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Abstract:

To ensure public safety, successful surveillance video analysis requires both an understanding of
human behavior and the ability to recognize human actions. However, because they require a large
amount of parameters, existing approaches like neural networks and three-dimensional
convolutional neural networks (CNN) have computing challenges. To address these challenges with
regard to efficient human action detection, a specific residual CNN based on directed acyclic graphs
was created in this work. Effective implicit representational acquisition of human movements is
rendered simpler by applying the suggested method's novel pipeline for generating spatial motion
data from raw video inputs. The implicit representations, are used as deep learning protocols and are
maintained in a fully linked layer. Action recognition is then accomplished by passing these
suggested approaches into the Support Vector Machine (SVM) classifier. Simulations were
conducted using MATLAB software on widely used behavior recognition statistics to assess the
created SVM algorithm.

Keywords: Pre-processing, Predictive modelling, convolutional neural network Hybrid
optimization, Segmentation, Activity recognition, Machine learning

I. INTRODUCTION
Numerous computer science and Artificial intelligence communities still put considerable emphasis
on human activity recognition research due to its potential to function a wide range of applications,
including surveillance, eHealth, and human-computer interaction. In modern times, the human
activity recognition system is often categorized into either a deep model or a classical model that
employs the feature extraction strategy [1]. To address the issue of human activity recognition, the
conventional method employs explicitly developed feature descriptors that fall into one of three
categories: local features, global features, or an assortment of either of them. The illustration can be
distinguished as its entirety by the global characteristics, which constitute the movements of the
human body. To define the representation of areas of a human activity, however, the local traits are
taken from an assortment of spatio-temporal interest points (STIPs) [2]. Global strategies are highly
sensitive to changes in the setting and partial blockages, nevertheless, can capture more visual
information by retaining the spatio-temporal structures of the events that took place within the video
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[3, 4]. The image is viewed as minute spots by the local traits such as which is generally
computationally expensive. In accordance to the computational complexity, human events can be
divided into four distinct groups: gestures, group activity, interactions, and acts. In the digital era, an
increasing amount of footage demands professional statistical methods for optimal interpretation.
Tracking people's daily activities using a variety of technologies, such as cellphones and wearable
sensors, 1S a significant application scenario for HAR. Smartphones monitor users' movements,
which motivates them to move throughout the period of observation. A significant field with many
applications, spanning security surveillance, athletics analysis, healthcare, and human-computer
interface, is human activity recognition.

A dataset is an essential requirement for a system that identifies human conduct. For the research,
the video or image dataset's, which contains several samples to assess the HAR system, is
mandatory. Schematic block representation of Human Action Recognition is shown in Fig 1.

Input Message - Feature
(VIDEO) Extraction

spatio temporal
aggression

Fig 1:Schematic Representation of HAR

In Recent times, Convolution Neural Network CNN applications has been observed significant
enhancements in video activity recognition performance. Owing to the rapid enhancement in deep
CNN models' performance, the academic and research community began employing CNNs for
human action recognition[5, 6]. Learning accessories and classifiers are used for developing an
automated HAR system. Reliable human action modeling and feature representation are offered in a
feasible HAR system. With computer vision technique, the representation and selection of features
is an important challenge. The HAR system's function is to recognize activities on images, which
split up frames of a video, and to extract data about the frames' rapidly shaping effects, such as
standing, running, etc[5]. The two reasons for the significant delay are in comparison to still image
recognition datasets, the size and range of existing video activity recognition datasets are fragile.
Consequently, restricted datasets will over-fit the model and fail to provide the action classification
generalized answer. Developing large video collection and training them on deep networks is
extremely challenging and expensive. Second, because the video classification task includes
additional facts known as temporal data, it requires significant data processing. The remedy to these
intricate action categorization problems with videos has recently been the focus of multiple research
efforts.

II. STATE OF ART RELATED WORK

In paper [7] the authors discusses the rank of human activity employing information gathered by
smartphone sensors (gyroscope and accelerometer). Various actions performed by humans will be
classified as standing, sitting, walking, lying down, going up and down stairs. Machine learning
models are created and optimized to set up HAR from data gathered with the best outcomes. The
traditional machine learning algorithms that have been used are Random Forest, Decision Tree,
Linear and Kernel SVM, and Logistic Regression.
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In the paper [8, 9] discusses about author developed a novel based 1D-CNN deep learning approach
for recognizing human activities in this work, which focused on sensor-based activity detection.
Using raw accelerometer and gyroscope sensor data from three publicly available datasets—UCI-
HAPT, WISDM, and PAMAP?2 and author validated the model. To specify the model's architecture
and adapt the hyper-parameters of the resulting design, parameter optimization was adopted. Using
the UCI-HAPT dataset, the author employed 6, 7, and 12 classes of activity recognition, achieving
98%, 96.9%, and 94.8% accuracy rates, respectively. Additionally, the author's accuracy rates on the
WISDM and PAMAP?2 datasets were 97.8% and 90.27%, respectively. Additionally, author looked
at the effects of utilizing each sensor data separately, and outcomes suggest that proposed model
performed better when both sensor data were applied.

Authors in paper[10,11] suggests an approach for enhancing the accuracy of HAR by optimizing the
one-dimensional (1D-CNN) hyperparameters. The framework incorporates a parametric model for
ID-CNNs with a hyperparameter optimization mechanism. The current research developed the
OPTConvNet methodology, which uses Hierarchical Particle Swarm Optimization (H-PSO) for
maximizing the hyperparameters of 1D-CNN. The objective of the H-PSO strategy is to optimize
1D-CNN's architecture, layers, and training parameters. The 1D-CNN's architecture has initially
optimized using the H-PSO [12]. The following phase will be the optimization of the layer and
training hyperparameters. In order to avoid premature convergence to a local optimal solution in the
PSO algorithm, the suggested technique uses an exponential-like inertia weight to fine-tune the
balance between particle exploration and exploitation. Publicly accessible sensor-human activity
recognition (S-HAR) datasets, which include the UCI-HAR, Daphnet Gait, Opportunity, and
PAMPA?2 datasets, are used to assess the H-PSO-CNN.

The paper [13] author discusses about The most challenging aspect of the pipeline to recognize
human behavior using wearable and mobile sensors is extracting pertinent attributes. Feature
extraction enhances the algorithm's performance while minimizing computation time and
complexity. Nevertheless, nowadays methods for identifying human activity are based on manually
constructed traits that are unable to manage complex activities. Deep learning is one of the many
existing methods used to recognize individual activities; nevertheless, more has to be created to
identify action transitions [14]. A novel deep learning-based approach to identifying human
activities is put forth in this research to address these problems. Initially a genetic algorithm (FGA)
based on fuzzy logic is employed to extract characteristics from sensor data. The objective of
the novel proposed feature selection technique, PSOACO, is to enhance the efficiency of the particle
swarm optimizer (PSO) algorithm by utilizing the ant colony optimizer (ACO) operators. To
identify the activities, the Deep Convolutional Neural Network and Long Short Term Memory
(DCNN-LSTM) deep learning technique is next employed. Leveraging F1 Score, Accuracy,
Precision, and Recall, the efficacy of the implementation is evaluated.

III. PROPOSED METHODOLOGY

3.1 Classification models

A. Support vector machines (SVM)

Support vector machines (SVM) represent a supervised machine-learning approach applicable to
both classification and regression tasks. While SVMs are fundamentally designed for binary
classification, they can be adapted to handle multiclass scenarios through various techniques. The
primary objective of SVMs is to identify the optimal hyperplane that maximizes the margin between
different classes. Support vectors, which are a limited subset of the training dataset, define the
hyperplane's position and are identified upon the completion of the training process. SVMs are
capable of executing both linear and nonlinear classification effectively. A kernel technique is
required for nonlinear classification, which converts features into a high-dimensional space. If the
training data subset are not linearly separable, a kernel function SVM is used to transmit the data to
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a new vector space. SVM yields reliable and pertinent outcomes and performs well with significant
training datasets.

Given training data set be

D{(x1, y1),(X2, y2), ...(XN , yN) } V xeR";yie+l (1)

Where i represents the in the defined data-set in each action.

To determine a decision function for a linear classification, the hyperplane separation is represented
by:

yi = sng((@Ax;) + b) (2)
A generic hyperplane is defined by satisfying the condition and if delimited by margins is given by
w- xitb=0 3)
yi (W xi) +b) =21 4)

B. K-nearest neighbor

K-Nearest Neighbors is sometimes referred to as a lazy learner algorithm because the algorithm

safeguards the dataset before it takes an action on it during classification rather than learning from

the training set instantaneously [15, 17].

The steps involved in the KNN algorithm are:

1. Selecting the Optimal Value of K: This involves experimenting with different values of K
where K represents the number of nearest neighbors to consider while making a prediction.
Choosing the one that minimizes errors and optimizes performance. Methods like cross-
validation can help in this selection process.

Steps taken for selecting the optimal value of K are as follows

a. Range of K Values: Selecting a range of K values to test. Typically, this range is from 1 to
around 20.

b. Cross-Validation: Perform cross-validation for each K value. A common approach is k-fold
cross-validation, where your data is divided into k subsets (folds). For each fold, the model is
trained on k—1 folds and tested on the remaining fold. This process is repeated k times, each time
with a different fold as the test set.

c. Evaluate Performance: Calculate the average performance metric (like accuracy, precision,
recall, etc.) for each K value across all folds. The goal is to find the K value that yields the best
average performance.

2. Calculating distance: Distance measurements like Euclidean distance are used to determine the
similarity of the target and training data points [16].

Dist(xX) = [Ty (- X;)? 5)

Syntax:
def euclidean_distance(pl, p2):
return np.sqrt(np.sum((np.array(p1) - np.array(p2))**2))

3. Finding Nearest Neighbors: This involves sorting the entire dataset based on the calculated
distances and selecting the top K smallest distances.

Syntax:

Consider the samples collected in a set of area

knn = KNeighborsClassifier(n_neighbors="value’

knn.fit(X, y)
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4. Average for Regression: Each of the K-nearest neighbors votes for their class, and the majority
class wins. Regression: The predicted value is the average (or weighted average) of the target values
of the K-nearest neighbors[17].

Syntax:

knn = KNeighborsRegressor(n_neighbors= ‘value’

knn.fit(X, y)

new_point = [[ ‘half of the value’, ‘half of the value’]]

prediction = knn.predict(new_point)

The KNeighborsRegressor is used instead of KNeighborsClassifier

C. Random forest

An supervised machine-learning technique that can be employed for issues related to regression and
classification is random forest. The conceptual framework of ensemble learning provides the basis
for this approach. To solve a complex problem or enhance a model's performance, ensemble
learning integrates the outcomes from various classifiers. Randomly selected subsets of the training
set are employed to produce a forest of decision trees throughout the Rainforest approach's training
phase[15].

Decision Tree 1 Decision Tree 2 Decision Tree N

I Result 1 Result 2 Result N I
Majority Voting /Averaging

Final hesult

Fig 2: Decision tree using Rainforest approach

Throughout the testing period, the majority vote is employed to gather the forecasts given by every
tree in the forest. The Rainforest classifier demands a lot of labeled data to work well, and its
accuracy correlates significantly with the number of decision trees [15,18].

KNN is not typically combined with Random Forests directly, they both serve the purpose of
classification.

Syntax:

# Load dataset

data = load_iris()

X train, X test, y train, y test = train_test split(data.data, data.target, test size="value’,
random_state="value’)

# Initialize and fit Random Forest

rf model=RandomForestClassifier(n_estimators="value2’, random_state="value’)

rf model fit(X train, y train)

# Predictions

y_pred = rf model.predict(X_test)
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# KNN Example

from sklearn.neighbors import KNeighborsClassifier

# Initialize and fit KNN

knn_model = KNeighborsClassifier(n neighbors=’value”)
knn_model.fit(X_train, y train)

OR

knn_model = fitcknn(X_train, Y _train, NumNeighbors', k);
# Predictions

y_pred_knn =knn_model.predict(X_test)

% Evaluate accuracy

accuracy knn = sum(strcmp(pred_Y knn, Y test)) / length(Y _test);

D. Convolutional neural network

Convolutional neural networks (CNNs) extend findings to unidentified data and automatically learn
pertinent characteristics from low-level to high-level patterns without oversight from humans.
Several convolutional layers comprise a typical CNN. The convolution layer is in charge of
acquiring information. This layer associates the input data employing an assortment of filters in
order to create an array of features, which is then fed into the upcoming convolution or pooling
layer.

After the convolutional layers, pooling layers are introduced to reduce the spatial dimensions of the
feature maps. This process is known as down-sampling. Common down-sampling techniques
include first Max Pooling which takes the maximum value from each patch of the feature map.and
secondly Average Pooling which takes the average value from each patch of the feature map.Figure
1 Shown the Architecture of an Simple CNN.

SoftMax Activation
Function

Input Convolutional Max Pooling Dense Layer
Kernal Ii;ly]eru Layer (Flatten Layer) Output
+Rel.

I— Feature ans—l

Fully Connected Probabilistic
Layer Distribution

Feature Extraction

Fig 3: Architecture of an Convolutional Neural Network

Typically, two consecutive convolution layers are encircled by the pooling layer. This layer
maintains the most crucial information while decreasing the input feature map's spatial dimensions,
which lowers computational complexity [19, 20].

Non-overlapping areas appear when the distance between steps is equal to the filter size when
applying the convolution filters. In order to prevent the regions from overlapping, each filter will
work on separate, non-overlapping portions of the input image.

E. Long Short Term Memory

An artificial neural network, more especially a variant of recurrent neural networks (RNNs), is
called an LSTM. It is made to work with sequential data and address the issue of long-term memory
retention, which regular RNNs have trouble with because to vanishing gradients[21, 22].
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Fig 4. LSTM Cell Architecture

LSTMs are excellent for applications like time-series prediction and natural language processing
since they have memory cells that can store information for either short or extended periods of time.
LSTM modules can transmit a crucial attribute from the beginning of the input sequence over a long
distance,capturing significant long-distance dependencies. One of the main challenges in training
the standard RNN, however, is the disappearing gradients issues. Particularly in the early layers, the
RNN struggles with small gradient modifications. It consequently becomes unable to remember the
data for a long period of time [21]. Internal loops are an outcome of LSTM, which eliminates
redundant information and retains only pertinent data.

In LSTM the input gates I; enables and take the new data into account via ¢’t and forget F; the old
cell internal state is given in Eq 6 and retain the data.

Cr1 € R™X0 (6)
Using Hadmard producto operator the Eq 6 is modified as follows
Ci=FiO C.1 H1: O C? (7)

If the forget gate is always 1 and input gate is always 0 the ci.1 will always be constant forever.

IV.  IMPLEMENTATIONS

The Convolutional Neural Network model was trained using Matlab 2021a. Our approach is based
on CNN model with a processor 13th Gen Intel® Core™ i7-1355U 1.70 GHz and 16.0 GB (15.7
GB usable) RAM System type is based on 64-bit operating system, x64-based processor. Our data-
set was artificially augmented. This technique allows to avoid the problem of data-set over-fitting.
The parameters used for the implementation are shown in Table 1.

Table 1: Parameters used in CNN model
SL No. Parameter Values
| Frame length 224 x 224
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2 Dimensional vector 2048

3 Sampling 50

4 Initial Learning Rate 0.0001

5 Trained Networl 6 epochs

The Linear kernel is a simple kernel function based on the penalty parameter described by the

following format
K(x,y)=x"y+c (6)

3.2 Proposed HAR Block Diagram

The proposed “Human Action Recognition Network,” is a specialized form of deep learning
architecture that was developed specifically for the purpose of recognizing human actions in
surveillance footage effectively.
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Fig 4: Block Diagram of an HAR Network architecture

The block diagram in Fig 4 shows block diagram of an HAR network architecture. The raw sensor
data is received by the input layer. To extract spatial information from the input data, a set of filters
is used in the convolutional layer. Each filter accomplishes element-wise summations and
multiplications as it traverses across the input.

The Rectified Linear Unit (ReLU) helps introduce non-linearity, which enables the network to learn
deeper associations. In this case, the activation function (ReLU) is applied after each convolutional
operation. Batch normalization aids in stabilizing and speeding up training. Every neuron in one
layer is connected to every other neuron in the subsequent layer via the last dense layers. Squeeze-
and-Excitation Mechanisms is used to merge and suppress the dataset's and re-calibrate feature
maps to improve HAR Accuracy.

The primary goal is to simultaneously extract spatial and motion cues from video frames in a single
stream. HAR's ability to process location and motion data concurrently enables it to achieve greater
accuracy in human action detection tasks, rendering it suitable for real-world surveillance
applications. The inclusion of the bottleneck concept is critical in the context of the Lightweight
HAR network design, driving network efficiency, computational optimization, and streamlined
feature extraction.

V. EXPERIMENTAL RESULTS & DISCUSSION
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In this section, experimental results of different classifiers proposed for gender classification,
namely KNN,SVM, Decision Tree, CNN and CNN+LSTM, are presented and are compared with
the proposed HAR model. The accuracy value obtained on the test data set is used as the evaluation
criterion is shown in Table 2.

Table 2: Performance evaluation of classification models.

Algorithms KN | SVM | Decision Tree CNN | CNN+ | Proposed @ HAR
N LSTM | model
Accuracy in % 96.8 19636 |92.7 94 95 98.5

The graphical representation for the performance evaluation for a classical model are shown in Fig

5.

Accuracty

Accuracy in %

o

Algorithms

Table 2: Performance evaluation of inference time in (ms).

Algorithms KN |SVM | Decision | CNN | CNN+ | Proposed
N Tree LSTM | HAR model
Inference time (ms) | 42 35 40 45 33 25

60
g 50
40
= 30

2

(= ]

Inference Time (ms)

CNN+LSTM Proposed HAR

Decision Tree

Algorithms

To start with the accuracy of Proposed HAR had a discernible decline of 3.5% to 4.5% removal of a
component that was based on directed acyclic graphs. The significance of SVM in properly
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managing the deeply acquired features obtained through proposed HAR model. The inference time
of the proposed algorithms was very less as compared to the other existing prototype. To scale the
proposed HAR model SVM are more complex to diverse environments. s adaptability to different
settings with minimal retraining, possibly through transfer learning. Maintaining high performance
in diverse settings may require additional data augmentation techniques and domain adaptation
methods.

VI. CONCLUSIONAND FUTURE SCOPES

In this research paper we presented Human Action Recognition Network Classifier Leveraging
SVM-Directed Machine Learning. A pre trained CNN approach based Proposed HAR model has
been proposed to extract spatial and temporal features from consecutive frames. In the experimental
results, Decision tree algorithms places the least significant of 92% accuracy compare to all other
proposed algorithms. Compare to existing algorithms,the proposed HAR model has 98.5% accuracy
and inference time was very less compared to other algorithms. But still has a redundancy error for
the future scope to improve. For our future works, we propose to use a combination of a genetic
algorithm with SVM to optimize the weights of the used CNN model leading to automatically
improve the performance.
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