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Abstract 
 
Human Activity Recognition (HAR) is a challenging area of research and it 

is an important one. People perform various activities in their daily life. 

Analysis of these activities is mainly beneficial for elderly support and 

healthcare. In this paper, a simulation environment has been modeled for the 

purpose of human activity recognition. A user independent machine learning 

based approach for human activity recognition is presented. The use of 

stochastic gradient descent for optimizing the neural network is being 

proposed while testing the x, y and z-axis data that is obtained from 

accelerometer and gyroscope sensor. The accuracy of the proposed approach 

is being evaluated on UCI dataset that consist of pre labeled data from 

multiple users. The experiment has been conducted to precisely recognize six 

activities of daily life, and the proposed approach has been compared to 

various machine learning methods. The results showcase that the proposed 

approach outperforms the currently available methods in terms of accuracy 

and other performance parameters, without any manual feature engineering. 
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1 Introduction 
 

The problem statement in Human Activity Recognition is classification 

of various activities that a human indulges in their daily lives. The data 

required for this classification is being recorded using different sensors being 

positioned at different location on human body. This is a challenging 

problem as a sensor takes readings non-stop since the time it is switched on 

which results in huge number of observations or values generated every 

second. Some of the classical approaches that were being applied to this 

problem statement in the past, works on this generated time series data 

divided into fixed interval of time and train various machine learning models 

on this data. To handle this large amount of data, we require substantial 

amount of feature engineering to make the data presentable and to provide 

this data as an input to any machine learning algorithm. 

Historically, collection of data was expensive and would require custom 

made hardware devices. As the use of sensors for activity detection took a 

rise, various electronic devices have been created and combination of sensors 

have been proposed for recording sensor data. This generation is being 

dominated by electronic devices such as smartphones, smart bands, fitness 

tracking wearable technologies; and since smartphones are ubiquitous in this 

time, the easiest and most effective option for activity detection is to use 

these hand-held devices. Because this generation of human beings carries a 

smartphone with them at all time, using sensors embedded in these hand-held 

devices would be most efficient for analysing human behaviour and 

activities. 

Human Activity Recognition, due to its wide range of applications, has 

been an active area of research since last few decades. Various domains such 

as Elderly support and healthcare, automation and convenience services have 

been the key beneficiaries of this area of research. The goal of human 

activity recognition can be achieved by diving our work in two parts. First, is 

to collect sensor data. Second, is to apply the classification model to classify 

sensor data into different set of pre-defined activities. Collection of data in 

real time scenario is a challenging task in itself due to the uncertainties and 

presence of noise such as network error or human error which would fail to 

provide the correct sensor readings. For classifying the activities, collected 

data has to be analysed and features need to be extracted from it. Feature 

extraction is crucial to HAR as the quality of features is directly proportional 

to the model accuracy. 

Since there is no direct way to relate sensor data and human activity, 

what makes it a challenging task is, since each human will perform the same  

task in his own unique way, with a slight variation of movement. This will 

give us a varied set of sensor data for the same activity when it is being 

collected by different human beings. Our intent is to collect this set of 
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recorded sensor data along with the corresponding activity from our set of 

specified subjects, then a model is being fitted to this data and lastly the 

model is generalize so that it can classify the activity of unseen subjects from 

their sensor data. A dataset has been provided in the UCI Repository [1] for 

HAR that has been used in our paper. Support Vector Machines, Random 

forest, Decision tree algorithms have been proven to be one of the leading 

methods when it comes to recognizing various human activities. Introduction 

of neural networks and deep learning techniques such as CNN and RNN 

have provided state of the art results in some cases. 

 
2 Related Work 
 

Machine Learning approaches has been tried in the past, however with 

the increase in computing capability of computers, deep learning-based 

approaches have been surfacing that are giving better results than their 

machine learning counterparts on various set of data and environments. Some 

of the previous works have been highlighted in this paper which have dealt 

with the problem statement of HAR in their unique way and attained good 

results or have given a fresh perspective to the research domain. 

Deepika Singh et. al. [2] has taken raw sensory inputs and have 

recognized the activities by applying deep learning-based approaches. Author 

has shown that such a method can significantly improve the performance and 

provides better results. Author has used the LSTM variant of recurrent neural 

network, and has deduced hyper parameters from the model and have 

concluded that these hyper-parameters affect the overall performance of the 

model. Author have then taken three different real world dataset from a smart 

home environment and have then applied a variant of LSTM with a 

limitation that the size of recurrent weight matrices will be inter related to the 

number of memory cells of the neural network. LSTM has been a poor 

candidate when it comes to learning from common data structures like arrays 

and the reason author submits is that while reading and writing from the 

memory, it lacks a mechanism to index its memory. 

Ignatov Andrey [3] presented a deep learning-based approach which was 

user-independent which can be used for classifying real time human 

activities. Author have proposed the working of Convolutional Neural 

Networks which would be subjected for local feature extraction and 

combining it together along with simple statistical features which preserves 

the information relating to the global form of time series. In his study, author 

have also showed that the length of time series does affect the accuracy when 

it comes of human activities and author has advised to limit it up to one 

second. By doing this, classification of various activities will be made 

possible in real time. 

Mohammed Mehedi Hassan et. al. [4] have presented a novel approach 

where they have used the inertial sensors of the smart phone. Raw data is 

taken as input and feature extraction was done, and features such as mean, 
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median, etc. have been extracted from the raw data for further investigation. 

A kernel principal component analysis (KPCA) method has been proposed 

which further processes the features and a method named linear discriminant 

analysis (LDA) has been used to improve the robustness of the features. In 

the final stage a Deep Belief Network (DBN) is being used for training the 

features which results in accurate activity recognition. Author have also 

compared the various traditional approaches along with the proposed 

approach and has shown that his method outperformed all the other 

approaches. 

Bishoy Sefen et. al. [5] have proposed a platform where the sensors of 

smartphones and smartwatches combined over to classify different human 

activities in real time. This approach is being proven to be light on 

computations thus reducing the computation cost, it is light weight and it is 

able to run on handheld devices. Authors have used Naïve Bayes classifier 

for their model. Shoaib M, Bosch S, et al. [6] provided a review of different 

studies done till date where activity recognition systems are implemented on 

mobile phones. Only the on-board sensors of the mobile devices were used 

for activity detection. Classifiers like SVM, Decision Tree, Naive Bayes, 

KNN are analysed for their performance. 

In [7], Authors inspects the response time of the classification and a two-

level taxonomy in relation to the in use learning approach. The learning 

approach can be supervised or semi-supervised. Later in the paper, author 

have also discussed the primary issues in the research area and what are the 

challenges we need to overcome. A qualitative analysis took place in total of 

28 systems in relation to the performance with respect to recognizing the 

activity, energy consumption, intrusive behaviour, flexibility and various 

others. Davide Anguita et. al. [8] provided a different approach that takes 

into account the energy requirement of the system and how to efficiently 

implement the recognition system for activities of daily human life by using 

smartphone devices as these handheld devices function as wearable sensing 

devices. The activities that are being targeted are some of the assisted living 

applications like remote monitoring of patient activity which is useful for the 

elderly and the disabled persons. The fixed-point arithmetic method is being 

exploited to propose a modified version of the multiclass SVM learning 

algorithm. 

Jie Yin, Qiang Yang, et al. [9] created a support vector machine with a 

single class which have been trained on the data of routine activities, thus the 

model filters out those detected activities which have a very high probability 

of being one among the normal ones. The general model is taken as base and 

an abnormal model for detection is derived from it using Kernel Non-Linear 

Regression (KNLR). C. A. Ronao and S. Cho, [10] have taken a modified 

hidden Markov model (CHMM) where they have worked it out in two stages 

and in continuous mode for recognizing various human activities by the help 

of sensory data gathered from accelerometer and gyroscope sensors of the 

smartphone. 
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In their paper, Tâm Huynh and Bernt Schiele [11], the authors put forth 

an argument that most of the approaches uses only a single set of features 

and without taking any consideration of which activity we have to recognize 

and hence the author has taken a novel approach by carefully selecting 

individual features for each activity and use it for activity recognition. This 

method improves the recognition rate. Author did a systematic analysis of 

features and did cluster precision for ranking individual features which are 

computed over the real-world data sets and had shown how the selection of 

feature affects the recognition rate of different activities. Authors in this 

study [12] has successfully detected the following eight activities: walking, 

jogging, jumping, ascending stairs, descending stairs, sitting, standing and 

biking based on smart phone working on android operating system. Six 

different classification algorithms and 70 different features have been taken 

into consideration to find the best combination of activity recognition. They 

focused on reducing the number of features to be used and still maintaining a 

good recognition rate for the system. 

[13] has worked on the concept of a human patient wearing multiple 

accelerometer sensors on body in a free living environment and has tested its 

results in both a free-living as well as in a controlled scenario.[14] has 

illustrated a unique limited memory implementation for LCSS algorithm that 

succeeded in simultaneous activity recognition in real time. An extensive 

survey on the works that are been done to recognize activities based on using 

a smartphone as the source for data collection is provided by the authors [15] 

and [16] does a review on latest systems for human actions monitoring with 

an objective of utilization in medical sector. An experiment has been 

conducted [17] with dead-reckoning method which shows good recognition 

behaviour while using inexpensive sensors. Another author has showed the 

use of inertial sensors [18] while exploiting the fixed point arithmetic of 

SVM for efficient activity recognition. 

 

3 Methodologies 
 

While working for the accurate prediction of human activities, following 

standard set of steps are being followed as depicted in figure 1: 

 

3.1 Data Collection 
 

Thirty volunteers have taken part for the experiment where they have 

performed in total six activities of the daily human life and a smartphone 

have been attached to their waist. The sensor data that have been collected by 

these volunteers between the age of nineteen and fifty have been used to 

successfully classify between the six activities namely; Standing, walking on 

a plane surface, Walking Upstairs, Walking Downstairs, laying down and  
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Sitting. Accelerometer and gyroscope sensors that were embedded in the 

Samsung galaxy S II smart phone have collected data along the x, y and z-

axis resulting in getting the linear acceleration and angular velocity in a 

three-axial environment. These observations have been recorded at 50 hertz; 

i.e., 50 data points per second. 

 

 

3.2 Data Pre-Processing 
 

Noise filters were used to pre-process the data provided by the sensors. 

Then the data has been split into the fixed window size of128 data points 

which makes each interval of sliding window of 2.26 seconds. Feature 

engineering was being applied to this window data and a copy of the 

resultant data consisting of engineered features has been provided. Various 

number of commonly used features have been extracted from the sensor data 

from each window which results in generation of a vector of size 561 

elements. 

 
 

 

 

 

 

 

                                     Fig. 1 Flowchart of Methodology 

 

 

Data Collection by sensors of the smartphone 

Data Pre- Processing 

Feature Selection such as mean, standard deviation, energy, etc. 

Loading of dataset, splitting it for training and testing the model 

Defining Classification Models and fitting the model for the dataset 

Training the models as per the training data of the dataset 

Model Evaluation by successful Classification of Activities 
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3.3 Feature Selection 
 
The following set of features were estimated from the recorded sensor 

signals: 

• mean(): Mean value 

• std(): Standard deviation 

• mad(): Median absolute deviation 

• max(): Largest value in array 

• min(): Smallest value in array 

• sma(): Signal magnitude area 

• energy(): Energy measure. Sum of the squares divided by the number of 

values. 

• iqr(): Interquartile range 

• entropy(): Signal entropy 

• arCoeff(): Autorregresion coefficients with Burg order equal to 4 

• correlation(): correlation coefficient between two signals 

• maxInds(): index of the frequency component with largest magnitude 

• meanFreq(): Weighted average of the frequency components to obtain a 

mean frequency 

• skewness(): skewness of the frequency domain signal 

• kurtosis(): kurtosis of the frequency domain signal 

• bandsEnergy(): Energy of a frequency interval within the 64 bins of the 

FFT of each window. 

 angle(): Angle between to vectors. 

 

3.4 Load Dataset 
 
 All the entries of the dataset has been split into two parts. 70% of the 

data is being used for training the various classification models that will be 

used. Remaining 30% of the data has been unseen by the classification 

models and will be used as new data to test the models in general 

configuration. The dataset has been loaded into the model in common 

separated value (csv) format where each value has been separated by a white 

space. Each of these files has been loaded as a NumPy array into the model. 

 

 

3.5 Define Classification Models 
 
Following algorithms have been applied and compared 

 

• Logistic Regression 

• Decision Tree 

• Support Vector Machine (SVM) 

• K-Nearest Neighbor (KNN) 
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• Random Forest 

• Neural Network (NN) 

• Long Short-Term Memory (LSTM) 

• Stochastic Gradient Descent (SGD) 

 

 Along with these classification models, stochastic gradient descent has 

been used for optimizing the neural network and recurrent neural network 

(LSTM) and has been tested for the performance with the dataset. 

 While optimizing the neural network with stochastic gradient descent, 

Initial parameter's values were set, weights had been initialized and the 

summation of weights in association with the input values is calculated as: 

 

   ∑      

 

   

 

 

where,   is the output consisting of k number of input sensor data   is the 

weight associated with the k input and x is the input data. After passing 

through the initial layers, the neural network uses the ReLU activation 

function which computes the output as: 

 

 ( )     (   ) 
 

where, x is the input data value. After passing through the output layer, 

SoftMax activation function is used for multi-class classification, and it is 

computed as: 

 ( )  
   

∑     
   

              

 

 

where, z is the vector of inputs to the output layer. The gradient descent 

iteratively adjusts the value of weights as per the given equation with each 

epoch so they minimize the given cost-function for the entire training dataset. 

 

       ( (   ( )  ( )))   ⁄  

 

Where, θ is weight, α is the learning rate for the algorithm,  ( ) is the cost 

function   ( )  ( )are the training data functions. 
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4 Model Evaluations 
 
 The classification model is being fitted in accordance with the training 

data, which makes the model suitable to be generalized and predict the class 

of activity by the use of testing part of the dataset. The prediction obtained by 

the classification model is then being compared using the performance 

metrics. 

 Confusion Matrix has been generated by each of the performing 

classification model and it is compared to obtain the best method among the 

all being applied on the provided dataset. 

 
           Table 1. Confusion Matrix for Neural Network with SGD optimization 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 537 0 0 0 0 0 

Walk 0 490 2 4 0 0 

WU 0 26 444 1 0 0 

WD 0 6 24 390 0 0 

Sit 9 0 2 0 479 1 

Lay 0 0 0 0 0 537 
 
           Table 2. Confusion Matrix for Stochastic Gradient Descent 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 523 0 14 0 0 0 

Walk 0 426 62 0 0 3 

WU 0 14 518 0 0 0 

WD 0 0 0 490 3 3 

Sit 0 0 0 12 380 28 

Lay 0 0 0 29 2 440 
 
                            Table 3. Confusion Matrix for Logistic Regression 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 527 0 10 0 0 0 

Walk 2 421 66 0 0 2 

WU 0 12 520 0 0 0 

WD 0 0 0 493 3 0 

Sit 0 0 2 5 397 16 

Lay 0 0 0 27 1 443 
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                   Table 4. Confusion Matrix for Decision Tree 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 537 0 0 0 0 0 

Walk 0 367 124 0 0 0 

WU 0 73 459 0 0 0 

WD 0 0 0 452 22 22 

Sit 0 0 0 20 349 51 

Lay 0 0 0 71 39 361 
 

 

 

Table 5. Confusion Matrix for Support Vector Machine 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 537 0 0 0 0 0 

Walk 3 439 48 0 0 1 

WU 0 28 504 0 0 0 

WD 0 0 0 483 8 5 

Sit 0 0 0 6 387 27 

Lay 0 0 0 13 1 457 
 

 

 

 

          Table 6. Confusion Matrix for K-Nearest Neighbor 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 513 15 9 0 0 0 

Walk 3 375 112 0 0 1 

WU 0 30 502 0 0 0 

WD 0 0 0 483 9 4 

Sit 0 0 0 61 315 44 

Lay 0 0 0 47 6 418 
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                Table 7. Confusion Matrix for Random Forest 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 537 0 0 0 0 0 

Walk 0 431 60 0 0 0 

WU 0 46 486 0 0 0 

WD 0 0 0 482 10 4 

Sit 0 0 0 22 360 38 

Lay 0 0 0 41 6 424 
 

 

        Table 8. Confusion Matrix for Artificial Neural Network 

 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 515 22 0 0 0 0 

Walk 0 448 43 0 0 0 

WU 0 32 500 0 0 0 

WD 0 0 0 491 4 1 

Sit 0 0 0 8 392 20 

Lay 0 0 1 27 4 439 
 

 

Table 9. Confusion Matrix for Recurrent Neural Network (LSTM) 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 475 14 7 0 0 0 

Walk 13 454 2 0 1 1 

WU 2 8 410 0 0 0 

WD 0 1 0 369 119 2 

Sit 0 1 0 75 456 0 

Lay 0 2 0 0 0 535 
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Table 10. Confusion Matrix for Recurrent Neural Network with SGD optimization 

 

  Predicted Class 

  Stand Walk WU WD Sit Lay 

A
ct

u
a
l 

C
la

ss
 Stand 79 39 1 204 173 0 

Walk 85 187 0 52 147 0 

WU 48 43 0 141 188 0 

WD 1 23 0 465 2 0 

Sit 34 32 0 242 224 0 

Lay 0 27 0 0 0 510 
 

 

By the generated confusion matrix of various methods, it can be seen that 

when optimising of neural network using stochastic gradient descent is done 

to accurately measure the various activities, highest accuracy is being 

recorded (Table 1), while without optimizing the neural network, a lesser 

accurate model is generated (Table 8). While using the stochastic gradient 

descent as a classifier in itself, obtained result is not comparatively good. 

(Table 2). Another result that is conclude by Table 9 and Table 10 is that, 

using the recurrent neural network, is giving a good result but with SGD 

optimization, obtained result is the lowest accuracy among all the tested 

methods. Table 3, 4, 5, 6 and 7 are representing the confusion matrix for the 

pre-existing machine learning methods when tested on the unknown data. 

 

 

5 Results and Discussion 
 

In this work, various machine learning models have been applied and the 

accuracy is considered with which these methods are able to classify the 

activities of daily life. Experimental results have demonstrated the defined 

model’s performance and how the optimization of neural network and 

recurrent neural network is performing in the provided dataset. It is also 

investigated that how the accuracy is being varied with each of the 

classification model when fitted with the given dataset (Table 11). 

Computation of time for the classification methods to perform prediction in 

this multi-class problem has been performed. Result for the same is tabulated 

in Table 12. A comparative graph is also been generated depicting the time 

taken (fig.2) and accuracy (fig.3) for the specified problem statement. 
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                Table 11. Accuracy of Classification models 

 

Logistic Regression 
95.08% 

Decision Tree 
85.34% 

Support Vector Machine (SVM) 
95.25% 

K-Nearest Neighbor (KNN) 
88.43% 

Random Forest 
92.67% 

Neural Network (NN) 
92.87% 

Long Short-Term Memory (LSTM) 
91.58% 

Stochastic Gradient Descent (SGD) 
94.23% 

Neural Network with SGD optimization 
96.20% 

RNN with SGD optimization 
49.71% 

 
   Table 12. Prediction Time of Classification models (in seconds) 

 

Logistic Regression 
0.0194 

Decision Tree 
0.0054 

Support Vector Machine (SVM) 
6.4642 

K-Nearest Neighbor (KNN) 
20.5743 

Random Forest 
0.0732 

Neural Network (NN) 
0.1587 

Long Short-Term Memory (LSTM) 
2.8168 

Stochastic Gradient Descent (SGD) 
0.0156 

Neural Network with SGD optimization 
0.2241 

RNN with SGD optimization 
2.8132 
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A comparison among the classification methods that have been applied 

to the given problem statement provides us with the observation that when 

the neural network has been optimized using the stochastic gradient descent, 

it exceeds in accurately identifying the six classes of human activities. 

Support Vector Machine, stochastic gradient descent are the close second and 

third in terms of accuracy. These results are being obtained by applying a 

generalized model of classification that can be used for any other dataset or 

real time data. The method used is not user specific and can be applied to any 

environment and to any user. 

By careful observation on the time required by these classification 

models while predicting the classes in this multi-class environment, we can 

conclude that in spite of a descent performance by KNN in terms of 

accuracy, it has the worst running time for the given problem statement. 

SVM, in spite of having good accuracy, follows KNN as the second worst 

performer. Decision tree has performed better than all the compared methods 

with respect to time but since the accuracy is very low, is not a good option 

to go with for HAR. Another conclusion that can be drawn is that recurrent 

neural networks are falling behind their machine learning counterparts in 

both the criteria. Optimization of the neural network with stochastic gradient 

descent has a good accuracy as well as good prediction timing and thus came 

out as the best performer overall concerning both the criteria. 

These results are being obtained by applying a generalized model of 

classification that can be used for any other dataset or real time data. The 

method used is not user specific and can be applied to any environment and 

to any user. 

                

 
                                 

 

                              Fig. 2 Time vs Classification Method plot 
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                     Fig. 3 Accuracy vs Classification Method plot 

 

 
6 Conclusions 
 

While optimizing the neural network by stochastic gradient descent, a 

better performance is achieved than other machine learning methods. It can 

also be concluded that while applying stochastic gradient descent with Long 

Short-Term Memory recurrent neural network, using sensor data gathered 

from UCI dataset, this configuration is giving substandard result and 

performing poor than various machine learning methods. 
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