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The suggested ConvLSTM network can be created by successively
combining fully connected layers, long immediate memory (LSTM)
networks, and convolutional neural networks (CNN). The acquisition
system will pre calculate skeleton coordinates using human detection
and pose estimation from the image/video sequence. The ConvLSTM
model builds new controlled features from the raw skeleton
coordinates and their distinctive geometric and kinematic properties.
Raw skeleton coordinates are utilized to generate geometric and
kinematic properties supported by relative joint position values, joint
differences, and their angular velocities. By utilizing a multi-player
trained CNN-LSTM combination, novel spatiotemporal directed
features can be obtained. The classification head with completely
connected layers is then utilized. The suggested model was tested
using the KinectHAR dataset, which consists of 130,000 samples with
81 attribute variables and was compiled using the Kinect (v2) sensor
Experimental data is used to compare the performance of independent
CNN and LSTM networks.

Keywords---human activity recognition, convolutional neural
network, deep learning, long-term short-term memory, machine
learning, skeleton.

Introduction

The identification and recognition of events in a video sequence recorded from a
surveillance stream is particularly difficult, making video-based action
identification a fresh study area. Human-computer interaction, content-based
video retrieval, private and activity recognition are a few examples of applications
for video action recognition. To detect and recognize human actions and activities
in the modern world, where digital content is expanding exponentially on a daily
basis, effective artificial intelligence-based Internet of Things (IoT) solutions are
required. In order to support interactive programmes and applications built on
the Internet of Things, action recognition seeks to recognize and identify
individuals, their behavior, and suspicious actions in films. Action recognition
continues to pose a variety of difficulties for preserving resident safety and
security, including industrial surveillance, violence detection, person
identification, virtual reality, and cloud environments. This is despite significant
advancements in camera movement, complex backgrounds, and lighting
variations. For recognizing various human actions in videos, an understanding of
location and time is necessary. The majority of techniques used to characterize
the corresponding action in films during the last ten years have used hand-
crafted structural features to designate the spatial aspects of dynamic motion .
Due of the motion style and intricate background clutter, the handmade feature
technique for action detection is largely database-oriented and occasionally fails.
In order to gather correct data, traditional techniques and representative motion
elements gradually transition from 2D to 3D. For the purpose of simultaneously
capturing dynamic information in a series of photos, these strategies converted
spatial data into 3D spatiotemporal features.
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Deep learning is the most well-liked and frequently applied technique for
gathering highly selective features and structural systems in video-based action
and behaviour identification. Existing deep learning techniques for action
recognition (HAR) employ trained models to extract traits from video pictures
before using basic convolutional neural network (CNN) methods. Using these
convolutional layers, a model is trained for classification by extracting and
learning spatial features. Traditional CNN models, in contrast, perform worse
than manually created features in sequence data. These models do a decent job of
collecting spatial data, but they struggle to collect temporal data, which is
essential for capturing motion data for HAR in a video series. For instance, Dai et
al. coupled characteristics obtained from CNNs with spatiotemporal information
to perform action recognition utilising long-short-term memory (LSTM). A two-
stream design approach is necessary to create discrete modules that incorporate
algorithms to capture dynamic information in sequence data for high-level video-
based HAR methods. While LSTM was developed primarily for long-term video
sequences to learn and grasp temporal data for HAR in surveillance systems,
recurrent neural networks (RNN) have lately been employed to address
spatiotemporal difficulties. The majority of researchers have developed a two-
stream action recognition technique that takes into account both temporal and
spatial input for joint feature training in order to address the aforementioned
problems as well as the existing limitations of HAR.

These facts show that reliable action detection in real-world videos is still difficult
due to the lack of motion, style, and backdrop clutter information Traditional
techniques have not been able to handle these problems because of problems
handling continuous actions, difficulties modelling crowded situations due to
occlusion, and susceptibility to noise .Similar to how existing HAR approaches
have addressed the issue of sequence learning utilizing RNN, Without highlighting
the selected information in the sequences, which is essential to preserving the
association between earlier and later frames, LSTM and gated recurrent units
perform better than one another. Our approach learns spatiotemporal features
and concentrates solely on discriminative inputs in long-term sequences to
recognize activities in video frames. This device works best as a surveillance
system. In this system, we utilize DCNN with residual blocks to enhance the
learnt features and BiLSTM with attention weights to selectively focus on the
useful features in the input frame sequence and recognize the action in the video
as suitable. The suggested system uses CNN spatial information extracts for
action detection and convolution operations, which are then processed by BiLSTM
to provide material that more effectively promotes human activities, we find
numerous firsts. High-level discriminative information is extracted from every
eighth frame of the video and supplied into an attention mechanism to change the
attention weights for the selective stimuli that are given sequentially. The results
show that these characteristics make the suggested method more appropriate for
HAR for video surveillance streams.

Literature Review
In the science of computer vision, action identification is a prominent area of

study. To identify human actions in video streams, researchers have developed a
variety of algorithms, utilizing neural networks, classical machine learning, and
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artificial intelligence. Researchers have primarily employed conventional machine
learning methods to create effective HAR systems via feature engineering over the
past ten years. To extract sequential and spatial information from a series of
frames for action classification, researchers now use deep learning algorithms. As
a result, an efficient action recognition classification approach may be applied to
IoT-based security systems for smart portable devices and cybercrime
investigation. The next sections provide a survey of the literature on relevant
existing techniques.

Traditional Machine Learning and Manual Feature-based Action Recognition

The three primary stages of conventional machine learning-based action
identification systems are feature extraction using manually created feature
descriptors, feature representation using an algorithm, and feature classification
using an appropriate machine learning algorithm. The two primary categories of
feature extraction methods in computer vision are local feature-based approaches
and global feature-based approaches. Features are independent patches,
locations of attention, and gesture data that correspond to ingrained stimuli for a
certain task in local feature-based techniques. In contrast, a region of interest is
used to represent global features and is used to define background subtraction
and tracking. Using manually created features like VLAD and BOW, researchers
have created effective action detection systems for traditional machine learning.
The majority of manually created feature extractors are domain-specific and
created for certain datasets. They cannot be used for general feature learning. To
speed up their systems' processing, some researchers have adopted key
framework techniques. For instance, Yasin et al.' creation of a vital key frame
selection method for HAR and subsequent development of action recognition in
video sequences. Similar to this, Zhao et al. reported HAR built on multi-feature
fusion with key frames using a traditional machine learning approach. In the past
ten years, traditional machine learning algorithms have had considerable success.
They still struggle with issues such being arduous, time-consuming, and difficult
to choose structural parts since they are constrained by human cognition.
Researchers have switched to deep learning to develop effective and cutting-edge
methodologies for sophisticated video-based HAR systems as a result of the
shortcomings and difficulties in hand-crafted HAR.

Deep Learning based Action Recognition

In contrast to the three-stage traditional machine learning approach, deep
learning offers a modern end-to-end learning architecture and simultaneously
exposes and classes high-level discriminative visual information. End-to-end is
widely utilized Convolutional procedures are often used in CNN architectures to
select the best features and change parameters as needed. Commonly, CNN-
based feature learning techniques that are used to represent visual information in
2D data are insufficient for 3D data representations. Instead of using 2D photos,
some researchers have created methods to extract features from video images.
Their models outperformed 2D CNNs and manually created feature-based
techniques in video analytics (activity recognition, tracking of objects, and video
retrieval). Similar to this, Simonyan et al. proposed CNN and a two-stream
architecture to recognize activities in movies to address the problem of obtaining
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motion signals from repeated video frames .A spatial and motion-based approach
to action recognition was proposed by Feichtenhofer et al. To highlight the value
of temporal information, they examined the system at UCF 101. A multi-stream
CNN model was employed by Tu et al.to train human-related regions that could
identify several activities in a movie. The authors of extracted spatiotemporal data
from video sequences using a two-stream fused network based on LSTM. For
feature fusion-based action recognition, researchers have created hybrid learning
algorithms. Using an optimal path forest classifier, Guimaraes et al. created an
anomaly detection technique that uses an intelligent IoT-based system to monitor
and identify anomalies. These deep learning techniques are provided for
comprehending and recognizing temporal information that occurs immediately;
nevertheless, they are insufficient for understanding and recognizing sequences
that occur over a longer period of time. Due to RNN's popularity, LSTM, a better
variation that encodes long-term dependencies, was developed. LSTM networks
are currently mostly used to categorize long sequence data in a number of fields,
such as speech recognition, action detection, and weather forecasting. Xu et al.
developed a deep learning technique and also used reinforcement learning for
resource allocation based on IoT content to reduce large data duplication. High
data redundancy is an issue as a result.

Attention based Mechanism

A variety of difficult temporal tasks, such as captioning movies, action detection,
and sequence learning, may benefit from the recently proposed attention
mechanism. The arrangement of the frames is important at different points to
transmit shifting attention to the viewer's first impression in motion video
materials displaying individuals walking, running, jogging, and doing other
actions. Attention techniques for captioning videos and images achieved a SOTA
performance to inform and define the contents using benchmark datasets.
A system for translating from English to French utilizing an attention-based
model was developed by Bahdanau et al. and is superior to the SOTA phrase-
based approach. By leveraging attention mechanisms, the authors of created a
method for extracting instructive frames from an extremely movie to recognize
motion. A single attention process for action recognition was put up by certain
researchers. For learning spatial and temporal information, they created distinct
models. The two-stream attention strategy is used frequently in modern television
shows, unintentionally bringing attention to related content.

Methodology

In this part, the proposed architecture for action recognition and its essential
components—the DCNN, residual blocks, deep BiLSTM, and center loss
function—are discussed. To recognize a person's behaviours in video frames, we
employ a dilated convolution network and improved feature learning blocks. As a
result, the deep BIiLSTM network is strengthened by an attention mechanism and
the acquired traits. In the suggested approach, we first use a DCNN to extract the
CNN features from the input file. We secondly employ the skip connections to
combine the dilated qualities with the enlarged features. The entire convolution
network is then applied to the context vector. The middle and therefore the
Softmax losses are estimated in order to get a conclusion for the action
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recognition, and an aggregated loss is obtained. Fig. 1 depicts the proposed
system's design, and the following sections provide a detailed explanation of the
majority of its components.

Data Feature Feature Activi
E ing C Recognition
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- .\%]. J

CNN Layers LSTM Layers

Fig. 1. The entire design of the suggested attention-based LSTM with dilated CNN
features human action recognition system
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The proposed ConvLSTM model. 3D skeleton coordinates are retrieved from the
unprocessed input movies and used to compute geometric and kinematic
components. For automatic spatial feature extraction, the extracted features are
sent to the CNN together with the unprocessed skeletal joint coordinates. Then, in
order to extract temporal information, these spatial features are sent to an LSTM.
Finally, the activities are classified and the Softmax score is calculated using fully
linked layers.

Dilated Convolutional Neural Networks

In place of conventional CNNs, we describe the DCNN technique and how it
collects features in this subsection. Compared to traditional CNNs feature
abstraction, DCNNs employ receptive fields that are more open. We employ DCNN
for semantic segmentation and to preserve the implicit information of the mask in
order to increase efficiency. The majority of computer vision architectures include
numerous pooling layers to minimize image size and extend and resample image
size. In conventional CNNs, the pooling operation frequently resizes the image,
which could result in the loss of some information. To solve this issue, we created
DCNN. In addition, we employed a padding technique of "valid" and a CNN with 3
3 kernels and a step setting of 1. We also used a 2 2 maximum pooling and a step
setting. The Upgrading Feature Learning Block (UFLB), another element of DCNN,
is intended to extract the most discriminative salient action features. As seen in
Fig. 2, each block is made up of a DCNN, a batch normalization (BN), and a leaky
relay layer. We employ three upgrade training blocks in the proposed CNN model
to uncover more salient features. In order to achieve higher performance with a
high training rate, the DCNN's BN layer serves to normalize the learned features.
Additionally, it prevents vanishing gradient issues during training.
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ConvLSTM Architecture

It was suggested in this instance to use a ConvLSTM network that combined
CNN, LSTM, and dense layers. In order to create a more separable space, spatial
feature extraction is performed using CNNs, sequence prediction is performed
using LSTMs, and feature mapping is performed using dense layers (Fig. 2).
Figure 2 displays a conventional activity recognition model where the ConvLSTM
model was created by performing a parallel fusion of CNN and LSTM. This has
been used in other works before. Although this method is far superior to
employing only CNN or solely LSTM, it does not fully utilize either model's
efficacy.

’T CNN y————= LSTM
s =
= E=3 ~1  Accuracy
Sequential
dataset
R > =
QD —

Fig. 2. Sequential ConvLSTM Mode

This uses a sequential fusion of CNN, LSTM, and dense layers, as seen in Fig. 2.
The CNN's final hidden layer outputs are routed into LSTM layers for
classification, which are subsequently followed by fully connected layers.

Results and Discussion

In this part, the usefulness of the suggested strategy was assessed using three
widely-used datasets: UCF11 [52], UCF Sports [53], and J-HMDB [54], which
produce superior outcomes to the SOTA techniques. The datasets and
experimental setup are thoroughly discussed in the following subsections, which
are followed by a presentation of the obtained results. We contrasted the
implemented system with SOTA techniques in our final presentation.

Datasets

Due to changes in lighting, fuzzy backdrops, and camera motions, UCF11 is a
difficult dataset for video-based action recognition. A total of 1600 movies in the
UCF11 dataset are divided into eleven action subcategories, including shooting,
leaping, riding, swimming, etc. 30 frames per second was used to record all videos
(fps).150 720 480 video sequences from a variety of activities, including lifting,
skateboarding, horseback riding, and golfing, are included in the UCF Sports
dataset. The assortment of action sports videos originates from a number of
sources, including the BBC and ESPN, which are frequently shown on TV
channels. In a variety of scenarios, these movies show genuine and authentic
activities from various angles. There are 21 different action categories in the J-
HMDB dataset, including catch, clutch, Jump, clap, brush hair, swing a baseball,
and take a shot. With 923 videos featuring various actions. It is a substantial
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video action collection, which complicates the task of recognizing when compared
to other datasets, J-HMDB has done badly because of these challenges and
issues, and however SOTA approaches perform better in terms of recognition rate.
Figure 3 displays a graphic representation of representative actions from each
data set.

Walking

Brush hair Catch Clap Golf
Fig. 3. Visualizations of representative action categories from the UCF11, UCF
Sports, and J-HMDB datasets

We conducted an extensive investigation to gauge how well our suggested action
recognition system predicted classes based on the actual and anticipated data.
The results are displayed in Fig. 3. The y-axis displays the real UCF labels, while
the x-axis displays the anticipated labels. Sports and J-HMBD datasets. The
confused classes are identified in each class's consistent rows, and the confusion
matrices display all actions' actual invocation values diagonally. We sampled the
video sequence every eight frames for an effective HAR system to ensure the
suggested model would perform well in real-time, and then we extracted highly
discriminating features. We conducted a number of studies using various video
frames. The method shifts to every eight frames when it fails to capture the
middle frames, prediction performance is reported to be higher. When compared
to the suggested HAR system, the other leaps exhibit poorer performances. The
experimental findings of the suggested system demonstrated the model for action
recognition's great generalizability.

Conclusion

This study describes a Kinect (v2) sensor-based, ConvLSTM-based activity
recognition and fall detection system that protects user privacy. Deep learning
networks receive raw skeleton coordinates from the proposed system together
with geometric and kinematic information. Instead of using actual photographs of
the user, the system merely uses derived features and unprocessed skeletal joint
coordinates. We proposed a fast and effective method based on the sequential
fusion of CNN and LSTM called ConvLSTM model. Three deep learning-based
classification techniques, CNN, LSTM, and ConvLSTM, were evaluated on a fresh
dataset with 130,000 samples and 81 attribute values. The suggested system can
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distinguish between behaviors such as standing, bending, falling, fast walking,
sitting, and lying down. The suggested system is discrete to the user and
unaffected by factors such as clothes, camera position, etc. The system's efficacy
in recognizing activity and detecting falls is sufficient for widespread system
implementation. The dataset and source code will both be made available to the
general public.

Acknowledgments

I extend my deep sense of sincere gratitude to Dr. Channakesavalu K, Principal,
East West Institute of Technology, Bengaluru, for having permitted to carry out
the implementation on “A Human Activity Recognition using CNN and Long Term
Short Term Memory” successfully. I express my heartfelt sincere gratitude to Dr.
Achyutha Prasad N, Professor and Head, Department of Computer Science and
Engineering, East West Institute of Technology, Bengaluru for his valuable
guidance, encouragement and suggestions. I would like to express my sincere
thanks to my internal guide Dhanraj S, Assistant Professor, Department of
Computer Science and Engineering, East West Institute of Technology, Bengaluru
for his valuable guidance, encouragement and suggestions. I would like to express
my deep sense of sincere gratitude to my internal co-guide Manjunath T N,
Assistant Professor, Department of Computer Science and Engineering, East West
Institute of Technology, Bengaluru for his valuable guidance, encouragement and
suggestions. I would like to thank all the Teaching, Technical faculty and
supporting staff members of Department of Computer Science and Engineering,
East West Institute of Technology, Bengaluru, for their valuable suggestions and
support. Finally, I would like to thank my Parents for their support.

References

A. P. N and C. D. Guruprakash, "A Relay Node Scheme for Energy Redeemable
and Network Lifespan Enhancement,” 2018 4th International Conference on
Applied and Theoretical Computing and Communication Technology (iCATccT),
Mangalore, India, 2018, pp. 266-274.

Achyutha Prasad, N., Guruprakash, C.D., 2019. A relay mote wheeze for energy
saving and network longevity enhancement in WSN. International Journal of
Recent Technology and Engineering 8, 8220-8227.
doi:10.35940/ijrte.C6707.098319.

Achyutha Prasad, N., Guruprakash, C.D., 2019. A relay node scheme of energy
redeemable and network lifespan enhancement for wireless sensor networks
and its analysis with standard channel models. International Journal of
Innovative Technology and Exploring Engineering 8, 605-612.

Achyutha Prasad, N., Guruprakash, C.D., 2019. A two hop relay battery aware
mote scheme for energy redeemable and network lifespan improvement in
WSN. International Journal of Engineering and Advanced Technology 9, 4785-
4791. doi:10.35940/ijeat.A2204.109119.

Achyutha, P. N., Hebbale, S., & Vani, V. (2022). Real time COVID-19 facemask
detection using deep learning. International Journal of Health Sciences, 6(S4),
1446-1462. https://doi.org/10.53730/ijhs.vbnS4.6231.

Agarwal, P.; Alam, M. A lightweight deep learning model for human activity
recognition on edge devices. Procedia Comput. Sci.2020, 167, 2364-2373.


https://doi.org/10.53730/ijhs.v6nS4.6231

10806

Akram Bayat, Marc Pomplun, Duc A. Tran, "A Study on Human Activity
Recognition Using Accelerometer Data from Smartphones", ELSEVIER 2014.
Bo Tang, Jin Xu, Haibo Heand Hong Man," ADL: Active Dictionary Learning for

Sparse Representation”, IEEE 2017.

C. Ronao, and S. Cho. Human activity recognition with smartphone sensors using
deep learning neural networks. Expert systems with applications 59 (2016):
235-244.

Christian Debes, Andreas Merentitis, Sergey Sukhanov,Maria Niessen, Nicolaos
Frangiadakis, and Alexander Bauer, "Monitoring Activities of Daily Living in
Smart Homes", IEEE 2016.

D. Anguita, et al. Human activity recognition on smartphones using a multiclass
hardware-friendly support vector machine. International workshop on ambient
assisted living. Springer, Berlin, Heidelberg, 2012.

Dr.Balakrishna R, Piyush Kumar Pareek et al, 'Study on Six Sigma approach to
improve the quality of process outputs in business processes in Small &
Medium Level Software Firms’ Springer AISC Series/ SCOUPS INDEXED
JOURNAL, Paper Id : IT -221-ICPCIT2015 , June 2015.

Dr.Piyush Kumar Pareek et al, ‘A survey on approaches for predicting
performance of students’,International Journal of Engineering Research and
Science, ISSN No0.2395-6992 Paper Id:IJOER-Jun-2016-25.

Dr.Piyush Kumar Pareek et al, ‘A survey on Long term product planning and
requirements prioritization to customer value creation’, International Journal
of Engineering Research and Science, ISSN No0.2395-6992 Paper Id: IJOER-
Jun-2016-27.

Dr.Piyush Kumar Pareek et al, ‘Education Data Mining -Perspectives of
Engineering Students ’, International Journal of Innovative Research in
Computer Science & Technology (IJIRCST), ISSN: 2347-5552, Volume-4, Issue-
S, September-2016.

Eunju Kim, Sumi Helal, and Diane Cook," Human Activity Recognition and
Pattern Discovery", IEEE 2010.

F. Friedrich, M. Smeja, and J. Fahrenberg. Detection of posture and motion by
accelerometry: a validation study in ambulatory monitoring, Computers in
human behavior 15.5 (1999): 571-583.

Hassan, M.M.; Uddin, Z.M.; Mohamed, A.; Almogren, A. A robust human activity
recognition system using smartphone sensors and deep learning. Future
Gener. Comput. Syst. 2018, 81, 307-313.

Hebbale, S., Marndi, A., Achyutha, P. N., Manjula, G., Mohan, B. R.,, &
Jagadeesh, B. N. (2022). Automated medical image classification using deep
learning. International Journal of Health Sciences, 6(S5), 1650-1667.
https://doi.org/10.53730/ijhs.v6nS5.9153

Hebbale, S., Marndi, A., Manjunatha Kumar, B. H., Mohan, B. R. ., Achyutha, P.
N., & Pareek, P. K. (2022). A survey on automated medical image classification
using deep learning. International Journal of Health Sciences, 6(S1), 7850—
7865. https://doi.org/10.53730/ijhs.vbnS1.6791

Jipeng, T., Neelagar, M. B., & Rekha, V. S. (2021). Design of an embedded control
scheme for control of remote appliances. Journal of Advanced Research in
Instrumentation and Control Engineering, 7(3 & 4), 5-8.

K. Nakano, and B. Chakraborty. Effect of dynamic feature for human activity
recognition using smartphone sensors. 2017 IEEE 8t International Conference
on Awareness Science and Technology (iCAST), IEEE, 2017.


https://doi.org/10.53730/ijhs.v6nS5.9153
https://doi.org/10.53730/ijhs.v6nS1.6791

10807

Kalshetty, J. N., Achyutha Prasad, N., Mirani, D., Kumar, H., & Dhingra, H.
(2022). Heart health prediction using web application. International
Journal of Health Sciences, 6(S2), 5571-5578.
https://doi.org/10.53730/ijhs.vbnS2.6479.

Lee, S.-M.; Yoon, S.M.; Cho, H. Human activity recognition from accelerometer
data wusing convolutional neural network. In Proceedings of the IEEE
International Conference on Big Data and Smart Computing (BigComp), Jeju,
Korea, 13-16 February 2017; pp. 131-134.

Liming Chen, Member, IEEE, Jesse Hoey, Chris D. Nugent, Member, IEEE, Diane
J. Cook, and Zhiwen Yu, "SensorBased Activity Recognition", IEEE, VOL. 42,
NO. 6, NOVEMBER 2012.

Lin Fan, and Zhongmin Wang. (2014)” Human activity recognition model based on
decision tree.” International Conference on Advance Cloud and Big Data, pp.
64-68.

M. Humayun Kabir, M. Robiul Hoque, Keshav Thapa, and Sung-Hyun Yang.
(2016) “Two-Layer Hidden Markov Model for Human Activity Recognition in
Home Environments.” International Journal of Distributed Sensor Networks,
Volume: 12 issue: 1.

Meisam razaviyayn hung-wei tseng zhi-quan luo, "Dictionary learning for sparse
representation: complexity and algorithms", IEEE international conference
2014.

Mr. Piyush Kumar Pareek, Dr. A. N. Nandakumar, Lean software development
Survey on Agile and Lean usage in small and medium level firms in Bangalore’
, International Journal of Advanced Research in Computer Science and
Software Engineering , Volume 4, Issue 12, December 2014 , ISSN: 2277 128X
.pp 1-7 Impact Factor : 2.08.

Mr.Piyush Kumar Pareek, Dr. A. N. Nandakumar, Lean software development
Survey on Benefits and challenges in Agile and Lean usage in small and
medium level firms in Bangalore’ , International Journal of Advanced Research
in Computer Science and Software Engineering , Volume 4, Issue 12,
December 2014 , ISSN: 2277 128X .pp 1-11 Impact Factor : 2.08.

Murthy, R. K., Dhanraj, S., Manjunath, T. N., Achyutha, P. N., Prasad, A. N., &
Gangambika, G. (2022). A survey on human activity recognition using CNN and
LSTM. International Journal of Health Sciences, 6(S7), 3408-3417.
https://doi.org/10.53730/ijhs.v6nS7.12479

N. A. Prasad and C. D. Guruprakash, "An ephemeral investigation on energy
proficiency mechanisms in WSN," 2017 3rd International Conference on
Applied and Theoretical Computing and Communication Technology (iCATccT),
Tumkur, 2017, pp. 180-185.

N. G and G. C. D, "Unsupervised Machine Learning Based Group Head Selection
and Data Collection Technique," 2022 6th International Conference on
Computing Methodologies and Communication (ICCMC), 2022, pp. 1183-1190,
doi: 10.1109/ICCMC53470.2022.9753995.

O” scar D. Lara and Miguel A. Labrador, "A Survey on Human Activity Recognition
using Wearable Sensors", IEEE communications surveys & tutorials, 2013.

Palwasha Afsar, Paulo Cortez, Henrique Santos, "Automatic Human Action
Recognition from Video using Hidden Markov Model", IEEE 2015.

Piyush Kumar Pareek & Dr. A. N. Nandakumar, To Implement Lean software
development frame- work for minimizing waste in terms of non-value added


https://doi.org/10.53730/ijhs.v6nS2.6479
https://doi.org/10.53730/ijhs.v6nS7.12479

10808

activities’, Research Publishing, Jain University ICISTSI-15 , Innovative
Partners for Publishing Solutions, Singapore (May 2015).

Piyush Kumar Pareek & Dr.A.N.Nandakumar, 'Failure Mode Effective Analysis of
Requirements Phase in small software Firms’, Paper ID:
ICSTM/YMCA/2015/292, International Conference on Science, Technology
and Management (ICSTM-2015). International Journal of Advance Research in
Science and Engineering (IJARSE, ISSN- 2319-8354, Impact Factor- 1.142)
[www.ijarse.com]|, Special Issue Jan2015.

Piyush Kumar Pareek & Dr.A.N.Nandakumar, ’Identifying Wastes in software,
International Journal of Engineering Studies and Technical Approach’.
January Issue 2015.

Piyush Kumar Pareek , Dr.Praveen Gowda , et al ’Ergonomics in a Foundry in
Bangalore to improve productivity’,International Journal of Engineering and
Social Science , ISSN: 2249- 9482 ,Volume 2,Issue 5 (May 2012) , pp 1-6.

Piyush Kumar Pareek , Dr.Praveen Gowda, et al 'FMEA Implementation in a
Foundry in Ban- galore to Improve Quality and Reliability’,International
Journal of Mechanical Engineering and Robotics Research, ISSN :2278-
0149,Volume 1,Issue 2(June 2012),pp 81-87.

Piyush Kumar Pareek et al, ‘Survey on Challenges in Devops ’, International
Journal of Innovative Research in Computer Science & Technology (IJIRCST),
ISSN: 2347-5552, Volume-4, Issue-5, September-2016.

Piyush Kumar Pareek, Dr. A. N. Nandakumar, et al 'Methodology and Functioning
of Project Management Techniques in Agile Software Development Process’,
International Journal of Research in IT, Management and Engineering, ISSN:
2249-1619, Volume?2, Issuel2 (December2012), pp 76-85.

Piyush Kumar Pareek, Dr. Vasanth Kumar S A , et al 'Reduction of Cycle Time By
Implementation of a Lean Model Carried Out In a Manufacturing Industry’,
International Journal of Engineering and Social Science , ISSN: 2249-
9482,Volume 2,Issue 5 (May 2012) , pp 114-123.

Piyush Kumar Pareek, Dr.Vasanth Kumar S A , et al Tmplementation of a Lean
Model for Carrying out Value Stream Mapping in a Manufacturing Industry’,
International Journal of Mechanical Engineering and Robotics Research, ISSN
:2278-0149,Volume 1,Issue 2(June 2012),pp 88-95.

Prakash, N. C. P., Narasimhaiah, A. P., Nagaraj, J. B., Pareek, P. K,
Maruthikumar, N. B., & Manjunath, R. . (2022). Implementation of NLP based
automatic text summarization using spacy. International Journal of Health
Sciences, 6(S5), 7508-7521. https://doi.org/10.53730/ijhs.v6nS5.10574

Prakash, N. C., Narasimhaiah, A. P., Nagaraj, J. B., Pareek, P. K., Sedam, R. V., &
Govindhaiah, N. (2022). A survey on NLP based automatic extractive text
summarization using spacy. International Journal of Health Sciences, 6(S8),
1514-1525. https://doi.org/10.53730/ijhs.vobnS8.10526

Prasad N. Achyutha, Sushovan Chaudhury, Subhas Chandra Bose, Rajnish Kler,
Jyoti Surve, Karthikeyan Kaliyaperumal, "User Classification and Stock
Market-Based Recommendation Engine Based on Machine Learning and
Twitter Analysis", Mathematical Problems in Engineering, vol. 2022, Article
ID 4644855, 9 pages, 2022. https://doi.org/10.1155/2022/4644855.

Pubali De , Amitava Chatterjee, and Anjan Rakshit ," Recognition of Human
Behavior for Assisted living using Dictionary Learning Approach", IEEE
SENSORS JOURNAL, VOL. 18, NO. 6, MARCH 15, 2018.

K


https://doi.org/10.53730/ijhs.v6nS5.10574
https://doi.org/10.53730/ijhs.v6nS8.10526
https://doi.org/10.1155/2022/4644855

10809

R. V S and Siddaraju, "Defective Motes Uncovering and Retrieval for Optimized
Network," 2022 6th International Conference on Computing Methodologies and
Communication (IcecMQ), 2022, pPp- 303-313, doi:
10.1109/ICCMC53470.2022.9754109.

Ramkrishna, S., Srinivas, C., Narasimhaiah, A. P., Muniraju, U., Maruthikumar,
N. B., & Manjunath, R. I. (2022). A survey on blockchain security for cloud and
IoT environment. International Journal of Health Sciences, 6(7), 28-43.
https://doi.org/10.53730/ijhs.v6n7.10692

Rekha VS, Siddaraju., “An Ephemeral Analysis on Network Lifetime Improvement
Techniques for Wireless Sensor Networks”, International Journal of Innovative
Technology and Exploring Engineering, vol. 8, issue 9, 2278-3075, pp. 810-
814, 2019.

Rong liu, ting chen, lu huang," Research on human activity recognition based on
active learning", IEEE 2010.

S. A. Taghanaki, K. Abhishek, J. P. Cohen, J. Cohen-Adad, and G. Hamarneh,
“Deep semantic segmentation of natural and medical images: A review,” Artif.
Intell. Rev., pp. 1-42, 2020.

S. Chaudhury, N. Achyutha Prasad, S. Chakrabarti, C. A. Kumar and M. A.
Elashiri, "The Sentiment Analysis of Human Behavior on Products and
Organizations using K-Means Clustering and SVM Classifier," 2022 3rd
International Conference on Intelligent Engineering and Management (ICIEM),
2022, pp. 610-615, doi: 10.1109/ICIEM54221.2022.9853128

Sarah Fallmann and Johannes Kropf. (2016) “Human activity recognition of
continuous data using Hidden Markov Models and the aspect of including
discrete data.” Intl IEEE Conferences 121-126.

Shagun Shaily, Veenu Mangat, "The Hidden Markov Model and its Application to
Human Activity Recognition", IEEE 2015.

Uriel Martinez-Hernandez, Imran Mahmood, and Abbas A. Dehghani-
Sanij,"Simultaneous Bayesian Recognition of Locomotion and Gait Phases With
Wearable Sensors", IEEE SENSORS JOURNAL, VOL. 18, NO. 3, FEBRUARY 1,
2018.

W. Wu, et al. Classification accuracies of physical activities using smartphone
motion sensors. Journal of medical Internet research 14.5 (2012).

Xia, K.; Huang, J.; Wang, H. LSTM-CNN Architecture for Human Activity
Recognition. IEEE Access 2020, 8, 56855-56866.

Y. Zhang, and K. M. Ramachandran. Human Activity Recognition with Streaming
Smartphone Data. 2019 Global Conference for Advancement in Technology
(GCAT). IEEE, 2019.

Yan Wang, Shuang Cang2, Hongnian Yul, "A noncontactsensor surveillance
system towards assisting independent living for older people”, Research gate,
December 2017.


https://doi.org/10.53730/ijhs.v6n7.10692

