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Abstract. Human-motion data need to be stored and processed to manage wearable robots. Given the 
considerable data volume associated with sensor data, we designed a database that efficiently stores 
sensor data from human motion and can be used by intelligent wearable robots. We designed a database 
for sensor data from human motions for use in intelligent wearable robots. We used functions to 
preprocess and transform the data into JSON files. Additionally, we created a function to store and process 
data files in the database. A database of human-motion data is necessary to determine whether robot 
movements (e.g., by wearable robots or robot simulations) are similar to those of humans. The most 
common methods for collecting motion data from people have been markerless optical systems. However, 
these methods are less accurate than motion capture using a non-optical system. We designed and 
implemented a database to collect and store accurate human-motion data using a non-optical inertial 
motion-capture system. Our database can be applied to walking robots used for people with paraplegic 
disabilities who need walking assistance, and to robots and equipment that mimic human movements for 
people working in high-risk environments. Our system can also be applied to humanoid robotics. 
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INTRODUCTION 

Movement dysfunction is becoming a major issue in aging populations across the world as quality of 
health improves and individuals live longer. Pollution in big cities is a major challenge, and related 
congenital disorders influencing somatosensory and motor control disorders in newborn children have 
led to mobility challenges. Assistive-gait wearable robots are being studied to address these disorders[1], 
as well as devices and wearable robots for paraplegic patients [2, 3]. Cloud databases are increasingly 
used to store data generated by such hardware[4]. Although data for robotic movement are important, 
human-motion data are also critical because all of these solutions are deeply entwined with people. 
Therefore, it is necessary to collect and store data on human movement using motion-capture equipment 
and apply the results to robots. There are two different methods for capturing human movement: optical 
and non-optical. Optical systems use data captured from image sensors to triangulate the 3D position of a 
subject between two or more cameras calibrated to provide overlapping projections. Among the most 
popular optical systems, markerless methods were created through the development of computer vision 
technology and capture motion using various imaging analysis techniques[5]. These systems typically use 
Microsoft’s Kinect sensor [6]. Markerless systems are cheaper and easier to access than other motion 
capture methods. However, human-related equipment, such as wearable or assistive-walking robots, can 
be dangerous to users if the data are not accurate. Therefore, we collected human-motion data using non-
optical inertial motion-capture equipment and preprocessed the data. Then, the data were formatted as 
JavaScript Object Notation (JSON) files and stored in a database. We investigated how motion data stored 
in a database as big data can be applied to intelligent wearable robots. The rest of the paper is as follows: 
section 2 summarizes related literature; section 3 outlines the design of the human-motion database for 
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intelligent wearable robots; and section 4 summarizes our findings. 

1. Related Work 

2.1. Big data–based database 
Big data are generated not only by the internet, mobile phones, and social media but also in other 

areas including healthcare and finance. Strong calculation techniques are needed to deduce the patterns 
of such data. Sensor data are especially diverse and high in volume; therefore, sensor data should be 
approached like big data[7]. We used the NoSQL database program MongoDB to store the data. MongoDB 
is a cross-platform document-oriented database and uses the same documented schema as JSON. The 
main function of a database is to return specific document fields through temporary queries and to 
support regular-expression searches. Databases also provide high data availability through replication. 
MongoDB is a good choice for JSON because this file format is often used to process big data and requires 
a database that can manage and store these types of files well[8]. 

2.2. JSON 
JSON is an open standard file and data interchange format that uses human-readable text to store and 

transmit data objects consisting of attribute–value pairs and array data types (or any other serializable 
value). It is a very common data format, with a diverse range of applications, such as serving as a 
replacement for XML in AJAX systems[9]. When used in MongoDB, JSON is called binary JSON (BSON). 
BSON is a computer data interchange format. It is a binary form for representing simple or complex data 
structures, including associative arrays (also known as name–value pairs), integer-indexed arrays, and a 
suite of fundamental scalar types. BSON originated in 2009 at MongoDB. Several scalar data types are of 
particular interest as transfer formats for MongoDB, but BSON can be used independently of MongoDB. 
Relative to JSON, BSON is designed to be efficient both in terms of storage space and scan speed. Large 
elements in a BSON file are prefixed with a length field to facilitate scanning[10]. Motion data have 
inherently high volume due to data from different body parts. Therefore, motion-sensor data should be 
stored and managed as JSON types to facilitate analyzing such large amounts of data. 

2.3. Human-motion database 
To communicate and interact with humans using gestures, humanoid robots need to both act and 

look like humans. A previous study used humanoid robots to create human-like arm movements in real 
time and collected motion data with a markerless optical system; however, the accuracy of the data was 
too low to produce the desired movements[11]. Another study measured swimming behavior using gyro 
sensors, identified regular and irregular data, stored them in motion-capture databases, and compared 
swimming behavior between professional athletes and ordinary people[12]. However, although inertial 
sensors were used, the number of inertial motion sensors was lower than other inertial motion sensors, 
resulting in lower data extraction. Other studies have analyzed motion-capture data stored in databases 
using machine learning[13, 14]; such studies have also collected motion data using optical systems, 
resulting in inaccurate and unreliable data. To date, most studies of human motion using databases have 
stored data captured with markerless optical systems. Even when the desired motion data were collected 
or achieved a high recognition rate through data processing, the resulting data were less accurate than 
inertial motion capture data[11, 14, 15, 16]. Therefore, we used a non-optical inertial motion capture 
system to collect and process motion data, achieving greater accuracy than with markerless optical 
methods. 

2. Database of human-motion data for intelligent wearable robots 

 

Figure 1. Data collection, processing, storage, and usage of a human-motion database for intelligent 
wearable robots 
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Figure 1 shows a general workflow for collecting, processing, and storing motion data. First, human-
motion data are collected using inertial motion-capturer equipment and then cleaned and preprocessed. 
The preprocessed data are converted into JSON and CSV file formats. CSV files of motion data can be 
analyzed using Microsoft Excel, R, or Python and visualized as graphs or charts, while JSON files of motion 
data are stored in a cloud database and used to operate or control intelligent wearable robots. 

 

 
Figure 2. Design of the human-motion database intelligent wearable robots used in the present 

study 
Figure 2 outlines our study design. The motion data were collected using an inertial motion-capture 

device (Perception Neuron; Notiom, Ltd, Beijing, China)[17]. The collected data were exported to BVH or 
calc files and preprocessed using a parser function. Data were then converted into JSON and CSV files. We 
stored and processed the JSON files in MongoDB using an IWR create, read, update, delete (CRUD) 
function. 

 

 
Figure 3. The motion-capture device and data collection 

 
Figure 3 shows the process of wearing the motion-capture equipment and collecting data. Data 

collection was performed in full-body sensor mode to measure all human-motion data. Once connected to 
the network, the joint shape of the 3D model was captured through calibration. Then the movements of 
the model were captured, and the motion data were collected.  
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Figure 4. Parser function pseudo-code used for preprocessing the data 
 

We developed a function that deletes unnecessary data, labels the remaining data, and converts the 
calc file into a JSON file (pseudo-code representation in Fig 4.). First, we loaded the “data.calc” file, read 
the data stored in it, and separated the text data. There were three variable values: the position value, a 
code for five characteristics[18], and the name of each bone. Originally, raw data consisted of three strings. 
We then separated the “-” through an iteration statement and put each string into “name”, “part”, and “axis” 
tables. Each table was converted into a dictionary-type dataframe. The final results were formatted as 
JSON-type data. 

 

 
Figure 5. Exporting and parsing data 
 

Figure 5 shows the results of the JSON file conversion. First, we exported the calc file and used the 
“encode.bat” executable file (Fig. 4) to preprocess the data and proceed with encoding. When the run was 
complete, the data were converted to CSV and JSON files. The CSV files were used for analyses, and the 
JSON files were stored in the database. 
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Figure 6. Comparison of file size using the parser 
 

Figure 6 compares the sizes of resulting data files (see Fig. 5). Walking-motion data were collected at 
1-, 3-, and 5-minute intervals. We compared the file sizes of raw data and the JSON files that were 
converted using the parser. After being compressed by the parser, the JSON files had a smaller file size 
than the raw data. Therefore, to reduce storage use, motion data from various body parts should be 
converted to JSON files rather than using typical data types. 

 

 
Figure 7. Pseudo-code for the database storage function 
 

Figure 7 shows the pseudo-code for storing JSON files in the database. The function “Store_HM_DB” 
had parameters “db_name,” “collection_name,” and “json_name” and set the client port number as well as 
the database and collection. Finally, JSON files were read and saved to the collection. 
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Figure 8. Pseudo-code for the data processing function of the human-motion database for intelligent 
wearable robots 
 

Figure 8 shows the CRUD function pseudo-code that processed the saved motion data. We defined a 
class containing the CRUD function, which processed the JSON-formatted motion data stored in the 
human-motion database for intelligent wearable robots. 

 
3. Conclusions 

Human-motion data are critical for assistive-gait walking robots, wearable robots, and equipment. 
Such devices can be dangerous to users if they are designed with low-quality data. Since existing optical-
based systems have poor data accuracy, we collected motion data using non-optical inertial motion-
capture equipment, resulting in higher data accuracy. We then designed a big-data database for use by 
intelligent wearable robots. Motion data can accumulate in the database and be used to assess whether 
wearable robots, humanoid robots, and robot simulations behave similarly to human movements. Our 
database can be applied to several areas of robotics, including walking robots used by people with 
paraplegic disabilities who need walking assistance, robots and equipment that mimic human movements 
for people working in high-risk environments, and humanoid robotics. 
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