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Abstract—Real-time motion monitoring can have many 

significant applications in fields such as smart healthcare, 

human-computer interaction, sports training and fashion 

metaverse. However, current wearable systems used for motion 

monitoring suffer from issues related to usability, comfort, 

interactivity, and accuracy. To address these challenges, this 

work proposes a smart bodysuit system that integrates digital 

twin technology for real-time human motion monitoring and 

visualization. The system comprises novel hardware and software 

including a specially designed knitted bodysuit housing the 

electronic components to reduce calibration errors, a data 

calibration method to take into account the possible clothing-

skeleton misalignment, an adaptive-threshold method combining 

random forest and zero-speed update algorithms to enhance 

motion recognition accuracy, and an enhanced TCP-Illinois 

congestion control algorithm to reduce system latency. 

Furthermore, digital twin technology is incorporated to improve 

human-computer interaction. Wearer trial tests showed that the 

system exhibits low latency, high accuracy, and good comfort and 

wearability. The network latency test showed a delay of 13.17 

milliseconds, which is comparable to or even better than 

commercial systems. The testing error of the joint angle can be 

controlled within 0.2°, and the recognition accuracy of the motion 

pattern can reach 98.6%. The proposed adaptive-threshold 

method has higher positioning accuracy compared to the existing 

fixed-threshold method. Furthermore, the smart bodysuit system 

can reconstruct real-time wearer’s motion states through digital 

twin technology. The developed system is believed to have 

potential significant applications in the metaverse, digital 

healthcare, home monitoring, and sports science. 
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I. INTRODUCTION

FFECTIVELY monitoring human motion parameters 

holds many significant applications such as including 

health assessment [1], smart healthcare [2], human-

computer interaction [3], virtual reality [4], film production 

[5], video games [6], and industrial robotics [7]. This 

monitoring covers specific activities such as motion posture 

tracking, long-term correction and optimization of incorrect 

postures in daily scenarios, and the diagnosis and observation 

of particular patient groups [8]. By analyzing human motion 

data, a deeper understanding of an individual's physical 

condition, motor abilities, and behavioral habits can be 

achieved, enabling the implementation of targeted preventive, 

intervention, and improvement measures [9]. These 

technologies, through precise motion capture and recognition, 

not only enhance the interactive experience and efficiency 

across various applications but also promote personalized 

services and intelligent advancements in fields such as 

healthcare, sports, and entertainment [10]. 

With the constant development of the Internet of Things 

(IoT) and Artificial Intelligence, motion recognition or capture 

devices have grown considerably [11], [12], [13]. Currently, 

common motion capture devices include optical-based 

systems and inertial-based systems [14], [15]. Optical-based 

motion capture systems primarily utilize computer vision 

principles [16], offering advantages such as high accuracy, 

suitability for capturing complex movements, tracking motion 

trajectories of multiple joints, and enabling real-time motion 

analysis [17], [18], [19], [20].  

Compared to optical-based motion capture devices, 

inertial-based motion capture devices offer significant 

advantages, including small size, low cost, and high 

robustness in different environments [21], [22], [23]. Inertial-

based motion capture refers to the integration of motion 

sensors (IMUs) into small modules attached to different parts 

of the body, with the human motion recorded by these sensors 

and later analyzed algorithmically to generate motion data 

[24], [25], [26]. Currently, many commercial inertial motion 

capture devices, such as Xsens [27] and Notiom [28], are 

available. However, these products typically use strap-based 

sensor attachment methods in most application scenarios. 

Additionally, the motion capture suits provided by these 
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brands often utilize heavy, non-elastic fabrics and plastic slots 

to secure the sensors, preventing slippage between the clothing 

and sensors that could lead to inaccurate data collection. 

In conclusion, despite the increasing application of inertial-

based motion capture devices in human motion monitoring, 

several technical challenges and unresolved issues persist, 

such as poor comfort and accuracy of the devices for 

prolonged wear, poor wearability of strap-on carriers, poor 

usability of products, and unclear methods for human-

computer interaction, failing to meet the demand for 

comprehensive, accurate, and comfortable monitoring of 

human motion data.  

In recent years, the rapid advancement of smart textiles 

[29], [30] and digital twin (DT) technology [31] offers 

promising solutions to the aforementioned limitations. Smart 

clothing—clothing integrated with sensing, actuation, or data 

transmission capabilities—enable continuous, body-

conformable motion tracking while maintaining high 

wearability and user comfort [32]. Compared to conventional 

wearable systems, smart clothing can utilize lightweight, 

flexible materials and embedded electronics to minimize 

discomfort and improve long-term usability [33]. 

In parallel, digital twin technology has gained traction as a 

novel paradigm in biomedical applications, enabling dynamic, 

real-time mapping of the physical body into a virtual replica 

for enhanced visualization, interaction, and feedback [34]. 

While digital twins were initially developed in the 

manufacturing and industrial sectors, their application is 

rapidly expanding into healthcare, rehabilitation, and the 

metaverse. In the context of human motion monitoring, digital 

twins offer new capabilities such as intuitive visual feedback, 

remote diagnosis, and bi-directional human–machine 

interaction by synchronizing physical motion data with high-

fidelity virtual models in real time [31]. 

To this end, we propose a smart bodysuit system that 

synergistically combines smart clothing with digital twin 

modeling to enable real-time, precise, and user-friendly 

motion monitoring. This integration aims to address existing 

shortcomings in wearability, data fidelity, and human–

computer interaction across diverse application domains. 

The main contributions of this work are summarized as 

follows: 

1) A data calibration method that considers the 

misalignment between clothing and the human body was 

proposed, eliminating the need for straps or heavy tight-fitting 

garments when collecting motion data, thereby enhancing the 

comfort, wearability, and accuracy of motion data collection. 

2) An adaptive thresholding method, which combines the 

Random Forest (RF) algorithm and Zero-Update of Velocity 

(ZUPT) algorithm, was proposed and validated to further 

improve the accuracy of motion recognition. 

3) Based on inertial sensors and IoT technology, a 

comfortable, user-friendly, and high-precision smart body suit 

system for human motion data monitoring and 3D virtual 

mapping was proposed, and the digital twin technology was 

integrated into the intelligent bodysuit system to achieve data 

synchronization between digital space and real space, 

providing a new way of human-computer interaction. 

The structure of this work is as follows: Section 2 

introduces the system architecture and components. Section 3 

describes the method for developing the smart bodysuit 

system. Section 4 presents the experimental results and the 

potential application prospects of the smart body suit system 

in human-computer interaction. The conclusion is provided in 

Section 5. 

II. SYSTEM COMPOSITION 

Based on the IoT architecture, the smart onesie system is 

divided into two main components: the physical system and 

the virtual system. The physical system comprises the clothing 

and hardware modules used for collecting and transmitting 

human motion data, the virtual system includes 3D modeling 

software and digital twin models used for receiving and 

displaying motion data. As shown in Figure 1. 

 

A. Physical system 

The physical system mainly consists of three parts: 

clothing, electronic modules, and computer or mobile phone. 

1) Clothing: A highly flexible long-sleeved knit bodysuit 

was designed to carry the electronic module, with its unique 

softness and close-fitting nature, allows for the accurate 

collection of human motion data while ensuring comfort. 

2) Electronic modules: Including sensors, controller 

modules, power modules, used for collecting motion data. 

Motion data was collected in a non-contact manner, and 

efforts were made to optimize the size of the hardware to 

ensure the comfort of wearing the clothing system. 

Additionally, all non-washable hardware modules were 

designed to be detachable to ensure the washability of the 

clothing. 

3) Computer or mobile phone: Used to establish a wireless 

connection with the hardware modules and receive motion 

data collected by sensors. 

 

B. Virtual System 

The virtual system consists of the host software and digital 

twin models running on the computer or mobile phone, which 

was primarily used to map the physical model of the smart 

bodysuit and the real environment into the 3D software, and 

the virtual model of the motion state and the actual 

environment was displayed to provide a more intuitive and 

convenient human-computer interaction experience.  



 
 

 
Fig.1 System composition and overall process. 

 

 

III. METHOD 

A. Design and development methods for clothing 

In terms of comfort during prolonged wear, clothing far 

surpasses traditional wearable devices. Clothing for this 

purpose must be soft, skin-friendly, and comfortable to wear, 

while also ensuring accurate motion data collection through a 

good fit and sufficient extensibility. Therefore, knitted 

bodysuit was chosen as the clothing carrier in the smart 

bodysuit system proposed in this work. The unique elasticity 

and fit of knitted bodysuit effectively reduce data errors 

caused by sensor loosening during human movement [35]. To 

ensure the aesthetics of the clothing, seamless integration 

areas were established on the torso and limbs of the clothing to 

create invisible pockets for accommodating hardware modules. 

The seamless integration areas consist of a fabric layer and a 

Polyurethane Reactive (PUR) hot-melt adhesive layer applied 

to the fabric layer. The fabric layer and PUR layer were 

thermally pressed together to form seamless fitting areas, and 

the color of the pocket fabric matches that of the clothing 

fabric. 

 

B. Human kinematics modelling and sensor location 

The kinematic model of the human body can be simplified 

as a multi-link model, by constructing this multi-link model, 

expressions for the interaction torques at various joints of the 

human body can be directly obtained, facilitating dynamic 

coupling and coordination analysis of multi-joint movements. 

The structure of the clothing is similar as the multi-link model, 

as it can be divided into a tree-like structure composed of 

multiple rigid segments. Therefore, clothing design exhibits 

unique advantages in the research field of multi-joint motion 

control [36],[37]. From an ergonomic perspective, areas with 

fewer muscles, such as the left and right back shoulders, the 

back, the sides of the left and right arms, the coccyx point at 

the back, and the sides of the left and right legs, show less 

impact on the sensors [38], [39]. Therefore, invisible pockets 

for carrying hardware devices were positioned in these areas. 

Taking the right hand 𝐵1 as an example, it typically rotates 

only around the 𝑥1  axis of its own coordinate system, 

corresponding to the anatomical concepts of flexion and 

extension. Let the length of the forearm be 𝐿1 . Then, by 

rotating the right hand coordinate system around the 𝑦𝑏1 axis 

by −𝑞1  degrees and translating along the 𝑥𝑏1  axis by 𝐿1 , we 

can transform to the forearm coordinate system. The 

coordinate transformation matrix 𝐴1 is given by: 

𝐴1 = 𝑅𝑜𝑡(𝑥, −𝑞1) × 𝑇𝑟𝑎𝑛𝑠(0,0, −𝐿1) =

[

1 0
0 cos 𝑞1

0 0
sin 𝑞1 −𝐿1 ∙ sin 𝑞1

0 −sin 𝑞1
0 0

cos 𝑞1 −𝐿1 ∙ cos 𝑞1
0 1

]     (1) 

 

Similarly, let the length of the upper arm be 𝐿2 . The 

transformation to the upper arm coordinate system can be 

achieved by translating the forearm coordinate system along 

the 𝑥𝑏2  axis by −𝐿2 , rotating around the 𝑦𝑏2  axis by 𝑞1 

degrees, and around the 𝑧𝑏2  axis by −𝑞1  degrees. The 

transformation matrix 𝐴2 is computed as follows: 

𝐴2 = 𝑅𝑜𝑡(𝑦, 𝑞1) × 𝑅𝑜𝑡(𝑧, −𝑞2) × 𝑇𝑟𝑎𝑛𝑠(0,0,−𝐿2) =

[

cos 𝑞1 ∙ cos 𝑞2 cos 𝑞1 ∙ sin 𝑞2
−sin 𝑞1 cos 𝑞2

sin 𝑞1 −𝐿2 ∙ sin 𝑞1
0 0

− sin 𝑞1 ∙ cos 𝑞2 −sin 𝑞1 ∙ sin 𝑞2
0 0

cos 𝑞1 −𝐿2 ∙ cos 𝑞1
0 1

]      

(2) 

Consequently, we can sequentially calculate the pose 

equations 𝐴3 for the upper arm relative to the three sensors on 

the upper torso, and 𝐴4  for the upper torso relative to the 

lower torso. The positional relationships between points 

within the upper and lower torso can also be determined based 

on the aforementioned principles, as illustrated in Figure 2. 

𝐴3 = [

−𝐶2𝐶3 𝐶2𝑆3
−𝑆1𝑆2𝑆3 + 𝐶1𝑆3 𝑆1𝑆2𝑆3 + 𝐶1𝐶3

𝑆2 𝐷1𝐶2𝑆3
−𝑆1𝐶2 𝐷1𝑆1𝐶2

−𝐶1𝑆2𝐶3 − 𝑆1𝑆3 𝐶1𝑆2𝑆3 − 𝑆1𝐶3
0 0

−𝐶1𝐶2 𝐷2𝐶1𝐶2
0 1

] 

(3) 

𝐴4 = [

𝐶2𝐶3 𝐶2𝑆3
𝑆1𝑆2𝐶3 − 𝐶1𝑆3 𝑆1𝑆2𝑆3 + 𝐶1𝐶3

−𝑆2 𝐷1 ∙ 𝑆2
𝑆1𝐶2 −𝐷1 ∙ 𝑆1𝐶2

𝐶1𝑆2𝐶3 + 𝑆1𝑆3 𝐶1𝑆2𝑆3 − 𝑆1𝐶3
0 0

𝐶1𝐶2 −𝐷1 ∙ 𝐶1𝐶2
0 1

] 

(4) 

where 𝐷1  and  𝐷2  denote the position of the shoulder joint 

relative to the thoracic joint, 𝑆𝑖 and 𝐶  denote 𝑠𝑖𝑛𝑞𝑖  and 𝑐𝑜𝑠𝑞𝑖 , 
respectively (𝑖=1,2,3). 



 
 

 
Fig.2 Kinematic model of the human body. 

 

C. Design and development method of hardware modules 

Unlike traditional wearable carriers, which have less 

requirements for the size, weight, and integration of hardware 

modules, using flexible knitted bodysuit as a carrier imposes 

higher demands. Too high weights and large dimensions of 

hardware modules can adversely affect data collection. 

Therefore, in this work, a small hardware module was 

developed according to the requirements. 

The module consists of an IMU (MPU9250, TDK 

InvenSense, USA), a main control unit (ESP32, Loxin 

Technology, China), and a power supply (3.7V lithium battery, 

Telesky, China). Altium Designer was used for the module 

design, and lightweight epoxy resin was used for the module 

substrate. The modules were encapsulated using 3D printing 

technology, and the weight of the encapsulated individual 

module was about 10g. It was verified that this weight did not 

damage the integrity of the clothing fabric. 

 

D. Methods for calibrating positioning errors 

Compared to using straps or plastic bases to secure sensors, 

utilizing soft clothing and pockets to carry sensors demands 

higher accuracy requirements for the sensors. This is because 

flexible clothing tends to misalign with the sensors during 

movement. To address this issue, this study proposes a method 

for correcting positioning errors. 

 

1) Definition of coordinate system 

In this work, the global coordinate system was denoted as 

the M system, the sensor node coordinate system was denoted 

as the S system, and the clothing/human body coordinate 

system was denoted as the B system. As shown in Figure 3. 

 
Fig.3 Definition of the coordinate system. 

 

2) Sensor error calibration 

IMUs can be susceptible to measurement errors arising from 

factors like the fabrication process and environmental 

conditions, necessitating the need to compensate for sensor 

errors beforehand. In this work, the accelerometer was 

calibrated by the six-face method, and the resting time of each 

face of the module was set to 5 minutes. Also, the module was 

left at rest for 30 min to get a good estimate of the gyroscope 

drift, while the magnetometer was calibrated using the 

ellipsoid fitting method [40]. 

 

3) Calibration of positioning error 

Given that IMUs placed on clothing may encounter 

discrepancies in skeletal positioning, as shown in Figure 4, it 

is necessary to calibrate this error in advance. 

The initial posture of the human body was set as T-pose, 

which is a standardized posture that provides a uniform 

reference point, ensuring that each motion capture session 

begins from an identical stance, thereby simplifying 

subsequent data processing and analysis. Assuming that the 

position of the IMU and the human skeleton was in an ideal 

state, the equation for calculating the joint angles of the human 

body is shown in Equation (5). After the error quaternion 𝐺𝑘
𝑒 

was calculated, the joint angle of the body at the next moment 

(moment t) was calculated as shown in Equation (6). Since 

skeletal motion is always driven by one bone to the next bone, 

the equation for calculating the joint angle between two bones 

can be determined by Equation (3) when k-bone motion drives 

k-1-bone motion. 

𝐺𝑘
𝑠⨂𝑞𝐺𝑘

𝑒 = [1 𝑂1×3]                    （5） 

𝐺𝑘
𝑗
= 𝐺𝑘

𝑡⨂𝐺𝑘
𝑒                         （6） 

𝐺𝑚
𝑗
= 𝐺⨂𝐺𝑘−1

𝑗
                       （7） 

Where: 𝐺𝑘
𝑠  is the static attitude quaternion of the sensor 

attached to the 𝑘 skeleton of the human body, 𝐺𝑘
𝑒 is the error 

quaternion, 𝐺𝑘
𝑡  is the attitude quaternion of the sensor attached 

to the 𝑘 skeleton solved by the attitude update at time 𝑡, 𝐺𝑘
𝑗
 is 

https://invensense.tdk.com/download-pdf/mpu-9250-datasheet/
https://www.espressif.com/en/products/socs/esp32
https://www.altium.com/altium-designer


 
 

the joint angle quaternion between the 𝑘  and the 𝑘 − 1 

skeleton at time 𝑡 , and 𝐺𝑘−1
𝑗

 is the joint angle quaternion 

between the 𝑘  and the 𝑘 − 1  skeleton at time 𝑡 , 𝐺𝑚
𝑗

 is the 

number of joint angle quaternions between 𝑘 skeleton and 𝑘 −
1 skeleton at time 𝑡 when 𝑘 − 1 skeleton is also in motion. 

 

Fig. 3 Schematic representation of the error in clothing and skeleton. 

 

E. Zero speed determination 

IMU-based positioning mechanism essentially belongs to 

the waypoint projection positioning, where positioning errors 

from previous results will accumulate into current results. 

Additionally, due to the zero-bias of the IMU, the positioning 

errors will accumulate over time. To address this issue, an 

adaptive zero-speed detection mechanism based on RF 

algorithm for multi-motion modes is proposed. 

 

1) State determination 

During walking, the movement of the human foot follows a 

periodic pattern. There is a relatively stationary interval 

between two adjacent motion states when the foot contacts the 

ground, known as the zero-velocity interval, as shown in 

Figure 5. Accurately detecting the zero-velocity interval and 

performing error correction during this interval can effectively 

suppress error accumulation. In this work, a method based on 

joint determination using acceleration and angular velocity 

information was employed to determine the zero-velocity 

state. The zero-velocity determination at time 𝑡 is expressed 

by Equations (8) and (9). Typically, at time 𝑡 , if the 

acceleration and angular velocity information satisfies 

Equation (8), the state at that time is determined as zero 

velocity. 

𝑇(𝑡) =
1

𝑊
∑ (

1

𝜎𝑤
2
‖𝑤(𝑙)‖2 +

1

𝜎𝑎
2
‖𝑎(𝑙) − 𝑔

𝑚𝑎

‖𝑚𝑎‖
‖
2

)＜ 𝜏

𝑡+𝑊−1

𝑖=𝑡

 

 (8) 

𝑚𝑎 =
1

𝑊
∑ 𝑎(𝑙)

𝑡+𝑊−1

𝑖=𝑡
                       (9) 

Where: 𝑇(𝑡)  represents the function of acceleration and 

angular velocity at time 𝑡, 𝑤 is the width of the time window, 

𝜎𝑤
2  is the standard deviation of angular velocity measurement 

error, 𝜎𝑎
2  is the standard deviation of acceleration 

measurement error, 𝑔  is the gravitational acceleration, 𝑤(𝑙) 
and 𝑎(𝑙) represent the angular velocity and acceleration values 

within the time window, respectively, ‖∗‖ denotes the 2-norm, 

𝑚𝑎 represents the average acceleration of all samples within 

the time window, and 𝜏 denotes the threshold. 

 
Fig. 5 Interval of human walking state. 

 

2) Adaptive threshold setting 

The proper selection of the zero-velocity detection 

threshold is crucial for accurately determining the zero-

velocity state. In this work, an adaptive-threshold method that 

combines RF algorithm and ZUPT algorithm was proposed. 

An IMU placed at the calf of the clothing was used to 

collect data information at a sampling frequency of 60Hz 

during five types of movements: standing, walking, running, 

ascending stairs, and descending stairs, the raw data of 

acceleration and angular velocity were obtained. Additionally, 

model training was conducted using the DIP-IMU dataset [41] 

and the TotalCapture dataset [42]. 

Feature extraction was conducted on the data, the feature 

vector can be represented as: 

𝑇 = 𝑓(𝐴) = (𝜇, 𝜎,𝑚𝑚𝑎𝑥 , 𝑚𝑚𝑖𝑛 , 𝑆𝑘 , 𝑟𝑥𝑦 , 𝑟𝑥𝑧 , 𝑟𝑦𝑧 , 𝑄) 

(10) 

𝜇 =
𝑚1+𝑚2+⋯+𝑚𝑛

𝑛
                             (11) 

𝜎 = √
1

𝑛
∑ (𝑠𝑖 − 𝜇)

2𝑛
𝑖=1                          (12) 



 
 

𝑆𝑘 =
𝑛 ∑ (𝑠𝑖−𝜇)

3𝑛
𝑖=1

(𝑛−1)(𝑛−2)𝜎3
                                 (13) 

𝑟𝑥𝑦 =
∑ ((𝑥𝑖−𝜇𝑥)(𝑦𝑖−𝜇𝑦))
𝑛
𝑖=1

√∑ (𝑥𝑖−𝑢𝑥)
2𝑛

𝑖=1 √∑ (𝑦𝑖−𝑢𝑦)
2𝑛

𝑖=1

                 (14) 

𝑟𝑦𝑧 =
∑ ((𝑦𝑖−𝜇𝑦)(𝑧𝑖−𝜇𝑧))
𝑛
𝑖=1

√∑ (𝑦𝑖−𝑢𝑦)
2𝑛

𝑖=1 √∑ (𝑧𝑖−𝑢𝑧)
2𝑛

𝑖=1

                  (15) 

𝑟𝑥𝑧 =
∑ ((𝑥𝑖−𝜇𝑥)(𝑧𝑖−𝜇𝑧))
𝑛
𝑖=1

√∑ (𝑥𝑖−𝑢𝑥)
2𝑛

𝑖=1 √∑ (𝑧𝑖−𝑢𝑧)
2𝑛

𝑖=1

                  (16) 

 𝑄 = 𝑄3 − 𝑄1                                (17) 

Where: 𝑇 is the feature vector, 𝑓(𝐴) is the arithmetic mean 

of sample 𝐴 , 𝜇  is the arithmetic mean of samples, 𝜎  is the 

sample standard deviation; 𝑚𝑚𝑎𝑥 is the maximum value of the 

samples, 𝑚𝑚𝑖𝑛 is the minimum value of the samples, 𝑆𝑘 is the 

skewness of the samples; 𝑟𝑥𝑦 represents the correlation 

coefficient between the x-axis and y-axis of the samples, 𝑄 is 

the interquartile range of the sample, 𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖  represent the 

data along the  𝑥, 𝑦, 𝑧  axes respectively, 𝑢𝑥 , 𝑢𝑦 , 𝑢𝑧  represent 

the arithmetic mean of the data along the 𝑥, 𝑦, 𝑧  axes 

respectively. 

The RF algorithm was utilized to classify and recognize the 

feature vectors of the five motion modes, with the decision 

tree counts set at 90. The feature vectors extracted from offline 

collected data were used as the training set to train the model, 

the feature vectors extracted from online collected data serve 

as the test set, and the recognition results can be obtained. 

Following the determination of zero-speed thresholds and 

recognition results for the five motion patterns, a fusion 

approach was adopted wherein the motion pattern recognition 

algorithm was integrated with the ZUPT algorithm to achieve 

adaptive adjustment of the zero-speed determination 

thresholds for the pedestrian movement trajectories containing 

multiple motion patterns. 

 

F. Attitude update 

The Extended Kalman Filter (EKF) algorithm is commonly 

applied in attitude update calculations. In addition to EKF, 

there are other methods such as Unscented Kalman Filter and 

Particle Filter. Compared to these methods, EKF has a lower 

computational complexity, making it suitable for real-time 

systems, particularly in resource-constrained environments 

[43]. By using EKF, we are able to strike a balance between 

accuracy and computational efficiency, ensuring that the 

system can operate efficiently and reliably in real-time under 

limited resources. 

The extended Kalman filter discrete-time state-space 

nonlinear model is given as: 

{
𝑋𝑡 = 𝑓(𝑋𝑡−1) +𝑊𝑡−1

𝑍𝑡 = ℎ(𝑋𝑡) + 𝑉𝑡
                    （18） 

Where: 𝑋𝑡 is the state quantity at moment 𝑡 , 𝑍𝑡  is the 

observation quantity at moment t, 𝑊𝑡−1 and 𝑉𝑡 are the process 

noise and observation noise, respectively. 

The nonlinear expanded Kalman filter formula for the state 

is given by 

{
 
 

 
 

𝑋̂𝑡/𝑡−1 = 𝑓(𝑋̂𝑡−1)

𝑃𝑡/𝑡−1 = 𝛷𝑡/𝑡−1𝑃𝑡−1𝛷𝑡/𝑡−1
𝑇 + 𝑄𝑡−1

𝐾𝑡 = 𝑃𝑡/𝑡−1𝐻𝑡
𝑇(𝐻𝑡𝑃𝑡/𝑡−1𝐻𝑡 + 𝑅𝑡)

−1

𝑋̂𝑡 = 𝑋̂𝑡/𝑡−1 + 𝐾𝑡[𝑍𝑡 − ℎ(𝑋̂𝑡/𝑡−1)]

𝑃𝑡 = (𝐼 − 𝐾𝑡𝐻𝑡)𝑃𝑡/𝑡−1

     （19） 

Where: 𝑋̂𝑡−1 and 𝑋̂𝑡 denote the a posteriori state estimates at 

time 𝑡 − 1  and 𝑡 , respectively, 𝑋̂𝑡/𝑡−1  is the a priori state 

estimate at time 𝑡, 𝑃𝑡/𝑡−1 and 𝑃𝑡−1 are the a priori estimation 

error covariance array at time 𝑡 and the a posteriori estimation 

error covariance array at moment 𝑡 − 1, respectively, 𝐾𝑡is the 

filter gain, 𝑃𝑡 is the a posteriori estimate at time 𝑡, 𝛷𝑡/𝑡−1) is 

the state transfer matrix obtained by solving the Jacobian 

matrix for the state quantities by 𝑓(𝑋̂𝑡−1) , 𝐻𝑡  is the 

observation matrix obtained by solving the Jacobian matrix for 

the state quantities by ℎ(𝑋̂𝑡/𝑡−1), 𝐼 is the unit matrix. 

To correct the heading angle and offset in the forward 

direction effectively, relying solely on the ZUPT algorithm is 

insufficient. To enhance system robustness, the observation 

process was divided into two levels: the normalized values of 

the accelerometer and gyroscope measurements as the first 

observation, and the normalized values of the magnetometer 

measurements as the second observation.  
To mitigate the impact of linear acceleration combined with 

gravitational acceleration on accelerometer data, an adaptive 

accelerometer observation noise covariance operator was 

introduced in the first-level filtering. Similarly, an adaptive 

magnetometer observation noise covariance operator was 

introduced in the second-level filtering to reduce the influence 

of external magnetic interference on magnetometer readings. 

Therefore, the updated Equation (20) is: 

{
 
 
 
 

 
 
 
 

𝑋̂𝑡/𝑡−1 = 𝑓(𝑋̂𝑡−1)

𝑃𝑡/𝑡−1,1 = 𝛷𝑡/𝑡−1𝑃𝑡−1𝛷𝑡/𝑡−1
𝑇 + 𝑄𝑡−1

𝐾𝑡,1 = 𝑃𝑡/𝑡−1,1𝐻𝑡,1
𝑇 (𝐻𝑡,1𝑃𝑡/𝑡−1,1𝐻𝑡,1

𝑇 + 𝑅𝑡,1)
−1

𝑋̂𝑡,1 = 𝑋̂𝑡/𝑡−1 + 𝐾𝑡,1[𝑍𝑡,1 − ℎ1(𝑋̂𝑡/𝑡−1)]

𝑃𝑡,1 = (𝐼 − 𝐾𝑡,1𝐻𝑡,1)𝑃𝑡/𝑡−1,1

𝐾𝑡,2 = 𝑃𝑡,1𝐻𝑡,2
𝑇 (𝐻𝑡,2𝑃𝑡,1𝐻𝑡,2

𝑇 + 𝑅𝑡,2)
−1

𝑋̂𝑡 = 𝑋̂𝑡,1 + 𝐾𝑡,2[𝑍𝑡,2 − ℎ2(𝑋̂𝑡,1)]

𝑃𝑡 = (𝐼 − 𝐾𝑡,2𝐻𝑡,2)𝑃𝑡,1

  （20） 

Where: 𝑃𝑡/𝑡−1,1  and 𝑃𝑡−1  are the a priori estimation error 

covariance array of the first-level filter at moment 𝑡 and the a 

posteriori estimation error covariance array at moment 𝑡 − 1, 

respectively, 𝐾𝑡,1  is the filter gain in the first-stage filtering, 

𝐻𝑡,1 is the observation matrix in the first-stage filtering, 𝑅𝑡,1 is 

the observation noise matrix in one level of filtering, 
ℎ1(𝑋̂𝑡/𝑡−1) is the observation equation of the accelerometer, 
𝐻𝑡,1  is the result of solving the Jacobi matrix for the state 

quantities by ℎ1(𝑋̂𝑡/𝑡−1), 𝑋̂𝑡,1 is the a posteriori estimate of the 

state in the first level of filtering at moment 𝑡, 𝑃𝑡,1  is the a 

posteriori estimate error covariance array of the first level of 

filtering at moment 𝑡, 𝐾𝑡,2 is the filter gain in the second-level 

filtering, 𝑋̂𝑡  is the a posteriori estimate of the state in the 

secondary filter at moment 𝑡, 𝐻𝑡,2 is the observation matrix in 

the secondary filter, 𝑅𝑡,2 is the observation noise matrix in the 

secondary filter, ℎ2(𝑋̂𝑡,1) is the observation equation for the 



 
 

magnetometer, 𝐻𝑡,2is the result of solving the Jacobi matrix for 

the state quantities by ℎ2(𝑋̂𝑡,1). 
 

G. Data transmission scheme 

A Body Area Network (BAN) was established for data 

transmission, employing a central micro-host and multi-

motion measurement nodes architecture. The BAN includes an 

internal 2.4GHz network with a star topology, where the root 

node is a sensor placed at the lower back. Compared to chain 

and tree topologies, the star topology offers lower latency and 

better synchronization performance. However, it places higher 

demands on the central node in terms of computational load, 

bandwidth handling, and reliability [44]. 

To manage congestion and ensure efficient, real-time data 

transmission, an enhanced Transmission Control Protocol 

(TCP) Illinois algorithm was adopted. While more recent 

congestion control protocols such as BBR (Bottleneck 

Bandwidth and Round-trip propagation time) and QUIC 

(Quick UDP Internet Connections) have gained popularity in 

internet-scale applications, they are less suitable for embedded 

wearable systems [45], [46]. Specifically, BBR often exhibits 

bursty bandwidth behavior and higher CPU overhead, which 

challenges real-time scheduling on lightweight processors like 

the ESP32. QUIC, as a user-space protocol integrated with 

TLS and HTTP/3 stacks, introduces significant complexity 

and has limited microcontroller support. In contrast, TCP-

Illinois offers a favorable trade-off between throughput and 

delay, with low implementation overhead, making it 

particularly suitable for resource-constrained real-time BAN 

environments [47]. 

To further improve TCP-Illinois performance under 

dynamic network conditions, we introduce a congestion 

differentiation strategy that distinguishes between random and 

congestion-induced packet loss. The method for differentiating 

packet loss types is based on estimating the backlog in the 

bottleneck queue, with the backlog quantity 𝑁 calculated using 

the following formula: 

{
𝑁 = 𝐴 ∗ (𝑅𝑡𝑡 − 𝑀𝑖𝑛𝑅𝑡𝑡) = ∆𝑉 ∗ 𝑀𝑖𝑛𝑅𝑡𝑡

∆𝑉 =
𝐶𝑤

𝑀𝑖𝑛𝑅𝑡𝑡
−

𝐶𝑤

𝑅𝑡𝑡

  (21) 

Where:  𝐴 is the actual sending rate, 𝑅𝑡𝑡 is the round-trip 

delay value obtained from the last measurement, 

𝑀𝑖𝑛𝑅𝑡𝑡 denotes the minimum 𝑅𝑡𝑡 value measured throughout 

the process, ∆𝑉  denotes the difference between the desired 

rate and the actual rate, and 𝐶𝑤 denotes the size of the current 

congestion window. 

To further enhance the estimation of bandwidth, this study 

monitors the Acknowledge character (ACK) response rate 

during the TCP handshake protocol, with the sampled data 

undergoing smoothing. The calculated backlog quantity 𝑁 is 

then compared with a threshold value 𝛽 (set to either 3 or 6) to 

distinguish the current type of packet loss. Based on the 

estimated bandwidth, the congestion window is adjusted to 

maximize the utilization of network bandwidth resources, 

thereby improving network throughput. This communication 

structure not only minimizes latency but also enhances system 

robustness against packet loss and transmission interference—

both of which are critical for ensuring stable operation in 

dynamic environments. The star topology with an enhanced 

congestion control mechanism enables the system to support 

multiple sensor nodes while maintaining synchronization 

integrity, contributing to its robustness and scalability. The 

overall workflow of the BAN is illustrated in Figure 6. 

 
Fig. 6 Components of the Body Area Network. 

 

H. Construction and driving of digital twin models 

In this work, a 13-node digital twin model of the human 

body was developed based on human kinematic modeling. The 

human body is segmented into upper and lower limbs with the 

hip as the central boundary. During motion, proximal skeletal 

segments initiate movement to overcome inertia, leading to 

sequential motion across interconnected joints and limbs [48]. 

The lumbar spine node is designated as the root bone of the 

digital twin model, anchoring the torso and limbs. Real-time 

visualization is implemented using Blender, a widely adopted 

3D animation software. Python scripts executed in Blender 

retrieve and decode serial port data, store it in a global joint 

data dictionary, and bind joint angles to the virtual skeleton via 

multithreaded execution. To ensure consistent temporal 

alignment between data streams, each joint's motion update is 

handled asynchronously, and packet delays or losses are 

discarded to avoid desynchronization. 

Sensor data is streamed at approximately 60 Hz using the 

pyserial library, while the network transmission latency—

measured at 13.17 ms—is sufficient to support real-time 

rendering rates above 60 Hz. This allows smooth integration 

with Blender’s frame rate (typically 30–60 FPS), ensuring 

near-instantaneous mirroring of physical motion in the digital 

model. 

To support high-fidelity rendering under real-time 

constraints, the 3D avatar was optimized with mesh 

simplification (average polygon count < 10,000) and GPU-

based skinning. The system was tested on a machine equipped 

with an Intel i7 processor and NVIDIA RTX 2060 GPU, 

achieving an average rendering performance of 45 frames per 

second during multi-joint movement. 

Beyond passive motion mapping, the digital twin model 

serves as an interactive and responsive avatar. It enables bi-

directional communication: real-world movements are 

mirrored in real time, while the virtual environment can 

provide visual cues, posture corrections, or task-specific 

prompts. This closed-loop feedback system enhances user 

engagement, situational awareness, and system responsiveness 

in applications such as physical rehabilitation, sports coaching, 

and immersive virtual scenarios, as shown in Figure 7. 



 
 

 
Fig. 7 Construction and schematic diagram of the digital twin 

model. 

IV. EXPERIMENTAL VALIDATION 

To validate the performance of the proposed smart bodysuit 

system in human motion state monitoring, this section 

provides a detailed evaluation of the system focusing on 

accuracy, robustness, and user experience. 

 

A. Network latency testing 

The experiment aimed to measure the network latency (the 

delay in the transmission of data from the sensors to the PC) 

of the system using the enhanced TCP-Illinois congestion 

control algorithm compared to the system without it, focusing 

on the time required for the Root node to complete polling all 

sensor nodes after they updated their data. The experimental 

setup was as follows: the sensor nodes were configured to 

immediately respond with 8 bytes of data upon receiving a 

command from the Root node. A high-precision timer was set 

up on the Root node, starting when the Root node sent the first 

polling command and stopping immediately after receiving the 

response from the 100th polling cycle, recording the total 

latency time. To ensure accuracy, the experiment was 

conducted in a relatively isolated and stable network 

environment to avoid external interference. The experiment 

was repeated 10 times to calculate the average latency and 

standard deviation. The test results, shown in Figure 8, 

indicate that the average network latency of the sensor data 

transmission to the PC was 13.17 ms with the algorithm 

(Group A), compared to 57.21 milliseconds without it (Group 

B). 

For comparison, the Noitom Perception Neuron 3 system 

reports a latency of 30 milliseconds [28], while the Rokoko 

Smartsuit Pro II claims a latency of approximately 15 

milliseconds, depending on the Wi-Fi router used [49]. 

Therefore, the system proposed in this work demonstrates 

latency performance that is comparable to, or even better than, 

commercial systems. 

 

 
Fig. 8 Network latency test results. 

TABLE I 

RESULTS OF JOINT ANGLE ACCURACY TESTING 

Actual angle 

(°) 
30 60 90 120 150 

Absolute 

value of 

error 

(°) 

1 0.09 0.08 0.16 0.13 0.05 

2 0.14 0.11 0.18 0.15 0.09 

3 0.24 0.31 0.27 0.19 0.16 

4 0.07 0.15 0.17 0.22 0.12 

5 0.26 0.1 0.07 0.27 0.06 

6 0.11 0.24 0.22 0.17 0.14 

RMSE 0.17 0.18 0.19 0.19 0.11 

Note: RESM denotes root mean square error 

 

B. Joint angle accuracy testing 

According to Equations 1-4, it can be seen that the rotation 

angle of the joints is a key variable in the process of kinetic 

model derivation, so whether the joint angle can be calculated 

accurately is a key evaluation index of the motion capture 

system. 

To verify the consistency between the joint angles 

calculated by the sensors and the actual joint angles, a 

mechanical arm suitable for angle analysis was assembled. In 

the experiment, two sensors used for measuring joint angles 

were fixed on the support arms of the mechanical arm, and the 

rotational speed and angle of the motors were controlled by 

the No.1 and No.2 channels (high-speed channels) of the 

ESP32 microcontroller, respectively, with the frequency of the 

PWM wave set to 90Hz and the accuracy of the motors set to 

0.05°.  
During the test, the mechanical arm was initially set at 30° 

and held stationary for 20 seconds. Subsequently, it was 

rotated by 30° increments and again held for 20 seconds, 

gradually reaching up to 150°, with these steps repeated across 

six experiments. 

The statistics for the six experiments are shown in Table 1, 

and Figure 9 shows the results for one of the experiments, 
demonstrate that the absolute error in joint angle measurement 

was controlled within 0.2°. This data demonstrates that the 



 
 

system's joint angle measurement accuracy is comparable to or 

even better than traditional motion capture devices [48], 

proving that the proposed system meets the requirements for 

measuring joint angles in motion. 

 
Fig.9 Mechanical arm used to measure joint angles and the 

test results. 

C. Recognition test of motion patterns 

In order to test the recognition effect of the RF algorithm 

proposed in this work on different motion states, the proposed 

motion state classification model was validated using the 7-

fold cross-validation method. 

The method for selecting the test set and the results of 

motion mode recognition are illustrated in Figure 10. Through 

testing, the motion state classification model proposed in this 

work demonstrated excellent recognition performance for the 

five motion states, with recognition rates reaching up to 99%. 

To provide a more rigorous statistical evaluation of our 

motion recognition model, we report additional metrics 

including precision, recall, and F1-score in addition to 

accuracy. The results are based on 7-fold cross-validation 

across five motion classes (standing, walking, running, 

ascending stairs, descending stairs, sitting, jumping, and 

squatting). Table II summarizes the averaged results across 

folds. Despite the increase in complexity, the model achieved 

an overall recognition accuracy of 98.6%. 

To further evaluate the generalizability of the proposed 

model, we conducted a cross-dataset validation by training the 

classifier using the DIP-IMU dataset and testing it on the 

TotalCapture dataset. Despite differences in sensor placement 

and subject variability between datasets, our model achieved 

an overall classification accuracy of 96.4%, suggesting strong 

cross-domain generalization capability. The result 

demonstrates that the adaptive threshold method maintains 

robustness across diverse data sources and motion capture 

environments. 

 

Fig.10 Seven-fold cross-validation method and the recognition 

rate. 

TABLE II 

RESULTS OF RECOGNITION ACCURACY TESTING 

Motion Class 
Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Standing 98.6 99.1 98.8 

Walking 99.3 99.0 99.1 

Running 98.8 98.5 98.6 

Ascending Stairs 98.9 98.7 98.8 

Descending Stairs 99.0 98.6 98.8 

Jumping 98.9 98.7 98.3 

Sitting 97.7 98.3 97.1 

Squatting 97.3 97.5 97.4 

Average 98.6 98.5 98.4 

 

 

Fig. 11 Planar displacement calculation results of the two 

methods. 

 

D. Orientation accuracy testing 

To assess the effectiveness of the adaptive-threshold method 

proposed in this work compared to traditional fixed-threshold 

methods, a comparison of data accuracy between the two 

methods was conducted. During the experiment, participants 

wore the smart bodysuit system, and the Notiom Perception 

Neuron 3 (Notiom Ltd., China) were strapped at the position 

of the IMU on the right calf. The data collected from the 

Notiom Perception Neuron 3 served as the gold standard, with 

the participants repeating the same walking trajectory in two 

separate experiments. 

    Figure 11 displays the results of planar positioning using 

both fixed-threshold (Group A) and adaptive-threshold 

methods (Group B) with the IMU located on the calf during 

participant movement, contrasted against data collected by 

Notiom Perception Neuron 3. Based on the results, in the 

initial stages of motion, due to the smaller cumulative error of 

the sensor, the planar data tested by both methods were 



 
 

relatively close. However, after walking a certain distance, the 

cumulative error with the fixed-threshold method becomes 

more significant, resulting in noticeable drift in planar 

positioning, with a average relative position error of 4.26%. 

Conversely, the planar positioning results from the adaptive-

threshold method closely align with the data collected by 

Notiom Perception Neuron 3, with an average relative position 

error of 0.33%. This indicates that the system's positioning 

accuracy is significantly improved by adopting the proposed 

adaptive threshold method. 

To further clarify the practical advantage of the proposed 

RF+ZUPT-based adaptive-threshold method, we conducted a 

comparative evaluation against typical deep learning-based 

motion classification models, including LSTM [51], 1D CNN 

[52], and TinyML [53]. All models were trained and tested on 

the same dataset comprising five common movement patterns 

(standing, walking, running, ascending stairs, descending 

stairs). The deep models were implemented using TensorFlow 

Lite and benchmarked on an ESP32-based edge computing 

platform. As shown in Table III, while deep learning models 

achieve comparable classification accuracy (96.6–97.3%), 

they incur significantly higher computational cost, model size, 

and inference latency. Notably, the LSTM model requires 

more than 1.2MB of memory and an average inference time of 

29.5ms per frame, which exceeds the processing capacity of 

our embedded system. In contrast, our proposed method 

achieves 98.6% accuracy with only 3.2ms latency and 480KB 

model size, demonstrating superior suitability for real-time 

wearable applications. 

In summary, our proposed method provides a balanced 

trade-off between accuracy, computational efficiency, and 

deployment feasibility, making it highly suitable for smart 

textile systems and embedded digital twin applications. 

TABLE  III 

RESULTS OF RECOGNITION ACCURACY TESTING 

Motion Class 
Accuracy 

(%) 

Model Size 

(KB) 

Inference 

Latency 

(ms/frame) 

LSTM 96.6 1210 29.5 

1D CNN 97.3 930 23.7 

TinyML 96.8 360 8.9 

RF+ZUPT 98.6 480 3.2 

 

E. Motion trajectory testing 

Following the validation of the system accuracy in 

recognizing motion states and joint angles, this study further 

evaluated the effectiveness of the proposed smart bodysuit 

system in practical motion tests, including real-time posture 

and position tracking. 

An experimental laboratory with classic indoor features 

such as long-distance channels and staircases was selected as 

the testing site. The test was performed by a participant 

wearing the smart bodysuit system proposed in this study and 

following the guidance. The testing process included walking, 

running, jumping, climbing stairs, and sitting stages, with 

simultaneous collection of sensor data from the proposed 

smart bodysuit system. 

Figure 12 illustrates the entire experimental process and the 

trajectory of skeletal movements during the testing process. 

The experimental results demonstrate that this smart bodysuit 

system can achieve real-time tracking of human posture.

 
Fig. 12 The flow of motion trajectory testing and motion test results of the whole body. 



 
 

 
Fig. 13 Linkage test diagram of physical model and digital 

twin model of smart bodysuit system. 

 

F. Stress Testing for digital twin model  

To preliminarily evaluate the system’s scalability and 

robustness, we conducted stress tests by gradually 

increasing the number of active sensor nodes from 5 to 15 

while monitoring latency and synchronization deviation. 

Based on the human node model established in section 3, 

the digital twin model of the smart bodysuit system and the 

digital twin model of the real scenario were imported into 

Blender software. Real-time data streams were transmitted 

to the model using Python. The results showed that the 

average network latency remained below 20 ms, and no 

packet loss occurred, validating the system’s scalability.  

Further tests were conducted to assess robustness under 

dynamic and potentially disruptive conditions. These 

included high-mobility tasks (e.g., running, stair climbing) 

and scenarios with significant wireless interference (e.g., 

operating near multiple active Wi-Fi sources). 

In all cases, the system maintained data integrity, stable 

synchronization, and consistent visualization, confirming its 

robustness in complex real-world environments. Figure 13 

shows the synchronous relationship between the digital 

twin model in Blender and the physical "clothing-human-

environment" system during testing. The test demonstrates 

that the real state of the user and the environment can be 

restored by the digital twin model of the system, enabling 

interaction within the "clothing-human-environment" 

scenario. 

 

G. User experience testing 

To compare user experience differences between 

clothing-based carriers and strap-based carriers, a 

subjective evaluation experiment was designed. The 

experimental objects included commercially available 

straps (control group, Group A) and the smart bodysuit 

proposed in this work (Group B), as shown in Figure 14(a). 

Evaluation criteria included aesthetics, wearability, 

heaviness, restrictiveness movement, and overall comfort, 

the Fritz five-level semantic differential scale was used for 

scoring, as shown in Table 1.  

Twelve participants (height: 173.6 ± 4.9 cm, weight: 65.3 

± 7.6 kg) were invited to participate in the user experience 

testing conducted in a laboratory with a temperature of 

25(±1)°C, humidity of 50(±3)%, and wind speed less than 

0.1 m/s. The test was divided into four stages. 

1) Wearing stage: participants were asked to wear 

clothing or straps on their own, and the time taken was 

recorded by staff. 

2) Sitting stage: Participants remained seated for 2 

minutes. 

3) Prescribed activity Stage: Participants performed 

designated activities such as walking slowly, squatting, and 

going up and down stairs for 2 minutes. 

4) Free activity stage: Participants engaged in free 

activities based on personal preference for 2 minutes. 

Subjective evaluation scores were provided by 

participants at the end of each stage, and all experimental 

conditions, procedures, and participants were consistent 

across both experiments. 

The evaluation scores for the two experimental objects 

by participants are depicted in Figure 14(b). The results 

indicated that the average scores for aesthetics, wearability, 

heaviness, restrictiveness movement, and overall comfort 

were higher for Group B (smart bodysuit) compared to 

Group A (strap) by 91.6%, 150%, 71.7%, 70.6%, and 

149.6%, respectively, resulting in an overall score 99.1% 

higher for Group B. 

Additionally, participants spent significantly less time 

donning the experimental object in Group B (28.3 seconds) 

compared to Group A (270.3 seconds). This experiment 

demonstrates that the proposed smart bodysuit system in 

this work is far superior to traditional strap-based wearable 

devices in terms of comfort, usability, and user experience. 

To further quantify the ergonomic performance of the 

smart bodysuit, especially its thermal comfort under long-

term wear, we additionally evaluated the thermal and 

evaporative resistance of the bodysuit using a thermal 

manikin, as shown in Figure 14(c). The test was conducted 

in accordance with ISO 15831:2004 standard procedures 

[54]. Measurements were performed under controlled 

conditions (ambient temperature: 20 ± 1°C, relative 

humidity: 65 ± 5%, air velocity: < 0.1 m/s). Two 

configurations were assessed: (1) the base bodysuit without 

hardware modules, and (2) the bodysuit with fully installed 

sensor and controller components. The difference in 



 
 

thermal resistance and evaporative resistance between the 

two configurations reflects the impact of embedded 

hardware on the overall thermal comfort. Results indicated 

a minimal increase in thermal resistance and evaporative 

resistance (by 1.3% and 1.5% respectively), suggesting that 

the modular design and placement of the hardware 

components do not significantly impair the bodysuit’s 

breathability and heat dissipation. These findings support 

the suitability of the smart bodysuit for extended use in 

daily scenarios. 

TABLE I  

FRITZ FIVE-LEVEL SEMANTIC DIFFERENTIAL SCALE 

Adjective 

(negative) 

1 2 3 4 5 Adjective 

(positive) Extremely Quite Moderate Quite Extremely 

Ugly  Beautiful 

Inconvenient  Convenient 

Heavy  Light 

Restricted  Relaxed 

Uncomfortable  Comfortable 

 

Fig. 14 (a) Wearing effect of test subjects; (b) Test results; (c) Measurement of thermal and moisture resistance of bodysuit using 

a heated sweating manikin.

 

V. DISCUSSION 

In this work, a smart bodysuit system incorporating 

digital twin technology for real-time human motion 

monitoring and visualization was proposed to cope with the 

shortcomings of existing motion monitoring or capturing 

devices in terms of accuracy, usability, comfort and 

interactivity. 

The smart bodysuit system consists of two components: 

the physical system and the virtual system. The physical 

system includes the garment and hardware modules 

designed to collect and transmit human motion data, while 

the virtual system comprises 3D modeling software and 

digital twin models for receiving and displaying motion 

data. To enhance comfort, aesthetics, and wearability, a 

knitted bodysuit was designed to house the hardware 

modules, which were optimized for size, weight, and power 

consumption. To reduce calibration errors, a calibration 

method was introduced that accounts for misalignment 

between the garment and the skeleton. Additionally, a novel 

multi-mode motion adaptive threshold method, combining 

RF algorithms and ZUPT algorithms, was implemented to 

improve zero-velocity detection performance. An enhanced 

TCP-Illinois congestion control algorithm was also 

proposed to reduce system latency. Furthermore, digital 

twin technology was integrated into the smart bodysuit 

system to enhance human-computer interaction. 

A series of tests conducted on the system demonstrated 

low latency, high accuracy, and good comfort and 

wearability. The network latency test showed a delay of 

13.17 milliseconds, which is comparable to or even better 

than commercial systems. Joint angle tests indicated that 

the system's measurement error was less than 0.2°. The 

motion pattern recognition method, based on the RF 

algorithm, achieved an accuracy rate of 98.6%. The 

proposed adaptive threshold calculation method 

outperformed the fixed threshold method in terms of 

accuracy. Subjective user testing demonstrated significant 

improvements in comfort, aesthetics, and ease of use 

compared to conventional strap-based systems. In 

particular, donning time was reduced by nearly 90%. To 

further assess long-term wearability, we evaluated the 

thermal comfort of the bodysuit using a thermal manikin. 

Testing revealed only minor increases in thermal and 

evaporative resistance after hardware integration, 

confirming that the design maintains good breathability and 

is suitable for extended use. Additionally, 3D software 



 
 

integration tests revealed that the smart bodysuit system not 

only captures the wearer’s motion data but also reconstructs 

real user activity states through digital twin models. These 

features make the system suitable for applications in 

metaverse environments, digital healthcare, home 

monitoring, and sports science. 

These features make the system not only a motion 

monitoring device but also a responsive interactive 

platform, suitable for applications in metaverse 

environments, digital healthcare, home monitoring, and 

sports science. Looking forward, we envision further 

improvements through the integration of smart textiles (e.g. 

self-powered textile, flexible sensors and lightweight on-

body computing). These enhancements would elevate the 

smart bodysuit system into a fully autonomous, textile-

native digital twin platform, pushing the boundary of 

wearable intelligence and immersive motion representation. 

In parallel, we also plan to address long-term sensor drift 

through extended-duration testing and integration of 

periodic recalibration or multi-sensor fusion techniques, to 

further enhance the system's stability in diverse and 

unconstrained scenarios. 
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