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Abstract 

 

Recently, many wearable devices have been developed as IoT technology grows. 

Among them, smart watch is the friendliest wearable device in daily lives. Many 

companies are trying to improve the device or system to provide personal service 

as user’s behavior. This paper proposes an user behavior classification system 

using smart watch and machine learning algorithm to provide personal service 

with wearable devices. Sensing data from accelerometer of smart watch is 

collected, and then classification is implemented by Two-Class Support Vector 

Machine, Multi-Class Logistic Regression, Multi-Class Decision Forest. We show 

that the prediction accuracy is more than 90%. 
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1 Introduction  
 

Recently, as technology of IoT(Internet of Things) has been growing 

enormously [1], [2], various products of IoT or wearable devices are developed 

and used in daily lives. The friendliest wearable device is the smart watch, which 

has integrated IoT technology into the watch. The smart watch is widely used.  
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Machine learning has been developed [3], [4] for more than decades. Machine 

learning is a field of artificial intelligence to improve algorithms for computers to 

learn. 

 

There are many researches to classify human activities using machine learning. 

Most of them classify a few distinct and active human activities such as walking, 

running, going upstairs, and going downstairs, for health care services [5], [6], [7]. 

[8] studies on recognition of a patient’s specific behavior for therapeutic purposes 

or detecting diseases. 

 

In this paper, we focus on inactive human behaviors as compared with the 

previous studies which focused on active human behaviors. Inactive behavior 

means that behaviors on desk such as office work(writing documents, or coding), 

studying(reading a book, or writing with a pencil), and playing computer game. 

 

Accelerometer sensing data is periodically collected from smart watch, and 

then classification is implemented by Two-Class Support Vector Machine, 

Multi-Class Logistic Regression, Multi-Class Decision Forest. 

  

The rest of this paper organized as follows. The system is introduced in 

section 2, process of classifying user behavior is presented in section 3. 

Performance evaluation is given in section 4. The section 5 is the conclusion. 

 

2 System Overview 
 

The proposed system is divided into 4 sections, smart watch, smart phone, 

server, and machine learning. 

  

2.1 System Structure 

The System Structure is Fig 1. The smart watch collects the sensor data of 

accelerometer and information from user’s activity, and then sends the data to a 

smart phone. The smart phone sorts out the data by format and sends it to server. 

The server performs preprocessing received data. The machine learning model 

learns to categorize user behavior from preprocessed data. 

 

 
 

Fig 1. System Structure 
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2.2 Equipment 

In the experiment, apple watch and iPhone is used as experimental devices. 

The operating system of the server is window 10. The ML studio[9] is utilized as 

a machine learning tool. 

 

2.3 System Scenario 

The user wears a smart watch on user’s wrist. Left-handers wear this to the 

left, right-handers to the right. When the user wears the watch, it measures the 

change of accelerometer and transmits the change to the server. The server 

classifies received data as user behavior.  

 

3 User Behavior Classifier 
 

3.1 Data Collection  

The user can collect the data from the smart watch. It works in three steps for 

collecting data by wearing a smart watch. The first step is to get the information 

of user’s activity. User can specify current activity by just pressing a button. Then 

the sensor data is labelled to the specified activity in real time. With this labels, 

the supervised learning is enabled. The second step is to get accelerometers sensor 

data periodically. After user pressing the button, smart watch starts to get the data 

from accelerometers. The smart watch gets X-axis, Y-axis Z-axis data of 

accelerometer ten times in every second. Until the user presses its finish button, 

the smart watch continuously collects the data. The third step is to send the data to 

the smart phone. The data set is defined as X-axis, Y-axis, Z-axis data of 

accelerometer and information of user activity.  

 

The smart phone receives the data from smart watch through Bluetooth and 

forward the data to server through WiFi. 

 

3.2 Feature Extraction 

The server extracts the feature for machine learning from the received dataset. 

The extracting process is shown as follows. The duration of each epoch in this 

study is set to 10 seconds. The server calculates its mean, standard deviation, and 

variance of values of the X-axis, Y-axis and Z-axis of the accelerometer during 10 

seconds and extracts a total of 9 features for machine learning. Finally, server 

gives the preprocessed data to the machine learning model. 

 

3.3 Classification 

In this paper, three kinds of machine learning techniques are applied to 

obtain the results. They are Multi-class Logistic Regression model, Two-class 

Support Vector Machine model and Multi-class Decision Forest model. We use 

ML studio of Microsoft as machine learning tool. ML studio is a powerful and 

simple tool. The ML studio performs machine learning based on data processed 

by server.  
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4 Performance Evaluation 
 

In this section, we evaluate the proposed system. Table 1 shows the number of 

data set used for machine learning. The number of dataset with office work 

features is 9392. The number of dataset with study features is 8666. The number 

of dataset with game features is 6168. Therefore, the total number of feature 

dataset is 24226. This data set is randomly divided into a training set and a 

validation set as 8:2 ratio.  

 

Table 1 Dataset Overview 

 

Activity Type Office Work Study Game Total 

Number of Instances 9392 8666 6168 24226 

 

4.1 Two-Class Support Vector Machine 

 Fig 2 shows the confusion matrix of Two-Class Support Vector Machine. 

The Y-axis of confusion matrix is an actual stage and the X-axis of confusion 

matrix is the stage predicted by the machine learning model. The ratio that model 

predicts the dataset of an actual office work stage as office work stage is 78.3%. 

The model confuses the office work with the game. The other ratios are almost 

accurate, as each of them is 97.4% and 91.0%. The overall accuracy of this model 

is 90.07% in table 2. 

 

 

 
 

Fig 2 Two-Class SVM Confusion Matrix 

 



User behavior classification based on smart watch and…                 349 

 

 

Table 2 Overall Accuracy 

 

Machine Learning Model Overall Accuracy Precision Recall 

Two-Class  

Support Vector Machine 
90.07% 89.96% 88.92% 

MultiClass  

Logistic Regression 
91.55% 92.15% 89.96% 

MultiClass  

Decision Forest 
99.93% 99.93% 99.93% 

 

 

4.2 Multi-Class Logistic Regression 

 

 Fig 3 shows the confusion matrix of Multi-Class Logistic Regression. It is 

slightly better than Two-class Support Vector Machine. Similarly, SVM mainly 

confuses office work with the game. The ratio of matching the office work stage 

is only 76.2%. The model usually predicts as the game stage, if the model does 

not fully match with work dataset. The overall accuracy is 91.55% in table 2. 

 

 
 

Fig 3 Multi-Class Logistic Regression Confusion Matrix 

 

4.3 Multi-Class Decision Forest  

 

Fig 4 shows the confusion matrix of Multi-Class Decision Forest model. The 

ratio that model predicts accurate dataset, actual office work stage as office work  
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stage, an actual study stage as study stage, an actual game stage as game stage, are 

99.9%. The overall accuracy is 99.93% in table 2. This model has the best 

accuracy among three models.  

 

 

 
 

Fig 4 Multi-Class Decision Forest Confusion Matrix 

 

 

4.4 Discussion 

 

 According to results, human behavior classification is possible even with the 

data sampling in 10 seconds. It is also possible to classify not only active 

behaviors, but also inactive behaviors, such as office work, studying, or playing 

computer game. Among the various machine learning models, Multi-Class 

Decision Forest model is the best to categorize the inactive behavior. Still, the 

other models are good as well.  

 

 

5 Conclusion 
 

   In this paper, user behavior is categorized by smart watch sensor and machine 

learning. Although previous work classifies the activities in the area of health 

care, this work presents the possibility that various human activities in daily lives 

can be classified by machine learning. Being able to distinguish inactive behaviors, 

as well as active behaviors, it is possible to create an environment where the 

device of IoT can provide wider services. Moreover, applying more sensors, other 

than accelerometers, will enable other wearable devices or other IoT devices to be 

more accurate and classify more human activities.  
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