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Summary 

 In recent years, human movement analysis in real-life settings outside the laboratory has 

experienced increasing attention in sports and medical applications. At the same time, 

wearable sensors have been evolved as valuable tools. This has allowed to acquire large-

scale human movement data that are typically complex, heterogeneous, and noisy. In this 

context, modelling approaches are required, as the measured quantities often do not directly 

reflect meaningful biomechanical variables. More recently, machine learning methods have 

emerged as promising modelling tools that exploit unstructured data for estimating relevant 

target variables, such as joint kinematics and dynamics.  

Although research in this field is still going on, there is a great potential not only to enlarge the 

range of numerous applications in sports but also to obtain biomechanical measures used to 

infer the load on body structures, such as joint forces. This applies in particular to unique 

sports such as ice hockey skating. Furthermore, little research has been conducted with 

respect to the direct estimation of biomechanical surrogate measures for knee joint load (i.e., 

joint dynamics) using wearable technology. This is of paramount importance, as ambulatory 

joint load assessment can improve health diagnostics and rehabilitation of injuries as well as 

musculoskeletal diseases. The overall aim of this thesis is to assess how, and to what extent, 

accelerometer sensor data and machine learning techniques can biomechanically quantify 

sports performance and the load on body structures during the execution of everyday and 

sport movements.  

This work proposes a conventional neuron network (CNN) for successful human activity 

recognition using Accelerometer. Various experiments are performed on a real-world 

wearable sensor dataset to verify the effectiveness of the deep learning algorithm. The results 

show that the proposed that CNN 1D model performs comparison with other CNN 2D model 

and achieves satisfactory activity recognition performance. Some open problems and ideas 

are also presented and should be investigated as future research. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Human Activity Recognition 

The study and prediction of human movement can be traced back along a fascinating 

trajectory, to the ancient Greeks, when the famous philosopher Aristotle left documented 

records about human walking (Harris & Smith (2007)). Skipping forward to the 19th century, 

the Weber brothers analysed gait temporal and stride parameters using experimental 

measurements. In their published work, they studied human gait in both mechanical and 

physiological aspects (Kisner et al. (2017)). In recent decades, the study of human motion has 

increased exponentially, thanks to the development of video camera systems Gavrila & Davis 

(1996); Karaulova et al. (2002); Allard et al. (1998); Zatsiorsky & Zaciorskij (2002)). Such 

camera systems, with or without force-sensing platforms, make the study of human movement 

feasible and accurate. They are often combined with electromyographic (EMG) sensors and 

other hardware, and can provide important information about the causal relationship between 

muscle activation and resulting human movement, as well as about deviating gait patterns that 

may arise in persons with sensorimotor disorders. They do, however, generally require 

specialized equipment and are often installed in a lab, which can limit their applicability in 

some contexts. On this note, other wearable sensors have become prevalent in the past few 

decades, and can complement or even replace video camera systems in some settings, 

making it possible to study human motion in more versatile settings (Takeda et al. (2009); 

Reenalda et al. (2016); Seel et al. (2014b)). These sensors are generally cost-effective, non-

obtrusive, and can be worn or attached to the body, inside or outside of a lab environment. 

They often include inertial measurement units (IMUs), which contain accelerometers, and 

gyroscopes and magnetometers, to measure segment acceleration and angular velocities, as 

well as electromyographic (EMG) sensors to measure muscle excitation and foot switches, 

which detect contact between the foot and the ground. These wearable sensors can be 

donned simultaneously and capture data at a high sampling frequency, resulting in a large 

amount of data. Machine learning (ML) is an effective tool to extract prominent features of 

large datasets and make statistical inference from these data. ML has a great capability of 
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solving classification, regression, and decision-making problems, and as such, can enhance 

motion analyses through data-driven prediction. 

 Human Activity Recognition (HAR) aims to identify the actions carried out given a set of 

observations of a person and his/her surrounding environment. Recognition can be 

accomplished by exploiting the information retrieved from various sources such as 

environmental or body-worn sensors. Some approaches have adapted dedicated motion 

sensors to fit different human body parts such as waist, wrist, chest and thighs. They have 

achieved great classification performance. However, these sensors usually make a common 

user not that comfortable and do not provide a long-term solution for activity monitoring, due 

to such issues, as sensor repositioning after dressing. 

 HAR has become an attractive research field due to its importance as well as many 

challenges brought to the research community. Researchers use these HAR systems as a 

medium to get information about people’s behaviours. The information is commonly collected 

from the signals of sensors such as ambient and wearable sensors. The data from the signals 

are then processed through machine learning algorithms and recognizes the events. Hence, 

such HAR systems can be applied in plenty of useful and practical applications in smart 

environments such as smart home health-care systems. For example, a smart HAR system 

can continuously observe patients for health diagnosis and medication. Also, it can be applied 

for automated surveillance of public places to predict crimes that may occur in the near future.  

Human activity recognition, or HAR, is a challenging time series classification task. It involves 

predicting the movement of a person based on sensor data and traditionally involves deep 

domain expertise and methods from signal processing to correctly engineer features from the 

raw data in order to fit a machine learning model. Below figure have the six different activities. 

 

Fig 1. Example of the activities 
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1.2 Wearable Sensors 

Since the appearance of the first commercial hand-held mobile phones in 1979, it has been 

observed an accelerated growth in the mobile phone market. Mobile devices have almost 

become easily accessible to virtually everybody now. Smartphones, which are a new 

generation of mobile phones, are now offering many other features such as multitasking and 

the deployment of a variety of sensors, in addition to the basic telephony. Current efforts 

attempt to incorporate all these features while maintaining similar battery lifespans and device 

dimensions. The integration of these mobile devices in our daily life is rapidly growing. It is 

envisioned that such devices can seamlessly keep track of our activities, learn from them, and 

subsequently help us to make better decisions regarding our future actions.  

Smartphones have been bringing up new research opportunities for human centred 

applications where the user is a rich source of context information and the phone is the first-

hand sensing tool. Latest devices come with embedded built-in sensors such as microphones, 

dual cameras, accelerometers, gyroscopes, etc. The use of smartphones with inertial sensors 

is an alternative solution for HAR. These mass marketed devices provide a flexible, affordable 

and self-contained solution to automatically and unobtrusively monitor Activities of Daily Living 

(ADL) while also providing telephony services. Consequently, in the last few years, some 

works aiming to understand human behaviour using smartphones have been proposed. For 

instance, one of the first approaches has been exploited an Android smartphone for HAR 

employing its embedded triaxial accelerometers. Improvements are still expected in topics 

such as in multi-sensor fusion for better HAR classification, standardizing performance 

evaluation metrics, and providing public data for evaluation. 

 Currently, smartphones, wearable devices, and internet-of-things (IoT) are becoming more 

affordable and ubiquitous. Many commercial products, such as the Apple Watch, Fitbit, and 

Microsoft Band, and smartphone apps including Runkeeper and Strava, are already available 

for continuous collection of physiological data. These products typically contain sensors that 

enable them to sense the environment, have modest computing resources for data processing 

and transfer, and can be placed in a pocket or purse, worn on the body, or installed at home 

[4]. Accurate and meaningful interpretation of the recorded physiological data from these 

devices can be applied potentially to HAR. However, most current commercial products only 

provide relatively simple metrics, such as step count or cadence. The emergence of deep 

learning methodologies that extract different discriminating features from the data, and 

increased processing capabilities in wearable technologies. The ability of simultaneous activity 

classification and the decreasing size of computing platforms give rise to the possibility of 



 

4 | P a g e  
 

performing detailed data analysis in situ and in real time. Today’s handheld PCs are often 

more powerful than desktop computers of the 1990s. Once a rare commodity, computers are 

now embedded in everything - toys, cars, cell phones, and even bread makers. 

 In the case of wearable sensors in activity recognition, a smartphone is an alternative to them 

due to the support of the diversity of sensors in it. Handling sensors such as accelerometers 

and gyroscopes along with the device with wireless communication capabilities made 

smartphones a very useful tool for activity monitoring in smart homes. Besides, smartphones 

are very ubiquitous and require almost no static infrastructure to operate it. This advantage 

makes it more practically applicable than other ambient multi-modal sensors in smart homes. 

As recent smart phones consist of inertial sensors (e.g., gyroscopes and accelerometers), 

they can be appropriate sensing resources to obtain human motion information for HAR. 

 HAR has been actively explored based on a distinguished kind of ambient and wearable 

sensors. Some instances of such sensors include motion, proximity, microphone, and video 

sensors. Most of the ambient sensor-based latest HAR researchers have mainly focused on 

video cameras as cameras make it easy to retrieve the images of surrounding environment. 

Video sensors are included with some other prominent sensors in some work related to novel 

ubiquitous applications. Though video sensors have been very popular for basic activity 

recognition. They face very many difficulties for ordinary people to accept due to a privacy 

issue. On the contrary, wearable sensors such as inertial sensors can overcome this kind of 

privacy issues and hence, deserve more focus for activity recognition in smart homes. 

 

 In the past years, many HAR systems used accelerometers to recognize a big range of daily 

activities such as standing, walking, sitting, running, and lying. For instance, some researchers 

have already explored the accelerometer data to find out the repeating activities such as 

grinding, filling, drilling, and sanding. The others, have performed elderly peoples’ fall detection 

and prevention in smart environments. Majority of the afore mentioned systems adopted many 
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accelerometers fixed in different places of a human body. However, this approach apparently 

not applicable to daily life to observe long-term activities due to attachment of many sensors 

in the human body and cable connections. Some studies tried to explore the data of single 

accelerometers at sternum or waist. These studies have reported substantial recognition 

results of basic daily activities such as running, walking, and lying.  

 

Public domain UCI data set. Experiments were carried out with a group of 30 volunteers 

aged 19–48 years. Each person performed six activities (WALKING, WALKING_UPSTAIRS, 

WALKING_DOWNSTAIRS, SITTING, STANDING, LAYING_DOWN) wearing a smart phone 

(Samsung Galaxy S II) on the waist. Using its embedded accelerometer and gyroscope, we 

were able to make three-axial linear acceleration and three-axial angular velocity available at 

a constant rate of 50 Hz and trimmed into windows of 128-time steps for a 2.56 seconds 

windows; this was enough to capture two steps, in the case of walking, for the classification. 

For x,y and z axis, while user performs six different activities in a controlled environment. 

These activities include 

1. WALKING, 

2. WALKING_UPSTAIRS, 

3. WALKING_DOWNSTAIRS, 

4. SITTING, 

5. STANDING, 

6. LAYING_DOWN 

 

Below is a video link shows how the above data has be created  

Activity Recognition Experiment Using Smartphone Sensors. - YouTube 

 

 

1.3 Deep Learning 

Deep learning is a paradigm of machine learning that uses multiple processing layers to infer 

and extract information from a large scale of data. Many studies have shown that the use of 

deep learning can achieve better performances in a range of applications than traditional 

approaches. Traditional approaches use a set of selected features, also known as “shallow” 

features, to represent the data for a specific classification task. HAR can be accomplished, for 

https://www.youtube.com/watch?v=XOEN9W05_4A
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example, by exploiting the information retrieved from inertial sensors such as accelerometers. 

In some smartphones these sensors are embedded by default and we benefit from them to 

classify a set of physical activities (standing, walking, laying, walking, walking upstairs and 

walking downstairs) by processing inertial body signals through a supervised Machine 

Learning (ML) algorithm for hardware with limited resources. 

 

1.3.1 Convolution Neural Networks 

Popular deep learning approaches include convolutional neural nets (CNN), an deep learning, 

a convolutional neural network (CNN, or ConvNet) is a class of artificial neural 

network (ANN), most commonly applied to analyse visual imagery’s are also known as Shift 

Invariant or Space Invariant Artificial Neural Networks (SIANN), based on the shared-

weight architecture of the convolution kernels or filters that slide along input features and 

provide translation-equivariant responses known as feature maps. Counter-intuitively, most 

convolutional neural networks are not invariant to translation, due to the down sampling 

operation they apply to the input. They have applications in image and video recognition, 

recommender system, image classification natural language processing financial time series 

and many other. 

  Convolutional neural networks are a specialized type of artificial neural networks that use a 

mathematical operation called convolution in place of general matrix multiplication in at least 

one of their layers. They are specifically designed to process pixel data and are used in image 

recognition and processing. 

 

 

Figure 3: Example of CNN model 
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1.4 Other Approaches 

 Recently, smartphones have attracted many activity recognition researchers as they have 

fast processing capability, and they are easily deployable. For instance, some researchers  

use wirelessly connected smartphones to collect a user’s data from a chest unit composed of 

the accelerometer and vital sign sensors. The data is later processed and analysed by using 

different machine learning algorithms.  

In [4] of develop an HAR system to recognize five different kinds of transportation activities 

where data from smartphones inertial sensors are used with a mixture-of expert model for 

classification. [5] researchers proposed an offline HAR system where a smartphone with built-

in triaxial accelerometer sensor is used. A phone is kept in the pocket during experiments. 

Some scientists also used a smartphone mounted in the waist to collect inertial sensors’ data 

for activity recognition. They used Support Vector Machine (SVM) for activity modelling. In [7], 

a smartphone is used to recognize six different activities in real-time. Moreover, the 

researchers have proposed a real-time motion recognition system with the help of a 

smartphone with accelerometer sensors. [10,11] and [8] use a smartphone with an embedded 

accelerometer to recognize four different activities in real time. 

 The development of HAR applications using smartphones has several advantages such as 

easy device portability without the need for additional fixed equipment, and comfort to a user 

due to their unobtrusive sensing. This contrasts with other established HAR approaches which 

use specific-purpose hardware devices such as those in body sensor networks. Although the 

use of numerous sensors could improve the performance of a recognition algorithm, it is 

unrealistic to expect that the general public will use them in their daily activities because of the 

difficulty and the time required to wear them. One drawback of a smartphone-based approach 

is that energy and services on the mobile phone are shared with other applications and this 

become critical in devices with limited resources. 

In [15], ML methods that are previously employed for pattern recognition include Naive 9 

Bayes, and Support Vector Machines (SVMs). In particular, we make use of SVMs for 

classification as many other studies. Although it is not fully clear which method performs better 

for HAR, SVMs have confirmed their successful application in several areas including 

heterogeneous types of recognition such as intrusion detection, fault detection, handwritten 

character recognition and speech recognition. In ML, fixed-point arithmetic models [8] were 
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previously studied initially because devices with floating-point units were unavailable or 

expensive. 

 

1.5. Objective and Aims 

 

The objective of this thesis was to use Machine Learning to perform automatic prediction of 

human motion, with a focus on data-driven approaches and simulation, beneficial from 

wearable sensors data after passing it from frequency feature set. Therefore, thesis aims to 

investigate the feasibility of using wearable sensors and machine learning techniques to 

obtain meaningful biomechanical measures with respect to different performance of the body 

Movement.  

 

Aims the six different Human body movement prediction using different CNN 1D models 

having different filters and kernels and CNN 2D models having different filters and kernels  

and then  finding which CNN Model is best for prediction of human body movement. 

 

  

 

  

.  
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CHAPTER 2 

 

2.1. Study of Pervious Work 

The earlier work investigated the possibilities to use accelerometers as main sensor data for 

human activity recognition. Many works demonstrated that the usage of dedicated 

accelerometers can provide good results in the area of activity recognition. The different 

investigations have one thing in common - multiple accelerometers were placed on different 

parts of the body, either wired or wireless, and users were required to perform designated 

movements. [14] The recorded accelerometer values were processed and the resulted 

features were evaluated using classification algorithms for potential recognition. 

 

The ideas were expanded with the inclusion  of  additional  sensor information.  For example, 

in [8] a heart rate monitor was coupled with data taken from five accelerometers to detect 

physical activities.  The team at Intel Research  in  Seattle  and  University  of Washington  

used  the  multi-modal  sensor  board  (MSB)  that  had  accelerometer,  audio, temperature,  

IR/visible/high-frequency  light,  humidity,  barometric  pressure  and  digital compass. In [6] 

investigated activity recognition classification of physical activities with multiple MSBs. The 

group in used a tri-axial accelerometer together with a wearable camera to recognize human 

activity. Note that these dedicated accelerometers used in the above work are capable of 

producing sampling rate more than 100Hz and are accurate up to ±10G. 

In our tests, we managed to obtain sampling rates around 50Hz using a SAMSUNG smart 

mobile. Most of the above investigations used accelerometer sampling rates from 30Hz to 

50Hz, except for and that sampled the accelerometer data at 76.25Hz and 93Hz respectively. 

The many research has obtained good results with recognition accuracies between 83% and 

96%.  These investigations have shown that by analysing the accelerometer data, systems 

were able to provide good recognition. However, these set ups required multiple 

accelerometers to be worn and observed. For a typical real user, it can be rather obtrusive 

and troublesome to wear multiple sensors or sensor boards at specific positions. This factor 

also partly motivated us  to  use  a  smartphone  as  a  non-obtrusive  sensor  source.  The 

inclusion of other sensors did give a slight improvement on accuracy rate, but two issues 

remain outstanding.  Firstly, not all additions of different sensors improved accuracy 



 

10 | P a g e  
 

significantly.  Secondly, additional sensors also mean more data to be processed and 

computed. Therefore, an appropriate selection of sensors that provide good recognition will 

make for the ideal solution. Recently, the three-dimensional accelerometer integrated in  

smartphones  was  also investigated as a potential sensor for movement recognition. In, the 

accelerometer of a Nokia  N95  was used  as  a  step counter.  The results  showed that  such 

smartphones  can provide accurate step-counts comparable to some of the commercial, 

dedicated step counter products, provided the phone is firmly attached to the body. The 

DiaTrace project uses a mobile phone with accelerometers for physical activity monitoring. 

The proof-of concept prototype obtained a recognition accuracy of >95% for activity types of 

resting, walking, running, cycling and car driving. Brezmes et. al. used also the accelerometer 

data collected with a Nokia N95 with K-nearest neighbour algorithm to detect common 

movements. These investigations mentioned that the accelerometer sampling rate on 

smartphones are generally lower  as  compared to dedicated  sensors. The obtained  results 

also showed  the potential  of  smartphones  being  used  for  activity  recognition.  However, 

there  was  no comparison performed in identifying suitable algorithms, sampling rates, and 

features. 

The results above have laid down  a good foundation  for the work here. For activity recognition 

using a commercial product such as smartphones, one of the many challenges is to find out 

the relevant criteria such as algorithm and feature extraction methods that will enable 

successful recognition and utilization of such context information. 
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CHAPTER 3 

 

3.1. Methodology 

This study aims to classify the HAR signals of the UCI HAR dataset employing a CNN model, 

as shown in Fig. 4. Like all the supervised ML techniques, this algorithm has two stages (i.e., 

training stage and testing stage). The training stage requires a set of data samples containing 

various attributes measured from subjects while performing various predefined activities. The 

supervised learning technique then try to make some “sense” out of the data, find out how the 

samples that belong to the same class are similar to each other while samples from different 

classes are diverse, then builds one or more internal models focusing on the crucial attributes 

that can highlight those contrasting properties to carry out the classification. However, merely 

feeding the raw data collected from the sensors into the classifier might not be a good idea, 

because more often than not these time-domain signals contain noise, interference, missing 

values, and most importantly, time-domain attributes are simply not good enough to make the 

distinguishable properties perceptible to the classifiers. That is why researchers spend so 

much time finding and selecting meaningful features from various types of real-life time varying 

signals, which is also known as feature engineering. Now, although some paper worked with 

that statistical features and acquired decent results, in this study, we are taking on a slightly 

different approach. We are extracting frequency features from the raw time-domain 

accelerometer signals and then feeding these two sets of samples into different CNN model. 

In the training stage, a preordained portion of the dataset is used to train the machine and 

build a feasible model, which is then evaluated over the remaining samples. 

Figure.4 CNN Model 
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As shown in Fig. 4, we gathered x, y, and z acceleration signals and transformed them into 

vector magnitude data, and used the vector magnitude data to construct different CNN model 

for ternary activity classification. 

Workflow for Human Activity Recognition using CNN 

The workflow for the Human Activity Recognition using CNN is shown below 

 

 

Step1: Downloading data from 
UCI HAR Repository 

Step 2: Extracting each of the  
activities data from its raw data 

set

Step 3: Seprating body 
acclerometer data from total 

acclerometer data

Step 4: Each data set contain total 
acclerometer data,gyroscope data 

and body acclerometer data

Step 5: Each data set is passed 
through MaxMin Normalization

Step 6: Data set is divided into 
70:30 ratio for training and test 

data

Step 7: The data set is input into 
different 1D CNN and 2D CNN 

models.

Step 8: All the result of precision, 
f1_score, recall and accuracy is 

noted 
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3.2 Data Set 

Public domain UCI data set. Experiments were carried out with a group of 30 volunteers 

aged 19–48 years. Each person performed six activities (WALKING, WALKING_UPSTAIRS, 

WALKING_DOWNSTAIRS, SITTING, STANDING, LAYING_DOWN) wearing a smart phone 

(Samsung Galaxy S II) of the different genders, heights and weights using a wrist mounted 

smartphone. Using its embedded accelerometer and gyroscope, action data was recorded 

using these sensors while each of the subjects was performing six predefined tasks, which, 

according to the jargon of ML, represent six different classes, we were able to make three-

axial linear acceleration and three-axial angular velocity available at a constant rate of 50 Hz 

and trimmed into windows of 128-time steps for a 2.56 seconds windows; this was enough to 

capture two steps, in the case of walking, for the classification. The experiments were video-

recorded to label the data manually and obtain balanced classes; the data were of high quality. 

Below is a video link shows how the above data has be created  

Activity Recognition Experiment Using Smartphone Sensors. - YouTube 

 

 

Figure 5: Signal View of Accelerometer Data of one user 

https://www.youtube.com/watch?v=XOEN9W05_4A
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Figure 6:Signal View of gyroscope signal data of one users 

 

Figure 7: Sample of Signal View of Different Activities 

 The data set obtained was partitioned randomly into two sets: 70% of the volunteers were 

selected for generating the training data, and 30% were selected for generating the test data. 

Each sample had 561 linear (time-independent) hand-made, pre-processed features from 
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signal analysis (e.g., window’s peak frequency), but only nine features were used in our study: 

triaxial gravity acceleration from the accelerometer and triaxial body acceleration and triaxial 

angular velocity from the gyroscope. These are raw signals with a time component and do not 

fall in the frequency domain but rather in the time domain. The sensor data were pre-

processed by applying denoising median filters, clipping the approximately 20 Hz mark; they 

were then sampled in fixed-width sliding windows of 2.56 seconds. Those windows were 

provided with an overlap of 50% to ease training. Additionally, all features were pre-normalized 

and bounded within [-1, 1]. The available dataset contains 10,399 samples which are 

separated into two sets (i.e., a training set and a test set). The former one contains 7,279 

samples (70%), whereas the latter one is comprised of the rest 3120 samples (30%). Table I 

provides more details about the contents of the dataset along with the class identifications and 

their labels. 

 

Figure 8: Number of Data for each Activities 

3.3 Data Set Processing  

Frequency Features From the perspective of the frequency contents, a Human action signal 

can be viewed as a comprised form of multiple sinusoidal signals of different frequencies. The 

frequency information of the human action signal simply refers to the values of those 

frequencies and the amplitudes of those signals in those frequencies. Digital Signal 

Processing (DSP) offers multiple methods to extract this information to form a HAR signal. In 

this study, we are going to use the well-known Fast Fourier Transform (FFT). The algorithm 

of FFT was developed by James Cooley and John Tukey in 1965 as a faster version of the 

then-popular Discrete Cosine Transform (DFT) to calculate the frequency components of a 
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time domain signal. If we consider a N-point time-series signal x(N), its N-point DFT is defined 

by: 

x(N)k =  ∑ 𝑥𝑛 𝑒
−𝑖2𝜋kn

𝑁𝑁−1
𝑛=0  

where k=0,1,2,....N-1.FFT is an algorithm for computing the n-point DFT with a computational 

complexity of O(N logN).Fig.10 presents the graph of the HAR signals after extracting their 

frequency features using FFT. Then separating signal frequency to gravity signal and body 

signal. When the signal frequency is below 0.3Hz is gravity signal and the signal frequency 

above 0.3Hz is body signal It is noticeable that in this figure,  

 

Figure 9: Show the Accelerometer x-axis data of a use 

Figure 10: shows the body component after applying frequency feature  
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Figure 11: Gravity component after removal of body component  

 

 

 Operational Dataset Preparation 

 Each of the samples of the UCI HAR dataset contains a subject’s body acceleration 

(Body_acc), Triaxial Angular velocity (Body_gyro) and total acceleration (Total_acc) data in 

three axes (namely X, Y, and Z) while performing an assigned activity. Fig. 7 shows how each 

set of data was processed individually to extract frequency and power information from them. 

After that, the frequency and power features of each signal were concatenated to form a 

complete feature set which is then done Normalization or Min-Max Scaling is used to transfer 

feature to similar scale. The new point is calculated as: 

X_new= 
𝑥−𝑥(𝑚𝑖𝑛)

𝑥(max )−x(min )
 

This scales the range to [0, 1] or sometimes [-1, 1]. Geometrically speaking, transformation 

squishes the n-dimensional data into an n-dimensional unit hypercube. Normalization is 

useful when there are no outliers as it cannot cope up with them.  

Now the normalise feature set which represents the corresponding HAR signal in the 

classification stage. Finally, the label of the associated class is inserted at the terminal point 

of the signal. 
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 Input 

 A fixed time-length accelerometer and gyroscope data in the form of vector magnitude data 

as explained above was used as input. The input feature set has 128x9 dimensions for one 

set of classification and in our experiment, there are 7279 set of training sample and 3120 set 

of test samples. 

Below table show the number of different inputs 

 

 

Figure 12: Data after dividing it for test and training data 

3.4 CNN Architecture 

 CNNs are biologically inspired networks for processing data that has a known, grid-like 

topology. CNN works based on convolution, which is a mathematical operation that slides one 

function over another and measures the integral of their point-wise multiplication. 

Convolutional networks are neural networks that use convolution in lieu of general matrix 

multiplication in at least one of their layers. The idea behind the CNN was obtained from Hubel 

and Wiesel’s interpretation of the operation of the cat’s visual cortex, where they observed 

that specific portions of the visual field excite particular neurons. Although CCN was developed 

to work mainly with the images that have high dimensionality, they are equally effective on 

various types of analog and digital signals. CNN has been extensively used in speech 

recognition, audio processing, machine fault classification, and various types of biomedical 
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signal recognition such as Electrocardiogram (ECG), electroencephalogram (EEG), 

Electromyography (EMG). As stated before, we are checking CNNs models (1D an 2 D) in our 

classification model; all of them will process the frequency features set, as shown in Fig. 10. 

The basic parameters for all the models are the same. 

A convolutional neural network consists of an input layer, hidden layers and an output layer. 

In any feed-forward neural network, any middle layers are called hidden because their inputs 

and outputs are masked by the activation function and final convolution. In a convolutional 

neural network, the hidden layers include layers that perform convolutions. Typically, this 

includes a layer that performs a dot product of the convolution kernel with the layer's input 

matrix. This product is usually the Frobenius inner product, and its activation function is 

commonly ReLU. As the convolution kernel slides along the input matrix for the layer, the 

convolution operation generates a feature map, which in turn contributes to the input of the 

next layer. This is followed by other layers such as pooling layers, fully connected layers, and 

normalization layers. 

In a CNN, the input is a tensor with a shape: (number of inputs) × (input height) × (input width) 

× (input channels). After passing through a convolutional layer, the matrix becomes abstracted 

to a feature map, also called an activation map, with shape: (number of inputs) × (feature map 

height) × (feature map width) × (feature map channels). 

Convolutional layers convolve the input and pass its result to the next layer. This is similar to 

the response of a neuron in the visual cortex to a specific stimulus. Each convolutional neuron 

processes data only for its receptive field. Although fully connected feed forward neural 

networks can be used to learn features and classify data, this architecture is generally 

impractical for larger inputs such as high-resolution images. It would require a very high 

number of neurons, even in a shallow architecture, due to the large input size of matrix, where 

each cell is a relevant input feature. Using regularized weights over fewer parameters avoids 

the vanishing gradients and exploding gradients problems seen during backpropagation in 

traditional neural networks. Furthermore, convolutional neural networks are ideal for data with 

a grid-like topology (such as images) as spatial relations between separate features are taken 

into account during convolution and/or pooling. 
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Pooling layers 

Convolutional networks may include local and/or global pooling layers along with traditional 

convolutional layers. Pooling layers reduce the dimensions of data by combining the outputs 

of neuron clusters at one layer into a single neuron in the next layer. Local pooling combines 

small clusters, tiling sizes such as 2 × 2 are commonly used. Global pooling acts on all the 

neurons of the feature map.There are two common types of pooling in popular use: max and 

average. Max pooling uses the maximum value of each local cluster of neurons in the feature 

map,while average pooling takes the average value. 

 

Fully connected layers 

Fully connected layers connect every neuron in one layer to every neuron in another layer. It 

is the same as a traditional multilayer perceptron neural network (MLP). The flattened matrix 

goes through a fully connected layer to classify the images. 

 

3.4.A. Network Architecture  for 1D CNN 

The network architecture of our 1D CNN consists of two convolutional layer, one max-pooling 

layer, then 50% dropout , then flattering the matrix, one deep connected layer with 125 units, 

and one softmax layer that outputs the probability of each of the six activities. Figure 13 shows 

the 1D CNN architecture of our proposed method. 

1D CNN:  

The 1D convolution operations were performed using 6 different Models having different filter 

and kernel size with two layers of 1D convolution layers having activation function as ReLU 

Max-pooling: For each feature set of a given window size and filter type, 1-max-pooling was 

performed to select the largest feature value. In Figure 12-part c. max-pooling shows the max-

pooled result after two convolution layers data as input. The max-pooled of size 2 is used in 

this architecture. 

 Dropout: The convolved and max-pooled feature set were then placed as the input to the 

fully connected neural network with dropout of 50% applied. The dropout was applied to 

prevent the neural network from overfitting. Figure12 part d. dropout shows the fully connected 

neural network with dropout. We set the percentage of the dropout to 0.5 in our evaluation 

experiment to be explained later. 
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Fully connected layer: After the dropout of 0.5. Then the flattering of Matrix is done for the 

input in fully connected layer with 125 units neurons and activation function as ReLU  

Output: The SoftMax layer was placed as an output layer of the fully-connected layer as 

shown in Fig. SoftMax layer. Each unit (or node) in the SoftMax layer calculates the probability 

of each activity (i.e. WALKING, WALKING_UPSTAIRS, WALKING_DOWNSTAIRS, SITTING, 

STANDING, LAYING_DOWN). The activity with the highest probability is then determined as 

the predicted (or recognized) activity and the activity label is outputted to the final node as 

shown in Fig 12-part e. output 

 

 

Figure 13: 1D CNN Network Architecture  
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1D CNN Model 1 

• Layer1 

Filter size= 128 and kernel size= 5 which changes in every model and activation 

function= ReLU  

• Layer 2 

Filter size= 128/2 and kernel size=5 activation function= ReLU 

• Then Maxpooling with size 2, then dropout of 0.5 which allows only 50% data to move 

forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

Below is the description of Model 1 
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1D CNN Model 2 

• Layer1 

Filter size= 128 and kernel size= 3 which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 128/2 and kernel size=3 activation function= ReLU 

• Then Maxpooling with size 2, then dropout of 0.5 which allows only 50% data to move 

forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

 

Below is the description of Model 2 
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1D CNN Model 3 

• Layer1 

Filter size= 128 and kernel size= 7 which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 128/2 and kernel size=7 activation function= ReLU 

• Then Maxpooling with size 2, then dropout of 0.5 which allows only 50% data to move 

forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

 

Below is the description of Model 3 
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1D CNN Model 4 

• Layer1 

Filter size= 64 and kernel size= 11 which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 64/2 and kernel size=11 activation function= ReLU 

• Then Maxpooling with size 2, then dropout of 0.5 which allows only 50% data to move 

forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

 

Below is the description of Model 4 
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1D CNN Model 5 

• Layer1 

Filter size= 64 and kernel size= 7 which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 64/2 and kernel size=7 activation function= ReLU 

• Then Maxpooling with size 2, then dropout of 0.5 which allows only 50% data to move 

forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

 

Below is the description of Model 5 
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1D CNN Model 6 

• Layer1 

Filter size= 32 and kernel size= 7 which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 32/2 and kernel size=7 activation function= ReLU 

• Then Maxpooling with size 2 ,then dropout of 0.5 which allows only 50% data to move 

forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

 

Below is the description of Model 6 
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3.4.B. Network Architecture for 2D CNN 

The network architecture of our 2D CNN consists of two convolutional layer, two dropout layers 

of 0.2, then flattering the matrix, one deep connected layer with 125 units, and one softmax 

layer that outputs the probability of each of the six activities. Below figure shows the 2D CNN 

architecture of our proposed method. 

 

2D CNN:  

The 2D convolution operations were performed using 4different Models having different filter 

and kernel size with two layers of 2D convolution layers having activation function as ReLU 

Max-pooling: For each feature set of a given window size and filter type, 1-max-pooling was 

performed to select the largest feature value. Figure 14 max-pooling shows the max-pooled 

result after two convolution layers data as input. 

 Dropout: The convolved and max-pooled feature set were then placed as the input to the 

fully connected neural network with dropout of 20% applied. The dropout was applied to 

prevent the neural network from overfitting. Figure 14 dropout shows the fully connected 

neural network with dropout. We set the percentage of the dropout to 0.5 in our evaluation 

experiment to be explained later. 

Fully connected layer: After the dropout of 0.2. Then the flattering of Matrix is done for the 

input in fully connected layer with 125 units neurons and activation function as ReLU  

Output: The softmax layer was placed as an output layer of the fully-connected layer as 

shown in Fig.14 softmax layer. Each unit (or node) in the softmax layer calculates the 

probability of each activity (i.e. WALKING, WALKING_UPSTAIRS, 

WALKING_DOWNSTAIRS, SITTING, STANDING, LAYING_DOWN). The activity with the 

highest probability is then determined as the predicted (or recognized) activity and the activity 

label is outputted to the final node as shown in Fig. 14 output 
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Figure14:  2D Convolutional Layers 

 

 

2D CNN Model 7 

• Layer1 

Filter size= 32 and kernel size= (4,4) which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 64 and kernel size= (4,4) activation function= ReLU 

• Then dropout of 0.2 which allows only 20% data to move forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 
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Below is the description of Model 7 

 

 

 

2D CNN Model 8 

• Layer1 

Filter size= 32 and kernel size= (2,2) which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 64 and kernel size= (2,2) activation function= ReLU 

• Then dropout of 0.2 which allows only 20% data to move forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 
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Below is the description of Model 8 

 

 

 

2D CNN Model 9 

• Layer1 

Filter size= 16 and kernel size= (2,2) which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 32 and kernel size= (2,2) activation function= ReLU 

• Then dropout of 0.2 which allows only 20% data to move forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 
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Below is the description of Model 9 

 

 

 

2D CNN Model 10 

• Layer1 

Filter size= 16 and kernel size= (4,4) which changes in every model  and activation 

function= ReLU  

• Layer 2 

Filter size= 32 and kernel size= (4,4) activation function= ReLU 

• Then dropout of 0.2 which allows only 20% data to move forward 

• then the flattering of the matrix so that it can be input in fully connected layer having 

one layer of 125 units of deeply connected layers. 

• Then the Softmax layers deeply connected having output probability of six different 

activities. 

  



 

33 | P a g e  
 

Below is the description of Model 10 
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CHAPTER 4 

 

Results and Analysis  

We have discussed the contents of the UCI HAR dataset, our approach to classifying the 

samples of six different classes contained in it, as well as the techniques and methods that 

we have employed in the proposed methodology. In this section, we will present the 

findings of the study. Following the described procedure, we set a classification model 

where the provided training samples were used to train CNN model, and the rest of the 

samples were used to test it. The result yields a classification accuracy of 86% on the test 

samples. Below presents the classification accuracies on both the training and testing 

samples at each epoch. As seen in the figure, the training accuracy gradually increased 

with each epoch. The test accuracy, on the other hand, kept fluctuating around the 84% 

mark and peaked at the 11th and the final epoch. 

Apart from the classification accuracy, the confusion matrix of classification is another 

useful tool to judge the performance of the classification model. The confusion matrix 

provides more details on the output of the classification process. It tells us how many 

samples of each class were tested and how many of them were classified correctly based 

on the model. In the best-case scenario (i.e., when the classification accuracy would be 

100%) only the diagonal boxes of the matrix would contain non-zero values or the number 

of tested samples of the corresponding class, and all the other boxes would contain zeros. 

Below image provides the confusion matrix of the epoch of our model for HAR 

classification. It is apparent that the model works very well while distinguishing five of the 

six classes (Walking, Walking-Upstairs, Walking-Downstairs, and Laying) registering over 

91% individual classification accuracies for each class. However, the model faces some 

difficulties while differentiating the Sitting states from the Standing states, as we can see 

that 15.8% samples of the former class have been misclassified as the later one. The 

performance can also improve while separating samples that belong to the three different 

classes of Walking. 

Precision, recall, and F1-score are three commonly used parameters to measure the 

potency of a classifier. The precision of a class refers to the rate of the correctly classified 

samples within the positively classified samples of that class. High precision indicates a 

low false-positive rate and vice versa. Recall of a class, on the other hand, refers to the 
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fraction of the truly positive instances of the class that the classifier recognizes. A high 

recall indicates that the classifier made a handful of false-negative predictions and vice 

versa. Usually, the precision and recall values of all the classes are averaged and 

expressed as the precision and recall of the model, respectively. F1-score is simply the 

harmonic mean or the weighted average of the precision and recall values.Data below 

depicts the precision, recall, and F1-scores at each epoch of the described CNN-based 

classification model. All three matrices have very close values for both the train and test 

classifications, which is why they have been represented with only two lines. 

To put the outcome of our classification model in context, we have compared our acquired 

results with that of other four similar studies involving the UCI HAR dataset in Table II. The 

table shows that in terms of classification accuracy the proposed method outperforms the 

methods described in [6], [9] and [10] by 5.9%, 0.17%, and 14.01% respectively. Only [7] 

and [12] have attained better performances than the proposed model. However, [6] and 

[9] were more successful in classifying the samples of the Sitting class than [7], and our 

model has good individual accuracy in some classes. 

 

Each Model result has been discussed forward  
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Model 1 

1D CNN with filter size=128 kernel size=5 
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Model 1  

Accuracy = 85% 
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Model 2 

1D CNN with filter size=128 kernel size=3 
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Model 2 

Accuracy = 82% 
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Model 3 

1D CNN with filter size=128 kernel size=7 
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Model 3 

Accuracy = 85% 
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Model 4 

1D CNN with filter size= 64 kernel size=11 
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Model 4 

Accuracy = 88% (the best accuracy among all model) 
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Model 5 

1D CNN with filter size=64 kernel size=7 
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Model 5 

Accuracy = 85% 
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Model 6 

1D CNN with filter size=32 kernel size=7 
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Model 6 

Accuracy = 84 % 

It’s the only model where there is less difference between training accuracy and test accuracy. 
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Model 7 

2D CNN with filter size = 32 kernel size = (4,4) 
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Model 7 

Accuracy = 78% 
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Model 8 

2D CNN with filter size = 32 and kernel size = (2,2) 
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Model 8 

Accuracy = 79% 
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Model 9 

2D CNN with filter size = 16 and kernel size = (2,2) 
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Model 9 

Accuracy = 80% 
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Model 10 

2D CNN with filter size = 16 and kernel size = (4,4) 
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Model 10 

Accuracy = 82% 

 

From the above Result we can say that, 

The Model which gives the best result among all is model 4 consist of 1D CNN having filter 

size = 64 and kernel size= 11 

The best results achieved in the model 4, loss values plot looks stable during epochs 

accuracy in each model around 88%, the highest in among all the model 
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 models sometimes have problems to distinguish between activities number 3 (Sitting) and 4 

(Standing). Probably the reason is that during the sitting and standing signals from sensors 

are similar 

Below is the Confusion Matrix of Model 4 

 

 

 

All the result is obtained by dividing the data into 70:30 ratio where 70% of data is used for 

training and 30% of data used for testing 

Now all the above Models is run 5 time with same ratio (70:30). And the result of precision, 

F1_score, recall and accuracy is noted. 

Then I calculate max, mean and standard deviations of precision, f1_score, recall and 

accuracy for the 5 times run data 
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 Below table shows maximum, mean, Standard deviations of the train accuracy and test 

accuracy for the 5 time run data. 

   

 
train_Accuracy test_Accuracy 

 
max mean std max mean std 

Model_1 92 91 0.72 86 85 0.87 

Model_2 94 93 0.7 84 84 0.75 

Model_3 92 91 0.69 87 86 1.09 

Model_4 91 89 1.27 89 87 1.36 

Model_5 91 88 1.86 86 85 1.21 

Model_6 85 84 0.84 83 82 0.69 

Model_7 97 96 1.5 80 80 0.55 

Model_8 98 97 0.89 81 81 0.44 

Model_9 96 91 1.94 81 80 0.74 

Model_10 94 93 1.01 80 80 0.55 
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CHAPTER 5 

 

5.1 CONCLUSIONS 

The paper describes a CNN-based HAR classification model and tests it on the UCI HAR 

dataset extracting the frequency of the samples. The obtained results yield a 88% 

classification accuracy. However, the model can be further modified by tuning specific 

parameters of CNN and adding more nodes and layers in the CNN architecture. 

In this paper, the significance of HAR research is analysed, and an overview of emerging 

methods in the field is provided. Convolution neural networks have been used in many 

innovations in natural language processing, image recognition, and other predictions. This 

technology was adapted to the HAR task. We proposed the different framework of the CNN 

network. This deep network can enhance learning ability for faster learning in early training. 

We also found that window size was a key parameter. Too small a window did not guarantee 

continuity of information, and too large a window caused classification errors. 

 

5.2 Future Scope 

A new set of features can also be extracted and fed in an additional channel of CNN to improve 

the model’s performance, which is subjected to future studies. The issue with the low 

classification accuracy of the Sitting class must be addressed as well. We are also interested 

in evaluating our model using other HAR datasets, including an updated version of the UCI 

HAR dataset that contains Postural Transitions. 

 Future work should explore a more efficient way to tune parameters. Although the grid search 

was workable, the searching range must be changed manually, and the values are always 

fixed. It will be important to find an adaptive way to automatically adjust the searching process 

and also make the neural network’s architecture evolve, such by as automatically reshaping, 

adding, and removing various layers. Finally, applying the CNN network to other fields could 

be revealing. A good model should have outstanding generalization. Indeed, focusing on time 

series prediction problems has value. 
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