 

For traditional machine learning models, such as decision 

trees, SVMs, and random forests, the preprocessed sensor 

data and extracted features are used as input to train the 

models. These models typically require careful feature 

engineering and selection to achieve optimal performance. 

 

2. Deep Learning Models 

Deep learning models, such as CNNs and LSTMs, can be 

trained directly on the raw sensor data or preprocessed time-

series data, leveraging their ability to automatically learn 

relevant features and representations. These models may 

require larger training datasets and higher computational 

resources compared to traditional machine learning models. 
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Model training typically involves splitting the available data 

into training, validation, and testing sets. The training set is 

used to optimize the model parameters, while the validation 

set is used for hyperparameter tuning and early stopping to 

prevent overfitting. The held-out testing set is used to 

evaluate the final performance of the trained model on 

unseen data. 

 

Various optimization techniques, such as stochastic gradient 

descent, adaptive learning rate methods (e.g., Adam, 

RMSProp), and regularization techniques (e.g., dropout, 

L1/L2 regularization), can be employed during model 

training to improve convergence and generalization 

performance. 

 

C. Model Evaluation and Performance Metrics 

To assess the performance of machine learning models for 

activity recognition, various evaluation metrics are 

commonly employed. These metrics include: 

 

1. Classification Metrics: Accuracy, precision, recall, F1-

score, and confusion matrices are widely used to evaluate 

the classification performance of models in recognizing 

different activity classes. 

 

2. Temporal Metrics: For activities with temporal aspects, 

metrics such as edit distance and time-warping error can be 

used to assess the ability of models to capture temporal 

patterns and alignments. 

 

3. Subject-Independent Evaluation: To evaluate the 

generalization capability of models across different 

individuals, subject-independent or leave-one-subject-out 

cross-validation techniques are often employed, where the 

model is trained on data from a subset of subjects and tested 

on unseen subjects. 

 

4. Computational Complexity and Real-Time Performance: 

For practical deployments, computational complexity, 

memory footprint, and real-time performance of the models 

should be considered, as these factors can impact the 

feasibility of deploying HAR systems on resource-

constrained devices or in real-time applications. 

 

Additionally, domain-specific metrics and evaluation 

criteria may be employed based on the target application of 

the HAR system, such as energy expenditure estimation in 

fitness tracking or activity duration estimation in healthcare 

monitoring. 

 

VI.RESULTS & DISCUSSION 

 

The research on machine learning models for sensing 

human activities has yielded several promising results and 

significant advancements in recent years. Here are some 

notable results: 

 

1.Deep Learning Approaches: Deep learning models, such 

as Convolutional Neural Networks (CNNs), Recurrent 

Neural Networks (RNNs), and Long Short-Term Memory 

(LSTM) networks, have shown excellent performance in 

recognizing human activities from sensor data. These 

models can automatically learn relevant features and 

representations from raw data, capturing complex patterns 

and temporal dependencies. 

 

2.Hybrid Models: Combining deep learning with traditional 

machine learning techniques or incorporating domain 

knowledge has led to improved performance and robustness. 

For example, hybrid models that combine CNNs with 

Hidden Markov Models (HMMs) or Conditional Random 

Fields (CRFs) have demonstrated superior activity 

recognition capabilities. 

 

3.Transfer Learning and Domain Adaptation: Transfer 

learning and domain adaptation techniques have been 

applied to address the challenge of limited labeled data and 

adapt models to new environments or users. By leveraging 

knowledge from related domains or pre-trained models, 

these approaches can improve model performance and 

generalization. 

4.Multi-sensor Fusion: Integrating data from multiple 

sensors, such as accelerometers, gyroscopes, and 

environmental sensors, can provide more comprehensive 

information about human activities. Multi-sensor fusion 

techniques have shown promising results in improving 

activity recognition accuracy. 

 

5.Semi-supervised and Unsupervised Learning: Leveraging 

unlabeled or partially labeled data through semi-supervised 

and unsupervised learning approaches has enabled the 

development of more scalable and data-efficient models for 

activity recognition. 

 

6.Interpretability and Explainability: Recent research has 

focused on developing interpretable and explainable models 

for human activity recognition, providing insights into the 

decision-making process and enabling better understanding 

and trust in the models. 

 

These results demonstrate the significant progress made in 

developing machine learning models for sensing human 
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activities, addressing various challenges and enabling a 

wide range of applications in areas such as healthcare, smart 

environments, and human-computer interaction. 

VII.CHALLENGES & FUTURE DIRECTIONS 

While significant progress has been made in the field of 

human activity recognition using machine learning models, 

several challenges and opportunities for future research 

remain: 

 

A. Handling Complex and Concurrent Activities 

Most existing HAR systems focus on recognizing individual 

or sequential activities. However, human activities in real-

world scenarios are often complex, involving concurrent or 

interleaved actions. Developing models capable of 

recognizing and disentangling such complex activities 

remains a significant challenge. 

 

B. Personalization and Adaptation 

Human activity patterns can vary significantly across 

individuals due to factors such as age, physical abilities, and 

personal preferences. Personalized and adaptive HAR 

systems that can learn and adapt to individual characteristics 

and preferences are needed to improve accuracy and user 

experience. 

 

C. Transfer Learning and Domain Adaptation 

While large labeled datasets are available for certain 

activities or domains, collecting labeled data for every 

possible activity or environment can be impractical and 

costly. Transfer learning and domain adaptation techniques 

that can leverage knowledge from related domains or tasks 

could facilitate the development of more generalizable and 

robust HAR systems. 

 

D. Interpretability and Explain ability 

Deep learning models, while highly accurate, often suffer 

from a lack of interpretability and explain ability, making it 

challenging to understand the reasoning behind their 

decisions. Developing interpretable and explainable HAR 

models is crucial for building trust and facilitating human-

AI collaboration in applications such as healthcare and 

assisted living. 

 

E. Privacy and Security Considerations 

HAR systems often rely on sensitive personal data, such as 

location, physiological signals, and behavioral patterns. 

Addressing privacy and security concerns while maintaining 

the utility of these systems is a critical challenge that 

requires robust data protection mechanisms and privacy-

preserving techniques. 

 

F. Integration with Ambient Intelligence and IoT 

To fully realize the potential of HAR systems, seamless 

integration with ambient intelligence systems, smart 

environments, and the Internet of Things (IoT) is necessary. 

This integration requires standardized data formats, 

communication protocols, and interoperability frameworks 

to enable seamless data exchange and coordination among 

various systems and devices. 

 

G. Real-World Deployment and Scalability 

Transitioning from research prototypes to real-world 

deployments of HAR systems at scale presents challenges 

related to system robustness, scalability, and maintenance. 

Addressing these challenges will require collaborative 

efforts between researchers, industry partners, and end-users 

to ensure the successful adoption and long-term 

sustainability of HAR systems. 

 

VIII.CONCLUSION: 

Machine learning models have demonstrated remarkable 

capabilities in sensing and recognizing human activities 

from various data sources, including sensor data, video 

footage, and contextual information. The ability to 

accurately identify and understand human activities has 

significant implications across diverse domains, such as 

healthcare, security, smart environments, and human-

computer interaction. 

In this comprehensive review, we have explored the state- 

of-the-art machine learning techniques employed for human 

activity recognition. We have critically analyzed the 

strengths and limitations of different models, including 

traditional methods like Hidden Markov Models, and more 

recent deep learning approaches like Convolutional Neural 

Networks and Recurrent Neural Networks. Additionally, we 

have highlighted the challenges associated with data 

acquisition, feature engineering, and model generalization 

across different environments and scenarios. 

The review has shown that while significant progress has 

been made, there are still several open challenges that need 

to be addressed. These include handling complex and multi-

task activities, dealing with noisy and incomplete data, 

ensuring privacy and security, and developing models that 

can adapt to changing environments and user behaviours. 

Overall, the field of human activity recognition using 

machine learning models has matured significantly, and the 

techniques discussed in this review have the potential to 

revolutionize the way we interact with intelligent systems 

and facilitate seamless human-computer interaction.In 

conclusion, human activity detection through mobile device 

sensors has numerous applications in various fields. The 

types of sensors utilized, such as the accelerometer, 
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gyroscope, and magnetometer, can provide a more accurate 

representation of human activity. Techniques such as rule-

based methods, machine learning algorithms, and deep 

learning algorithms can be utilized to detect activities. The 

applications of human activity detection in healthcare, 

sports, and entertainment are vast, and the potential for 

future developments in this field is promising. 
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