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Abstract:

In recent years, the study of computer vision and pattern recognition has seen a significant increase in
the popularity of video-based human action recognition as a research topic. Many different fields,
including surveillance, robotics, healthcare, video searching, and human-computer interaction, are
among its many potential uses. Human action identification in videos faces several difficulties,
including crowded backdrops, occlusions, viewpoint fluctuation, execution rate, and camera motion.
Over the years, numerous strategies have been put up to deal with the difficulties. For research, three
different dataset types—single perspective, multiple viewpoints, and RGB-depth videos—are used.
This paper provides an overview of several cutting-edge deep learning-based methods for the
recognition of human actions on three different kinds of datasets. Given the increasing.[6]. Here we
are using Long short-term Memory networks, as it is a part of Neural Networks. It is more efficient
and accurate to create the structures so that the model can understand the method easily.
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. INTRODUCTION

The difficult task of identifying human actions in a video stream has recently attracted a lot of interest from the computer
vision research community. Analysing a human action involves more than just demonstrating how various bodily parts
move;[1][2] it also involves describing the aim, emotion, and thoughts of the actor. As a result, it is now an important part of
understanding and analysing human behaviour, which is important in many fields, such as surveillance, robotics, healthcare,
video searching, and human-computer interaction.[4] Video data differs from static images in that it incorporates temporal
information, which is crucial for recognising actions.[3][5]Video data also incorporates naturally occurring data
augmentation, such as jittering for video frame classification.

Lately, much work has been finished in various regions in the PC vision research region, like video Arrangement, goal and
division and so forth. In any case, the examination on video-based human movement acknowledgment has not been
investigated a lot, because of the difficulties in handling fleeting data from the video transfer.[6][11] Activity
acknowledgment from a video transfer can characterized as perceive human activities naturally utilizing an example
acknowledgment framework with insignificant human-PC cooperation.[10][11] Commonly, an activity acknowledgment
framework dissects specific video groupings or edges to get familiar with the examples of a specific human activity in the
preparing interaction and utilize the learnt information to order comparable activities during the testing stage.

Il. RELATED WORK
A. Motion features comparison

In the majority of comparable work as well as in this work, the spatiotemporal motion data is standardised to become
independent of the subject's position, orientation, and skeleton size. [33] As shown in fig. 1, the root joint is pinned into the
origin (0, 0, 0) to rotate the skeleton in each frame so that its hips face the fixed orientation. The normalised data is subjected
to additional processing [10, 31, 41, 46, 47] to produce a descriptive frame-based.
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Fig 1: Upper body structure with 11 joints

B. Annotation of Segments

The process of gradually dividing the videocapture() functions into segments , is known as segmentation. [4, 11, 31] The
classic approach of a mediapipe() function that is shifted systematically and rewritten is used to identify the segments,
resulting in a video capture as reproduction datasets. [11] A number of simultaneous mediapipe() that are various heights
and widths enhance data replication by 20 times. A nonlinear segmentation is suggested to produce segments of various
lengths with semantic power in order to prevent a significant segmentation[6] overlap. In order to acquire the closest preset
data samples, the segments must be processed in order to extract segment level features. The nearest-match class is taken into
consideration if there is a high degree of similarity between a segment and its closest match. [11, 31] It can be
computationally taxing to compare the features of several segments with numerous action samples, especially when using the
pricey read and holistic function of quadratic time program complexity.

C. Detection and Prediction

Movements of hand and upperbody can be annotated in live camera using machine learning based approaches , [46] which
means that the average frame sampling degree is higher than the actual frame sampling degree rate. The very basic need is
that Machine Learning based sample collection techniques [7], are also suited for early detection that is, [41] finding the
beginnings of activities even before they are completed. Movements can even be observed many times in advance by raising
acceptance sensitivity, but this usually comes at the expense of decreased recognition accuracy. In time-sensitive
applications, such as gesture detection for gaming, action prediction is crucial.

D. Our contributions

We use deep learning(LSTM neural networks), which was previously demonstrated efficacy on identifying brief portioned
movements , to dramatically outperform the existing methods for annotating skeletal sequences. [24, 27, 29] Our online
action identification method (Online-LSTM), [24, 37] in particular, can accurately detect the starting and ending of serial
activities inside the MPHolostic(). In this research paper we have demonstrated that actions may be recognised at their
beginnings without having to wait for them to complete, to boost the accuracy of acceptable values, activities may be
anticipated a 100ms in advance.

The findings are evaluated using the metrics contrasted by using cutting-edge methods. Our method is more than one degree
efficient than the existing cutting-edge motion detection algorithms, achieving not only a distinctly higher effectiveness but
also demonstrating superior performance.

1. METHODOLOGY

A. Problem Defination

A set of consecutive skeleton postures (P1...... Pn) is used to illustrate a motion sequence (or just motion) Pi (i 1, n). The
motion length is determined by the total number of skeletal poses, n. The 31 monitored joints of the i™ position with the P,
which was instant (Pi € R93) are shown visually in acquired at time I (1 I n), which are shown visually in Fig. 1 as the 3D
coordinates of 31 tracked joints. We will track the movements so that will help us to create a concreate dataset which will be
more efficient to train the model to read the actions of a human. These actions are not general they are the signs and symbols
used by deaf and verbally nonprivileged persons and later worked as their very own personal assistant. [28, 32, 47].

A pseudo-infinite motion sequence is known as a stream Only very small number of previous frames may be read in main
memory at any given time, and also these are not processed.

Neural networks are the most efficient way to resolve structure communication and confusion matrix problems. Face
recognition is one of them and if we want to resolve the problem, we need to implement the neural network problems. Neural
network has many forms among them we have used Long Short- Term because this algorithm provides more accurate values
for human movement with graph. We have discussed about the algorithm below.
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V. EVALUATION OF THE PROCESS AND EXPARIMENT

Experimental analysis of the effectiveness and efficiency of the suggested Online-LSTM and Offline-LSTM models'
annotation quality. These Machine Learning models are assessed using 3 separate real world applications: offline sequence
action Detection using segments, action early-detection and prediction, and real-time stream annotation. Additionally, 3
different datasets which contains subsets also (created Live and saved) are used to evaluate each use case [30,46,47]. This
dataset is being used because it identifies total 270 number of classes, that are the highest number of classes compared with
other datasets, and because it gives ground reality of the algorithm that is suited for the evaluation of Machine Learning
algorithms. The best outcomes are contrasted with cutting-edge methods assessed on the identical dataset.

A. Dataset

The Dataset that we have created by tracking the skeleton movements and we have saved the dataset on a sequence of 30x30
matrix. All these values are predefined by the different human and machine interactions, we have used different persons to
provide different signs of especially abled people and helped us to create an efficient system for them. [42,45,48]

TABLEL. DESCRIPTIONS OF DATASET

Model: "'sequential_2"
Layer _Segments Output stream Parameter
Istm6 (LSTM) (None, 30, 64) 442112
Istm7 (LSTM) (None, 30, 128) 98816
Istm8 (LSTM) (None, 64) 49408
dense6 (Dense) (None, 64) 4160
dense7 (Dense) (None, 32) 2080
dense8 (Dense) (Nong, 3) 99

We have collected total samples of: 596,675 and Trainable params: 596,675 and Non-trainable params: 0

B. Proposed Algorithm:

The proposed algorithm is based on LSTM and here we need to find the graphs for both body, hands, face[34,35,36] and
it is also calculating the body poses. Hence, we need to create dataset for the machine so that the machine can easily
understand the predictions on the basis of the dataset we have created. [38,39] The numpy array is used to create one of the
major matrices to understand the mathematics behind the confusion matrix.to train the model we have used the real time data
so that the predictions could more detailed and accurate. In details the algorithm has been described below-

1. Collect_Feathers <- FaceMesh_Feathers or Face Feathers

Collect_Pose <- Pose_Connections or body Pose
Collect_Left_hand_Connections <- Hand_Connections
Collect_Right_hand_Connections <- Hand_Connections
Declare two variables to store results.
Use Videocapture function ()
Draw land Marks.
Draw_Landmarks <- (frame, results)
Extract Key point values for
a. Body <- np. Array
b. Face<- np. Array
c. Left_hand<- np. Array
d. Right_hand<- np. Array
10. Setup folders for data collection.
11. Pre-process the data and create labels and feathers.
12. Build and train the LSTM network(Tensorflow)

a.  Import<- Sequential

b. Import<- LSTM

c. Import<-Dense

d. Import<-Tensorboard
13. Make Predections

a. Res <- Model. Predection

©EoNoOR~WN
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b. Save waights<- model.save
14. Evaluation using confusion Matrix and Accuracy
15. Test performed in real time.

C. Protocols used for experiments
First portion of the algorithm is used to train the model and the second part of the algorithm is used to test the annotation in
the first part it detects the only upper body and hands and second part it detects the facial graphs so the expression of the user
also can be detected very precisely.

Fig 2. Providing Training to the model using Skeleton graph
D. Test Results Representation using confussion matrix:
array([ 0.46401805, 0.47148561, -0.42863482, ..., 0.33942375,
0.26005563, -0.00118776])
And the Numpy Array is

array([ 0.46401805, 0.47148561, -0.42863482, ..., 0.33942375,
0.26005563, -0.00118776])
E. Label Map of the model:
{’hello": 0, 'thanks": 1, ‘iloveyou'": 2}
Shape of the numpy array of the image :
(180, 30, 1662)

Simply said, training a model entails learning (deciding) appropriate values for each weight and bias from labelled samples.
[24,25] Empirical risk minimization is the technique by which a machine learning algorithm constructs a model in supervised
learning by analysing several examples and looking for a model that minimises loss.

300 400 500 600

Fig 3. Mathematical analysis of the model using confussion matrix.
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model.fit(X train, y_train, epochs=2000, callbacks=[tb_callback])
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V. CONFUSION MATRIX

After cleaning, pre-processing, and wrangling the data, the first thing we do is feed it to a fantastic model, [26,27,28]
which, of course, produces results in probabilities. How in the world are we going to evaluate the performance of our
model. That is exactly what we want: greater efficacy and performance. [29,30] And this is where the Confusion Matrix is
highlighted. A machine learning classification performance metric is the confusion matrix.
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We have provided the results with the matrix representation along side the real time test.[11,12] We have focused to the
novel cause and that gives us continuous motivation to create a model for specially abled persons so that they can be also
feels like the part of the technological advancements . [15]

i. Mathematical Representation:

ii. Pictorial Representation:

array([[[2, 0],

[0, 311,
(4. a1,
[0, 111,
(4. a1,

[0, 1111, dtype=int64)
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Fig 6. Real time representaion of the model

VI. COMPARISON WITH SIMILAR TECHNOLOGY AND TERMS

We compare the dataset's efficiency with our method statistically to mpholistic(), mediapipe(), and Faceposters() to
identify the quality with other approaches that are closely related to our work. On various datasets, nevertheless, we have
used very basic but effective data model to collect the data alongside train the model and test the model on real world.

A. Effectiveness quantitative comparison

As shown in Table 2, our technique greatly outperforms approaches [11, 31] when assessed using the identical train/test data
and frame-level metric. The retrieval-based method used by assumed Value. [11] in particular repeats a large number steps
which we need to repeat gradually, F1 score is 88.00%, the highest ever reported. All these actions are condensed into tiny
segments to prevent tedious segment to action matching. The online Istm 71% F1 score matches these templates with data
segments.

TABLE 2. COMPARISON WITH STATE-OF-THE ART APPROACHES ON THE DATASET

data data | time |[F.ext. | Annot. | Total F1

[min] | [min] [h] [ms] [ms] [ms] [%](round)
Mullar online data 31 40 0 0.68 3.39 4 71
Mullar ofline data 25 35 0 0.98 0.35 2.03 89
assumed Value 21 61 2 9.18 0.58 7.6 88
Online LSTM BF GL 21 61 5 7.15 0.16 0.19 87
Ofline LSTM BF GL 21 61 45 2.56 0.8 0.14 81

B. Qualitative comparison

Very effective techniques are the LSTM algorithm[24, 37], which produce improved algorithm results difficult Kinect
datasets with low frame rates and large tracking error rates. Both strategies make use of extremely complex, multi-layered
architecture. Two modules, one for classification and one for beginning and ending detection, are utilised in [24] and both
require multi-stage training. In [37], two attention modules are also utilised. Instead, we suggest a quick and simple method
that simultaneously algorithm classification into a single LSTM cell. Mainly we offer multilabel output while [22, 38] only
allows for the annotation of a single action class at a time.
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On the MSRC-12 dataset [14], model-based techniques [6, 41, and 46 provide very competitive results; however, the
published F1 scores are computed on operational level.

VII. CONCLUTION

We have successfully created a system with the help of Long Short-Term Memory which is a part of the advanced Neural
Networks. We have observed that the results that is provided by our algorithm is more accurate then RNN, CNN and KNN.
Specially the online and offline LSTM a have provided more accuracy to the system and both the algorithms complements
each other very efficiently. Our model improves the accuracy of the lengthy data that is created by the online and offline
LSTM. The accuracy of detection of moments of our model is near .99 or the detection of the model is 99%.

The data collection rate of our model is near .13 milliseconds and output stream generation of our data is .08 milliseconds
which is faster than the models that are present in today’s environments. This algorithm can be implemented with drone
camaras to improve accuracy and precession of the camera or focus of the camera alongside it will help us to create the
detection systems more accurate.

In future we will combine both the online and offline LSTM so that we can increase the accuracy of the system and more
accurate results will be processed. We are very hopeful the targeted system that we have created it will help us to create a
virtual environment for the specially abled persons so that they can have a good use of the technology in future.
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