
International Journal of Engineering Science and Computing, April  2019        21382                                                              http://ijesc.org/ 

                     

ISSN XXXX XXXX © 2019 IJESC                                                                                                   

                                                       
 

 

Human Action Recognition using Deep Learning 
Kiran Kate

1
, Roshan Kate

2
, Pranav Mandke

3
, Mr. Rajesh Shekokar

4
 

BE Student
1, 2, 3

, Assistant Professor
4
 

Department of Electronics and Telecommunication 

RMD Sinhgad School of Engineering, Pune, India 

 

Abstract: 

We propose in this paper a fully automated deep model, which learns to classify human actions without using any prior 

knowledge. The first step of our scheme, based on the extension of Convolutional Neural Networks to 3D, automatically learns 

spatio-temporal features. A Recurrent Neural Network is then trained to classify each sequence considering the temporal 

evolution of the learned features for each time step. Experimental results on the KTH dataset show that the proposed approach 

outperforms existing deep models, and gives comparable results with the best related works. The rise in ubiquitous computing, the 

desire to make everyday lives smarter and easier with technology is on the increase. Human Activity Recognition (HAR) is an 

important research area in the field of computer vision and machine learning. Human activity recognition (HAR) is the outcome 

of a similar motive. Human Activity Recognition (HAR) catering to multiple challenging applications built on the increase in 

ubiquitous, persuasive computing. Human Activity recognition has become an important technology that is changing the 

landscape of people’s daily routine contributing to a wide range of applications as assistive technology, health and fitness 

tracking, elder care and automated surveillance to name a few. Additionally, the research in activity recognition has been so rapid 

and advanced that it is starting to cater applications that go beyond the activity recognition. However, as the field is rich in 

practical applications, the challenges emerging for activity recognition are multifold. Human action recognition is defined as 

automatic understating of what actions occur in a video performed by a human. This study is designed to perform HAR by using 

reduction techniques followed by different supervised machine learning algorithms as an aim to receive better predictive 

accuracy. KNearest Neighbor, Decision Tree, Naive Bayes, Multinomial Logistic Regression and Artificial Neural Network 

algorithms were used to perform the classification task 
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separated by commas. 

 

1.   INTRODUCTION 

 

Human Action recognition has gained much importance in the 

past decade due to its numerous applications in human centric 

applications as in the field of medical, security and also 

military. Important goal of the HAR in the current scenario is 

to identify the actions of the user in order to assist them with 

their tasks with the help of computing systems. Action 

recognition is the task of recognizing the physical action 

performed by one or more users from a set of observations 

recorded during the user Action in the context of the definitive 

environment. The typical workflow of a Human Action 

Recognition task deals with data acquisition from an external 

device as cameras. This data is then processed to obtain a 

cleaner and transformed data suitable for further processing. 

The data is explored to understand its nature and the type of 

processing that can be applied in the next stages. The design of 

the later stages could vary vastly on the application and its 

domain. But typically, the data is engineered to make it more 

appropriate by extracting more useful features from it. 

Furthermore, the data is segmented on basis of the evaluation 

that needs to be performed. Finally, a predictive model is 

created to identify the activities performed by the user and is 

evaluated for its performance. This detected Action can be 

repurposed for various applications as detecting change in the 

user Action, assistance in regard to the detected Action etc. 

 

2. OVERVIEW ABOUT DEEP LEARNING 
 

Deep learning is a sub-field of machine learning concerned 

with algorithms inspired by the structure and functionality of a 

human brain. Our human brain contains billions of cells (called 

neurons) which form a complex network (a neural network), 

that helps us perform our day-to-day tasks. These models are 

known as artificial neural networks and over the time, a 

number of variations of these networks have been implemented 

for a variety of different problems. Deep learning models give 

state of- the-art performance in highly complex problems (like 

speech recognition, image recognition, object detection and 

many more). These problems may look very trivial to us 

(humans), but for a computer, they are extremely hard. Deep 

Learning has revolutionized the technology industry. Modern 

machine translation, search engines, and computer assistants 

are all powered by deep-learning. This trend will only continue 

as deep-learning expands its reach into robotics, 

pharmaceuticals, energy, and all other fields of contemporary 

technology. It is rapidly becoming essential for the modern 

software professional to develop a working knowledge of the 

principles of deep-learning. Tensor flow makes it straight 

forward for engineers to design and deploy sophisticated deep-

learning architectures. Readers of “Deep Learning with 

Tensorflow” will learn how to use Tensorflow to build systems 

capable of detecting objects in images, understanding human 

speech, analyzing video and predicting the properties of 

potential medicines. Furthermore, readers will gain an intuitive 

understanding of Tensorflow’s potential as a system for 

performing tensor calclus and will be able to learn how to use 

Tensorflow for tasks outside the traditional purview of 

machine learning. . It teaches fundamental concepts through 

practical examples and builds understanding of machine-

learning foundations from the ground up. The Readers should 

hold basic familiarity with basic linear algebra and calculus. 
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We will review the necessary fundamentals, but readers may 

need to consult additional references to get details. We also 

anticipate that our book will prove useful for scientists and 

other professionals who are comfortable with scripting, but not 

necessarily with designing learning algorithms. In the 

remainder of this chapter, we will introduce readers to the 

history of deep learning, and to the broader impact deep 

learning has had on the research and commercial communities. 

We will next cover some of the most famous applications of 

deep-learning. This will include both prominent machine 

learning architectures and fundamental deep learning 

primitives 

 

3. OBJECTIVES 

 

The aim of this thesis work is to propose a framework that 

combines computer vision with neural networks to recognize 

human body poses from images taken by a low-cost camera.  

 

To that extent, the following steps should be done: 

1.  Investigate computer vision methods for human detection; 

2.  Investigate algorithms for human silhouette extraction from 

images; 

3. Investigate machine learning methods for effective image 

based classification of body poses; 

4.Implement a program that detects human, extracts   human 

silhouette and classifies human body pose; 

5. Analyze and compare results with different neural network 

models; 

6. Based on the obtained results, draw conclusions and propose 

a set of future improvements. 

 

Video block 

The live footage or already recorded footage is the part of this 

block. The video which is taken is segmented or divided into 

frames for easy processing and detection. 

 

Image processing 
Image processing is IMAGE + PROCESSING. In this we are 

using OpenCV software to process the frames and delete the 

background and completely focus on the human actions. 

 
Figure.1.  Detailed block diagram 

 

OpenCV Library 

OpenCV (Open Source Computer Vision) is a library of 

programming functions mainly aimed at real-time vision 

movement of people in camera captured content. There are 

three different types of images Binary Image, Greyscale Image 

and Colour Image.  Here we are converting the segmented 

frames into greyscale because each pixel is an 8 bit number. It 

can take values from 0-255. Each value corresponds to a shade 

between black and white (0 for black and 255 for white) and 

quality of the image is better than the binary image and it is 

quite easy than colour imaged. 

 

New Data/ Testing Data 

New data or testing data is nothing but the processed video 

which is used for the comparison with trained data using 

machine learning algorithms. 

 

Datasets and Input 

The dataset can be obtained here - Recognition of Human 

Actions. The video database containing six types of human 

actions (walking, jogging, running, boxing, hand waving and 

hand clapping) performed several times by 25 subjects in four 

different scenarios: outdoors s1, outdoors with scale variation 

s2, outdoors with different clothes s3 and indoors s4. The 

videos were captures at a frame rate of 25fps and each frame 

was down-sampled to there solution of 160x120 pixels. Further 

details  Once the 3D-ConvNet is trained on KTH actions, and  

since the spatio- temporal feature construction process is fully 

automated, it’s interesting to ex- amine if the learned features 

are visually interpretable. We report in Figure 2 a subset of 

learned C1 feature maps, corresponding each to some actions 

from the KTH dataset. Even if finding a direct link with 
engineered features is not straightforward (and not necessarily 

required) the learned feature maps seem to capture visually 

relevant information (person/background segmentation, limbs 

involved during the action, edge information. . . ). 

 
Figure. 2.  A sample of actions/scenarios from the KTH 

dataset 

 

Supervised Learning 

Supervised learning is the machine learning task of learning a 

function that maps an input to an output based on example 

input-output pairs. It infers a function from labelled training 

data consisting of a set of training examples. Supervised 

learning problems can be further grouped into regression and 

classification problems. 

 

1. Classification: A classification problem is when the output 

variable is a category, such as “red” or “blue” or “disease” and 

“no disease”. 

2. Regression: A regression problem is when the output 

variable is a real value, such as “dollars” or “weight”. Here we 

are using regression problem. 

This algorithm compares the old data with the new data and 

predicts the output. Regression is basically a statistical 

approach to find the relationship between variables. In 

machine learning, this is used to predict the outcome of an 

event based on the relationship between variables obtained 
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from the data-set. Linear regression is one type regression used 

in Machine Learning. 
 

Training Data 
This data set is used for future references and comparison. This 

collection is applied to the Machine Learning Algorithm. 
 

SVM (Support Vector Machines) 
Let’s consider the objects on illustration on the left. We can 

see that the objects belong to two different classes. The 

separating line (2 – dimensional hyper plane) on the second 

picture is a decision plane which divides the objects into two 

subsets such that in each subset all elements are similar. Note: 

There are a lot of possible separating lines for a given set of 

objects. Are all the separating lines (decision boundaries = 

decision planes) equally good. 

 
Figure. 3.  Support Vector Machines 
 

The Support Vector Machines (SVM), as simple to understand 

as possible for those with minimal experience of Machine 

Learning. It assumes basic mathematical knowledge in areas 

such as calculus, vector geometry and Lagrange multipliers. 

The document has been split into Theory and Application 

sections so that it is obvious, after the maths has been dealt 

with, how to actually apply the SVM for the different forms of 

problem that each section is centred on. The document’s first 

section details the problem of classification for linearly 

separable data and introduces the concept of margin and the 

essence of SVM - margin maximization. The methodology of 

the SVM is then extended to data which is not fully linearly 

separable. This soft margin SVM introduces the idea of slack 

variables and the trade-off between maximizing the margin and 

minimizing the number of misclassified variables in the second 

section. The third section develops the concept of SVM further 

so that the technique can be used for regression. The fourth 

section explains the other salient feature of SVM - the Kernel 

Trick. It explains how incorporation of this mathematical 

sleight of hand allows SVM to classify and regress nonlinear 

data. 
 

Convolutional  Neural Networks 

The image is divided into regions, and each region is then 

assigned to different hidden nodes. Each hidden node finds 

pattern in only one of the regions in the image. This region is 

determined by a kernel (also called a filter/window). A filter is 

convolved over both x-axis and y-axis. Multiple filters are used 

in order to extract different patterns from the image. 

 
Figure. 4.  Convolutional  Neural Networks 

The output of one filter when convolved throughout the entire 

image generates a 2-d layer of neurons called a feature map. 

Each filter is responsible for one features map. These feature 

maps can be stacked into a 3-d array, which can then be used 

as the input to the layers further. This is performed by the layer 

known as Convolutional layer in a CNN. These layers are 

followed by the Pooling layers that reduce the spatial 

dimensions of the output (obtained from the convolutional 

layers). In short, a window is slid in both the axes and the max 

value in that filter/window is taken (Max-Pooling layer). 

Sometimes Average pooling layer is also used where the only 

difference is to take the average value within the window 

instead of the maximum value. Therefore, the convolutional 

layers increase the depth of the input image, where as the 

pooling layers decreases the spatial dimensions (height and 

width). The importance of such an architecture is that it 

encodes the content of an image that can be flattened into a 1-

dimensional array. 

 

Video Recognition 

Video Recognition is one such problem domain. But before 

moving on to video recognition, I would like to discuss some 

basic concepts. Intuitively, videos are nothing but a running 

sequence of images. Each individual image in a video is 

known as a frame. So, we can say that a video is composed of 

multiple frames, stacked after one another. Now, an image 

(technically a digital image) is a 2-d array of pixels. These 

pixels may represent gray levels, intensity values etc., that 

make up the image. Also, if we are dealing with color images, 

there are three 2-dimensional arrays of these pixels, one for 

each of the 3 channels - Red(R), Green(G) and Blue(B). The 

problem can be written as - given a set of labelled videos, train 

a model so that it can give a label/prediction for a new video. 

Here, the label might represent what is being performed in the 

video, or what the video is about. 

 
Figure. 4. An overview of our two-steps neural recognition 

scheme for Video Recognition 

 

Traditional neural networks 

The image is flattened into a 1-dimensional array, and this 

array is given as the input to our neural network. The problem 

with this approach is that the spatial pattern of the pixels (their 

position in their 2-d form) is not taken into account. Also, 

suppose we have an image whose dimension is 256x256 

pixels. The input vector will then comprise of 65,536 nodes, 

one for each pixel in the image. That's a very large input 

vector, which could make the weight matrix very large and in 

turn, make the model very computationally intensive. And 

even after being so complex, the network would not be able to 

give any significant accuracy. As a result, this approach was 

not suited well for tasks like image recognition. 

 

4. OUTPUT 
 

The comparison is done between the predictive model and the 

new data and the predictions are made. This prediction can be 

sitting, standing, walking, running, etc 
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5. CONCLUSIONS 

 

Human Activity Recognition (HAR) is popular exploration 

area in computer vision and image processing area. A large 

collection of methods are identified in the literature. Here we 

are paper focuses on recognizing the actions by pose detection 

using SVM algorithm. By using the output of the trained 

artificial neural network with a manual pose and action 

classification the action can be determined. In future work, an 

extension the method to a wider set of actions and to real 

human videos is planned. 
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