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ABSTRACT: 

The use of smartphone sensors to predict current 

user activity is a very useful feature for most mobile 

applications. However, for low-cost sensors and 

real-life applications, this task can easily become a 

problem. The main question is how to reduce the 

number of Human Activity Recognition (HAR) 

errors in everyday smartphone use. The system 

investigates the effects of smartphone diversity on 

next-generation models and finds solutions such as 

trend-independent preprocessing transformation 

techniques to reduce it. In addition, in the current 

literature, we investigate the advantages of 

combining the features extracted from a 

convolutional neural network (CNN) based car 

encoder compared to the most well-known model in 

the current literature. Next, we test our architecture 

first with a different data set that exceeds the 

previous results, then with a new dataset of real-

world use cases in this case for the best results. 

Key Terms — Human Activity Recognition, 

Convolutional Neural Networks, Autoencoders 

1.INTRODUCTION: 

It is important to identify day-to-day human activities 

for many programs, from health monitoring to safety 

monitoring, fitness monitoring and user adaptation 

systems. With the development of low-end sensors in 

smartphones and mobile devices, developing mobile 

applications that can monitor user activity "in nature" 

is a major challenge. As mentioned, consumers and 

smartphones have many variables. Users have 

different differences in demographic terms (age, 

height, weight, etc.) and different functions in style. 

Instead, they use different operating systems, 

hardware, and detection capabilities. We start with 

the proposed model and show the controlled 

environmental impact of the classification. The break 

between the device (and the sensor) does not cause 

data corruption and an unnatural environment. For 

this reason, we accept provider data sets highlighting 

the diversity of devices. We also examined the 

effectiveness of the manual design and statistical 

functions which are often inadequate in real life due 

to heterogeneous situations. In addition, we 

considered the effect of orientation-independent 

transformation as a preprocessor, which should 

render the data independent of sensor location and 

orientation. we aim to discuss the real-life 

disadvantages of diversity using the older generation 

model and then create a new learning framework to 

address the disadvantages of HAR in this case. Our 

framework is built on the CNN architecture 

combined with the automatic portable encryption 

features of mobile devices. Finally, we will compare 

our results with pioneering work. 

The mode of transportation used by most smartphone 

users plays an imperative role in the amount of 

contextual information used by the user's mobility 

while travelling. Using multimodal data, apps can 

customize services to make tracking people smarter, 

easier and smarter. In recent years, numerous studies 

have identified ways to transmit GPS and motion 

data from sensors mounted on smartphones. Most of 

these studies used classical machine learning and 
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deep learning models to define behavioral modes. 

The outcomes display that it is difficult to distinguish 

vehicles from the same category with the motion 

sensor approach. 

This device is also equipped with an accelerometer 

and gyroscope. Accelerators are standard in almost 

all smartphone manufacturers. As the name implies, 

the accelerometer measures changes in speed. not 

speed. Acceleration data can be managed to sense 

sudden deviations in motion. Another standard 

smartphone sensor is a gyroscope, which uses gravity 

to measure orientation. The signal received by the 

gyro can be managed to control the location and 

positioning of the device. Because there are 

significant property differences between the data 

obtained from these sensors, many properties can be 

generated from the sensor data to determine the 

activity of the person using the device. In this study, 

the data set consisted of signals from smartphone 

accelerometers and gyroscopes launched by different 

male and female volunteers while performing various 

covert tasks using CNN's machine learning approach. 

The effectiveness of various approaches is analyzed 

and compared in terms of accuracy and efficiency. 

2.PROPOSED SYSTEM 

If we are actually used, we need to take into account 

that smartphones can be adapted and targeted to the 

human body in various ways. For example, a 

smartphone can be in a trouser pocket (front and 

back), or it can be in a purse or bag in different 

directions. These variables have a significant impact 

on the prediction of HAR predictions, especially 

when the model is trained to collect data that includes 

measures of performance along with a set of 

directions and orientations, usually for the spread of 

available data. tackle has all these problems. We 

decided beforehand to remove the three main tubes. 

The main purpose is to display the input data at a 

fixed sample rate, in our case with 50 samples per 

second faster. The second blockchain, called 

Orientation-Independent Transformation (OIT), is 

used to represent data from multiple directions in a 

new space that does not depend on modern space and 

adapts to the weight and direction of travel.  

 

 
FIG 1.1: Structure of proposed system 

 

This way users can place their smartphone anywhere, 

minimize space usage issues and rotate the 

smartphone, as we will see in Part VI. Our recent 

blog post describes a data collection operation that 

focuses on-axis symbols that are only used to engage 

to a certain degree. The reasons for this choice are 

explained. As previously reported [2], serial 

synchronization simplifies data entry and CNN 

simplifies data entry. Conversely, data manipulation 

should be avoided as it is useless in this case because 

it significantly distorts the timing of the sequence and 

removes large amounts of information critical for 

some operations. After improving distribution, we 

introduced a new teaching style. CNN includes the 

additional functionality of an automatic coding 

codec. As stated by Luga [2], CNN teaches that 

filters can be applied to a small area of data so that it 

can be in the form of information and environmental 

changes. due to the slight number of connections and 

a high amount of similarities, CNN's processing 

speed and execution time are considerably slower 

than other depth algorithms. This means that these 

examples are suitable for real-time HAR applications 

even in confined environments such as smartphones. 

One of the drawbacks of NCCs is that they delay the 

collection of symptoms. In [2] the author solves this 

tricky by adding some basic statistics to CNN. In 

addition to what we did in this last job using a 

number of handcrafted symbols, we decided to 

choose an auto-generated symbol. They have been 

created by an automatic encoder which offers a very 

sophisticated representation of the information. We 

can train the autoencoder separately and then use a 

trained format other than CNN.  

 

Autoencoder 

In this segment, we define the automatic encoder 

model based on [16], [17] and [18]. Autoencoder is a 

type of neural simulator used to train command data 

effectively without supervision. The job of the 

automatic encoder is to train the representation 

(coding) of certain information by instructing the 

network to ignore the noise signal. Given 

 as a 6x125 matrix and x as the 

column vector 750x1 obtained by flattening X we can 
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define the autoencoder in two blocks. The first block 

is the encoder which is a function of the input: 

             
 

 
 

where  is a vector of  and  which are weight 

matrix and layer polarization vector, respectively As 

a result of this block can be created, The 

second block is the decoder, which starts with the 

code received from the encoder and reconstructs the 

input in the opposite direction 

                
 

 
 

Thus, the reconstructed input is . What we 

want to minimize is the distance between x and z 

w.r.t. a distance measure with a harm function like 

MSE. 

 
 

FIG 2.1: (Auto)-encoder structure 

The main reason for using automatic encoder code 

for this app is to clear the payload as input for some 

operations. This is done using an automatic encoder 

code, i.e. execution of the block encoder: 

 
The autoencoder follows the structure reported in 

Fig. 2 and is based on a Neural Network architecture.  

 

3.ALGORITHM 

 

 Convolutional Neural Network 

Step 1: Load accelerometer data 

from the Heterogeneity data set. 

 

Step 2: Convert and reformat 

accelerometer data into a time-

sliced representation. 

 

Step 3: Visualize the accelerometer 

data. 

  

Step 4: Reshape the multi-

dimensional tabular data so that it 

is accepted by Kera’s. 

 

Step 5: Split up the data set into 

training, validation, and test set. 

 

Step 6: Define a convolutional 

neural network model in Kera’s. 

 

Step 7: Train the convolutional 

neural network for human activity 

recognition data. 

 

Step 8: Validate the performance of 

the trained CNN against the 

test data using learning 

curve and        confusion 

matrix. 

 

Step 9: Export the trained Kera’s 

CNN. 

 

Step 10: Create a playground in 

XCode and import the already trained 

Kera’s model. 
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4.RESULTS 
 

 

FIG 4.1: The autoencoder model 

The above image represents the autoencoder 

model testing values in graph format. 

 

FIG 4.2: The autoencoder model and KNN 

classifiers with their evaluation 

The above image represents the evaluation 

values of autoencoder and KNN Classifiers. 

 

FIG 4.3: Confusion matrix 

The above image represents the prediction 

accuracy in the format of confusion matrix. 

 

FIG 4.4: Plot for NN based autoencoder; 

The above image represents the NN based 

autoencoder plot image. 

 

FIG 4.5: A test on splitted data 

(accelerometer/gyroscope); 

The above image represents a splitted 

accelerometer and gyroscopic data in graph 

format. 

 

FIG 4.6: The dataset pre-processing functions 

Above image shows a pre-processing function 

for given dataset. 
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FIG 4.7: The CNN model and it's evaluation 

Above image shows the evaluation of CNN 

model accuracy in the plot image.  

5.COMPARATIVE STUDY 

With this newly collected data set, we wanted 

to test the performance of our model in real use 

cases where smartphones can be placed in various 

positions and orientations. In this case, we train 

the Full HD model as the training set and then use 

OD as the test set. It is important to remember that 

in this case, we used the ILO and therefore 

reduced the HD exercise in sitting and standing to 

the inactive class category. 

Autoencoder. An interesting finding is that the 

ILO is an essential operation in multiple 

orientations. For example, without OIT, we found 

that a trained and tested autoencoder with the 

same data went from 0.75 to 10.42 MSE: ten 

times worse. Apart from that, the details 

 

Positions Accuracy Precision Recall F1-score 

Pouch  80.1 86.4 80.7 79.0 

Hand + Pocket 79.5 83.7 79.5 79.6 

All 80.0 83.8 79.1 78.2 

 

TABLE 1: KNN comparison between 

smartphone locations on OD. 
 

Positions Accuracy Precision Recall F1-score 

Pouch 74.4 84.7 74.4 74.8 

Hand + Pocket 67.8 78.0 67.8 70.0 

All 69.9 81.3 69.9 72.4 

TABLE 2: Evaluation of the FFNN on the OD 

between smartphone positions. 

CNN Network. By combining the automatic 

encoder function of CNN, we get better results 

with the simple KNN and FFNN classifiers above. 

For the new handheld + pocket job, we saw a 

nearly 25% drop in performance, but given the 

invisible complexity of this new context, we are 

quite satisfied with the results. Like Tab. 8 proves 

that the ultimate Smart preprocessing training 

strategy works well even with new task 

configurations similar to those used in real life. 

We tried disabling OIT on CNN models, and 

the returns were reduced by almost 55% across all 

metrics. This shows that ILO is a very useful 

preprocessing technique for autoencoding and 

CNN modelling. 

 

Positions Accuracy Precision Recall F1-score 

Pouch 95.3 95.0 93.8 91.9 

Hand + Pocket 80.5 89.5 78.0 80.2 

All 98.6 97.9 96.1 96.1 

 

TABLE 3: Comparisons of CNN classifications 

through smartphone positions on OD. 

 

6.CONCLUSION 

 
We offer a HAR execution solution that can be 

simulated in a mobile fitness application software, for 

example. It is very difficult to respond to this type of 

lag with a real mobile application and to set and 

customize it. With well-prepared pipelines, closely 

spaced lines, independent transformations, and 

location data, HAR losses due to new problems can 

be overcome. The literature suggests different ways 

of implementing a HAR: one of the advantages of 

using CNN is automatic property selection and the 

final ranking. By adding more advanced features to 

CNN, for example, B. By implementing an automatic 

encoder, we were able to extend the results before the 

original design, which used different data. 

 

The following work can help demonstrate the 

effectiveness of this model by using more complex 

data from different types of people, such as weight, 

height, gender, etc., as well as the dissimilar types of 

services that destiny provides. It also helps create 

distinct shoes and clothes for the wearer. We also 

want to extend our visual activity to where the user 

is, e.g. cars, buses, trains, planes, etc. E. You may 

make other contributions because you don't have 

time. Confirm the use of open classification methods 

that require the system to reject detection/observation 

activities. 
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