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Abstract: The Human activity recognition (HAR) collects events to distinguish as the sequence of annotations to recognise the
actions of subjects to determine the ecological situation. Humans have the ability to recognize an event from a single movement.
It is the natural tendency of human beings gives more attention to dynamic objects than the static objects. Human motion
analysis is currently one of the most active research topics in machine learning. In this analysis the machine learning techniques
for human activity recognition provides detail issues, there has been an influx to the recent situation from that the effective
extraction and learning from live datasets as information. The methodology differs from traditional algorithms to the present
machine learning techniques uses hand-crafted heuristically derived features to the newly generate hierarchical based self-
evolving features. Different types of quantitative and statistical tools are available for prediction and thus results are evaluated
with various existing methods to get better results of recognition. These techniques are classified into statistical forecasting
models, shallow machine learning models, ensemble learning models, deep learning models and other learning models. From
the literature review this work produces depth analysis results of deep learning models which are found to provide improved
accuracy when it is calculated RMSE values in recognising the routine activity.

Keywords: Human Activity Recognition, Human Motion Analysis, Deep Learning, Ensemble Learning, Machine Learning
and Statistical methods.

1. Introduction

In today’s world, activity recognition involves interpretation of human actions using a series of image
observations with respect to environmental conditions. Human Activity Recognition (HAR) refers toward the
task of assessing a person's physical activity through the use of objective technology. Due to the scope and variety
of human activities, this mission is highly challenging [1]. The medical research group has been a long-standing
objective [2, 3]. Sometimes, external health sensors such as accelerometers have been used to monitor the
operation [4]. The aim of the recognition of human activity is to infer the human brain's current actions and
objectives through a collection of observations and analyses of human behavior and its environment [5]. HAR
system has several applications in the field of automated surveillance [6], smart home [7], and health monitoring
and elderly care system [8]. Currently, the activity recognition methods can be mainly summarized as two
categories: [9]

1. Vision-based technique

2. Sensor-based technique

A vision-based technique is a policy failure for tracking and interpreting agents' actions through videos taken
by different cameras. Computer vision is the main methodology employed.

In order to model a broad range of human activities, the sensor-based technique combines the evolving field
of sensor networks with original information mining and machine learning techniques.

In human-to-human contact and relationships, the mechanism of acknowledgement of human behavior plays
a critical role. It is difficult to distinguish because it provides data about the character of a person, their character,
and mental state. The human capacity to perceive someone else's exercises is one of the principle subjects of
investigation of the logical regions of computer vision and Artificial Intelligence (Al). Because of this
exploration, the data of numerous applications include Camera frameworks for reconnaissance, human-computer
communication, and mechanical technology for individual conduct portrayal, involve a various amount of
movement with the acknowledgment framework. Time-series forecasting is one of the most challenging
contemporary tasks that are being faced in different areas for HAR problem. Figurel represents the process of
activity recognition using training data and test data. The data acquisition with raw sensor data for preprocessing
and feature selection by noise reduction, normalization and segmentation to extract valuable feature vectors for
activity recognition.
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Figure 1 HAR Methods for Predicting Daily Activities

Table 1 refers Different types of datasets are used for each of the ways through which the data is obtained
through various means, such as sensors, photographs, accelerometers, gyroscopes, etc., and the positioning of
these instruments at different locations. [10].

TABLE 1: Different types of dataset for HAR

Ref Dataset Dataset Description
[11,12] Collected dataset This dataset reflects environmental data obtained from volunteer

residents in households. Data is constantly collected as residents carry
out their daily routines.

[1,18] PAMAP2 (Physical Activity = The PAMAP2 dataset provides data from 18 separate physical activities
Monitoring dataset) undertaken by 9 participants wearing 3 inertial measuring units and a
heart rate monitor.

[20] OPPORTUNITY dataset The OPPORTUNITY Dataset for Watch, Entity, and Ambient Sensor
Recognition of Human Activity is a dataset designed to compare
algorithms for HAR (automatic data segmentation, classification,
sensor fusion, feature extraction, etc).

[26] UCFSports dataset The dataset contains motion sensor data from 19 everyday activities and
sports activities, each performed for 5 minutes by 8 subjects in their
own style.
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[30] MHEALTH(Mobile For ten volunteers with different profiles, the MHEALTH dataset
HEALTH) dataset contains body motion and vital signs recordings when performing
multiple physical activities. Sensors mounted on the chest, right wrist
and left ankle of the subject are used to measure the motion experienced
by different parts of the body, including acceleration, rate of turn and
direction of the magnetic field.

[32] Heterogeneity dataset The Heterogeneity Dataset for HAR Smartphone and Smart Watch
Sensors consists of two datasets designed to analyze the effects of
sensor heterogeneities on algorithms for human activity recognition
(classification, automatic data segmentation, feature extraction,
sensor fusion).

2. Review of Literature of Human Activity Recognition

The activities are recognized in several real-time domains the time series forecasting techniques has practical
significance. The active research works are going on in predicting daily activity for the past decade. Many more
worthy time series methods have been proposed in the literature for getting better the accuracy and competence
of predicting activity recognition. The time series methods for predicting daily activity behaviour have been
grouped as follows:

1. Statistical methods

2. Shallow machine learning methods

3. Ensemble learning methods

4. Deep learning methods

Statistical methods: Statistical forecasting models is the process of making future predictions based on past
and current data and, most often, on trend analysis. It includes a correlation coefficient model [4], principal
component analysis (PCA) model [10], Newton interpolation model [3], nonlinear regression model [3], and so
on.

Shallow machine learning methods: Shallow machine learning model provides a method, the ability to learn
and evolve automatically from experience without complex programming. This helps to predict new results that
are based on recent results. In machine learning terms, this is also called supervised learning. These models
include multilayer perceptron (MLP) [11], support vector machines [12], artificial neural networks [13], and the
hybrid model employing two machine learning techniques, which could be a combination of clustering and
classification techniques or fusion of two classification techniques.

Ensemble learning methods: Ensemble modeling is the approach used to run different analytical models and
synthesize the outcome of score or spread to enhance the accuracy of prediction. Generally, researchers connected
with one or more models to overcome overfitting issues. It includes BAGGing, or Bootstrap AGGregating [20]
and Random forest model [21].

Deep learning methods: Deep learning models offer a lot of assurance for time arrangement determining, for
example, the programmed learning of transient reliance and the programmed treatment of worldly structures like
patterns and regularity. Deep learning models regularly utilized models are recurrent neural networks and its
variations [22]. Long Short-Term Memory Unit, as a best in class model of RNN, was utilized in forecasting the
air quality affecting factors [3]. Besides, manifold learning models and deep belief networks, deep uncertainty
learning, and Encoder-Decoder model were likewise proposed [3].Table 2 refers the data information for each
activity and algorithm used for human activity recognition.
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Figure 2 Process Flow of Literature Review

The figure 2 represents the flow of the survey in that the data acquisition collects various data from the
multiple places to recognize the activity. Such collections generated huge volume of the data so that the pre-
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processing state filters the unwanted noises from the sensor collection and extract the exact feature to proceed
with the next stage. The activity recognition always depend to the time series pattern, based on that the leaner of
the system frequently learn the behaviour of the activity to produce accurate results to the output of the system.
The table 2 represents the various data acquisition to recognize the activity using effective algorithm features to
inference the activity.

TABLE 2: Data Acquisition

Ref Data information Activity Algorithm Features Inference
[24  Identifying a walking, Deep Belief 32 In  order to reduce memory
] person's particular  talking, Networks consumption with 89% accuracy, the
movement or standing, and Sparse fusion exploits data protection act
behavior based on and coding, methods at the fully connected layer
sensor data. sitting. Convolution and convolutional kernel separation.
al Neural
Network
[37  Effective and Lying, Restricted 15 Extrac invariant translation features
] precise method for  Sitting, Boltzmann and reduces instability with 93% during
the combination of ~ Standing ~ Machine and training data.
multiple classifiers ,Walkin Convolution
g, al Neural
Running  Networks
[45  Supported Car Deep 24 The fusion of different deep learning
] Function Fusion driving, learning enables 91% for high  model
Cycling,  ensemble diversification and output
Vacuum  algorithm generalization.
cleaning,
Ironing
[48  Achieving  high  Ascendi Convolution 24 The fusion of the two discriminative
] diversity, ng stairs, al models is valid for multimodal and
increasing Descend  NeuralNetw multi-sensor based human activity
prediction ing ork (CNN) detection of 89 %. Furthermore, to
reliability and  stairs, detect complex and simultaneous
generalization of Rope activities and to learn spatial-temporal
output using bias  jumping, features from raw sensor data,
and inconsistency  Playing algorithms are essential.
of each  base
classifier. The
techniques allow
precise
identification  of
fine and coarse
grain operations.
[52  Capacities to have  Watchin  Gated 32 For efficient production on mobile
] adaptability in g TV , Recurrent devices, the Gated Recurrent Unit has
conduct for Compute  Unit (GRU), compact parameters and simple terms
nonlinear  space  rwork Convolution to minimize network complexity.
dissemination al Neural
acknowledgment Network

dataset.
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The fusion of different deep learning
enables high model diversification and
generalization of results with 94%

accuracy..

Table 3 refers the various pre-processing stages from that it extracts the feature selection methods to infer the
daily activities of human behavior.

TABLE 3: Pre-processing and Feature Selection

S.No Author Year Title of the Preprocessing Feature Inference
paper Selection
methods
1. Zhang, Y 2021 Deep Segmentation Filter ~ and  Multi-task
unsupervised wrapper learning (MTL)
multi-modal methods aims to increase
fusion network the efficiency of
for  detecting - LASSO supervised
driver regression regression or
distraction classification
- RIDGE g_eneralization by
regression S|mul_taneously
learning many
similar tasks to
classify the
activity.
2. Alawneh, 2020 Enhancing Dimensionality Filter method  Generalized
L human activity  reduction linear models
recognition - feature With high-
using deep weighting dimensional data
learning  and algorithms to enhance the
time series activity
augmented data - subset
search
algorithms
3. Ullah, M 2019 Stacked LSTM  Missing data Embedded Using sensor
Network  for method information
Human fusion strategy to
Activity - LSTM unravel the
Recognition algorithm relationship
Using between on-body,
Smartphone environmental
Data and  emotional
data

Table 4 represents different types of effective time series models and techniques used to recognize the human

activity.

TABLE 4: Different types of Time series model

S.No

Author

Title of the paper

Time
Series
Model

Techniques used

Inference
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1. Wanru Xu A Hierarchical  Statistical PCA Recognition  of
Spatio-Temporal model transformation behavior by
Model for and K-means  simultaneously
HumanActivity clustering modeling spatial
Recognition limits and
temporal
constraints.
2. Qingchang Smartphone-based  Statistical Data partitioning  Develop
Zhu Human Activity  model numerous
Recognition theories to
inBuildings Using achieve diversity
Locality- and robustness of
constrained Linear high production.
Coding Data partitioning
also helps reduce
ambiguity  and
vulnerability to
data.
3. Jozsef Efficiency Shallow Support  Vector  Improved the
Investigation from  machine Machine (SVM) performance  of
Shallow to Deep learning secure
Neural Network  model computation.
Techniques in
Human  Activity
Recognition
4. Zhenghua A Novel Ensemble Random Forest Ensemble
Chen Ensemble ELM learning learning aims to
for Human  model incorporate
Activity several core
Recognition Using learners in order
Smartphone to increase
Sensors results. It s
capable of
stabilizing the
outcome and
reducing the
chance of
trapping in the
optimum local
5. Yin Tang Layer-wise Deep CNN multiple  sensor
training learning nodes, indicate a
convolutional model novel Lego CNN
neural  networks with local loss can
with smaller filters greatly reduce
for human activity memory and
recognition using computation cost
wearable sensors over CNN, while
achieving higher
accuracy
3.Conclusion

In this work produces the detail study of the proposed model review. In that analysis various time series
methods deeply analysed to correctly identify the daily activity effectible. From the review, it was observed that,
statistical forecasting models and ensemble learning models are the phenomenon models and that are able to
provide improved accuracy results even when the input data had noises. It was also observed that from all other
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models the deep learning models were found to provide improved accuracy results with reduced RMSE values
from the real-time readings. Finally, such effective method works accurate even high noise and outliers.
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