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Abstract—With the development of the Internet of Things 
(IoT) and Artificial Intelligence (AI), indoor location-based 
services have become an indispensable part of public daily life. 
The performance of 3D indoor positioning is constrained by the 
low performance of consumer-grade MEMS IMU, lack of 
effective calibration for barometer, and the poor adaptability to 
complex human motion modes. To address above challenges, this 
paper proposes an enhanced waist-mounted human tracking 
framework based on array IMU and barometer (EWHT-AIB) 
that combines array IMU data fusion, precise barometer 
calibration, and motion-constrained position-attitude update 
algorithm to achieve robust and accurate indoor positioning. To 
enhance array IMU data fusion performance, a weighted data 
fusion algorithm for array IMU based on the bias instability 
coefficients is proposed to achieve effective weighted fusion of 
array IMU data. Subsequently, a barometer calibration 
algorithm based on nonlinear fitting is proposed to achieve 
accurate compensation for bias error and scale factor error of the 
barometer. Finally, a position-attitude update algorithm under 
motion constraints is designed to achieve accurate pedestrian 3D 
indoor positioning using compensated array IMU and barometer 
data. Comprehensive experiments demonstrate that the proposed 
EWHT-AIB framework can achieve meter-level positioning 
accuracy under typical indoor environments. 
Index Terms—Indoor localization, Array IMU data fusion, 
Barometer calibration, Motion constraints , Sensor fusion. 

I. INTRODUCTION

ith the advent of the ubiquitous navigation era and 
the rapid development of wearable devices, there is 
an increasing demand for accessing personal 

location information anytime and anywhere, as well as for 
receiving services based on this information. Positioning and 
navigation systems integrate sensing, communication, and 
Internet of Things (IoT) technologies to deliver reliable 
location data [1]. While the Global Navigation Satellite 
System (GNSS) is a dependable method for positioning in 
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outdoor open areas, its signals can be disrupted in 
environments such as indoor spaces, rendering it ineffective 
[2]. Consequently, achieving accurate indoor positioning in 
GNSS-denied environments remains a significant challenge. 

To provide location-based services in GNSS-denied indoor 
environments, various positioning technologies utilizing 
external information sources have been developed, including 
Wi-Fi [3], Bluetooth [4], ultra-wideband (UWB) [5], and radio 
frequency infrared devices [6]. However, due to the 
complexity and variability of indoor spaces, positioning 
methods that depend on external infrastructure incur high 
costs, and wireless signal positioning base stations are 
vulnerable to interference and damage [7]. Pedestrian 
positioning technology based on MEMS IMU autonomously 
collects inertial data using the MEMS IMU and calculates 
positioning results through inertial navigation algorithms 
without requiring additional positioning signals [8]. This 
capability allows for inertial positioning in any location 
scenario. 

Currently, indoor human tracking based on MEMS IMU 
can be broadly categorized into three types: waist-mounted 
MEMS IMU-based tracking [9], foot-mounted MEMS IMU-
based tracking [10], and leg-mounted MEMS IMU-based 
tracking [11]. Among these, waist-mounted systems are more 
suitable for accurate indoor human tracking due to their ease 
of wear and distinctive data features. Waist-mounted MEMS 
IMU-based tracking technologies primarily include gait 
detection, stride length estimation, orientation estimation, and 
position computation [9]. Yu et al. [12] proposed a high-
precision positioning method based on multi-feature fusion 
using a body-worn inertial sensor network, where inertial 
nodes mounted on the waist, shank, and foot are fused in a 
weighted manner to estimate the yaw angle. However, due to 
the limited accuracy of individual nodes, the yaw angle still 
tends to drift rapidly over time. Hajati et al. [13] introduced a 
pedestrian localization device mounted on a belt, which 
utilizes both IMUs and barometers to compute the three-
dimensional position of the pedestrian, though the method 
lacks effective calibration of barometric sensor errors. Pham et 
al. [14] proposed a smoothing algorithm based on constrained 
optimization to estimate stride length from a waist-mounted 
IMU under the assumption of a known total walking distance. 
However, this method struggles to maintain performance 
under mixed gait conditions. 

Therefore, at the current stage, achieving an autonomous 
and accurate indoor three-dimensional positioning system 
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requires addressing the following challenges: 
1. Rapid error drift of a single IMU: The pedestrian 

positioning method based on a waist-mounted MEMS IMU 
can only maintain positioning accuracy for a short period due 
to the rapid divergence of sensor biases [15]. The array IMU 
technology, by fusing data from multiple low-precision 
MEMS IMU, can effectively suppress the random noise of 
MEMS IMU, improving the data output accuracy of MEMS 
IMU and ultimately enhancing the positioning accuracy of the 
system [16]. Data fusion algorithms play a crucial role in the 
final performance improvement of the array IMU. Wang et al. 
[17] proposed improving the positioning performance of the 
array IMU through precise calibration. They first calibrated an 
array of 16 IMUs and then applied a traditional mean fusion 
algorithm to the fused data. Subsequently, a vehicle dynamic 
combined positioning experiment was conducted, and the 
results showed that the positioning accuracy of the calibrated 
array IMU system was 3.4 times that of a single IMU. Xing et 
al. [18] combined high-cost, short-range MEMS gyroscopes 
with low-cost, long-range MEMS gyroscopes and proposed an 
adaptive data fusion method suitable for redundant MEMS 
gyroscopes, which expands the angular rate measurement 
range while saving IMU configuration costs and volume. XUE 
et al. [19] proposed a data fusion algorithm based on a MEMS 
gyroscope array, where the angle random walk of the virtual 
gyroscope was reduced by approximately 4.86 times. 

2. Deterministic error calibration of the barometer: In 
indoor environments, IMU-based human tracking frameworks 
can only provide two-dimensional position estimates [20]. 
Therefore, they are often combined with barometers to enable 
3D indoor pedestrian localization. Qin et al. [21] integrated 
Zero-Velocity Update (ZUPT) with barometric readings to 
enhance the accuracy of height estimation. Wang et al. [22] 
further improved indoor pedestrian height estimation by 
combining barometric data with a height constraint algorithm 
based on 3D building models. Li et al. [23] fused barometric 
measurements with floor detection using cross-sectional 
analysis to achieve more reliable height estimation. Cong et al. 
[24] proposed a hybrid height estimation algorithm that 
balances high accuracy and practicality, thereby improving the 
precision of vertical localization in indoor settings. However, 
all of the above methods lack effective calibration for the 
deterministic errors of the barometer. 

3. Human tracking under mixed gait motion conditions: 
In indoor human tracking based on waist-mounted MEMS 
IMU, maintaining high-precision localization under mixed gait 
conditions presents a significant challenge. Tran et al. [25] 
proposed a novel multi-model long short-term memory 
network to learn temporal features of mixed gait patterns; 
however, this method requires substantial computational 
resources and is unsuitable for deployment on lightweight 
embedded systems. Bhongade et al. [26] introduced a gait 
classifier based on support vector machines, which similarly 
demands considerable computational power, making real-time 
execution on small-scale embedded platforms difficult. 

Aiming at the above problems and challenges, this paper 
proposes an enhanced waist-mounted human tracking 

framework based on array IMU and barometer (EWHT-AIB). 
The contributions of this work are summarized as follows: 

1) To improve the data fusion accuracy of array IMU, 
this paper develops a weighted data fusion algorithm 
for array IMU based on the bias instability coefficient. 
Compared with a single IMU, the noise coefficient of 
the sensor of the weighted data fusion array IMU can 
be reduced by about 0.9 times, which is close to the 
theoretical limit value. 

2) This paper proposes an effective barometer calibration 
algorithm based on nonlinear fitting. Experimental 
results from multi-floor tests show that the relative 
altitude error of the calibrated barometer can be 
reduced from 0.33 m to 0.05 m. 

3) To achieve accurate indoor 3D positioning, this paper 
develops a position-attitude update algorithm under 
motion constraints that effectively integrates data from 
an array IMU and a barometer to enable precise indoor 
3D positioning. Complex indoor experiments 
demonstrate that the proposed algorithm can achieve 
meter-level 3D positioning accuracy. 

The structure of the remaining sections of this article is 
organized as follows. Section Ⅱ introduces the array IMU data 
fusion algorithm based on bias instability coefficients, 
barometer calibration algorithm based on nonlinear fitting, and 
position-attitude update algorithm under motion constraints. 
Section Ⅲ presents the experimental results of the presented 
EWHT-AIB. Section Ⅳ summarizes the whole paper and 
indicates the future work. 

II. RESEARCH METHODOLOGY 

Fig. 1 illustrates the overall structure of the proposed 
EWHT-AIB framework, which composed of three primary 
components: the array IMU data fusion module, the barometer 
calibration module, and the position-attitude update module 
under motion constraints. 

A. Array IMU data fusion algorithm based on bias instability 
coefficients 

Existing studies indicate that precise error calibration is 
essential for improving the accuracy of array IMU data fusion 
[17]. Therefore, before fusion, we calibrate each IMU in the 
array to eliminate systematic sensor errors. The calibration 
models for the accelerometer and gyroscope are defined as 
follows [17] : 

 
Fig. 1. Structure of Proposed EWHT-AIB Framework. 
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where iA  is the measurement vector of the i-th triaxial 

accelerometer; ia  denotes the corresponding true acceleration 

vector; 0ia  is the constant bias vector; iK  is the calibration 

matrix for the accelerometer; similarly, iω  represents the 

measurement vector of the i-th triaxial gyroscope; iw  denotes 

the corresponding true angular velocity vector; 0iw  is the 

constant bias vector; iS  is the calibration matrix for the 

gyroscope. 
Based on these calibration models, the IMUs are calibrated 

using the multi-position [27] and multi-rate method [28] to 
correct systematic errors. The weighted data fusion model for 
the array IMU is then defined as follows: 
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where w  is the fused angular rate vector obtained via 

weighted averaging; _gyro nw  denotes the angular rate vector 

measured by the gyroscope of the n-th IMU; _gyro nk  is the 

corresponding weight matrix derived from the bias instability 
coefficients. similarly, a  is the fused accelerometer output; 

_acc na  is the acceleration output of the n-th IMU, and _acc nk  

is its weight matrix based on bias instability coefficients. 
The weight allocation matrix for the gyroscope is computed 

based on its axis-specific bias instability coefficients derived 
from Allan variance analysis. The resulting matrix is defined 
as follows: 
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where ,gx nB , ,gy nB  and ,gz nB  are the bias instability coefficients 

for the X, Y, and Z axes of the n-th IMU's gyroscope. 
The weight allocation matrix for accelerometer is as follows: 
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where ,ax nB , ,ay nB  and ,az nB  denote the bias instability 

coefficients of the X, Y, and Z axes of the n-th IMU's 
accelerometer, respectively. 

To clearly illustrate the process of array IMU data fusion, 
Fig. 2. depicts the complete workflow from error calibration to 
weighted fusion. This strategy improves the robustness of 

 
Fig. 2. Workflow of the array IMU data fusion. 

inertial fusion by mitigating sensor drift and enhancing pose 
estimation accuracy. 

B. Barometer calibration algorithm based on nonlinear fitting 

Indoor vertical positioning is achieved by estimating inter-
floor height differences using barometric pressure readings. 
The corresponding barometric altitude is computed from 
atmospheric pressure as follows [29]: 
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where ah  is the estimated barometric altitude, p is the 

measured air pressure, and P0 is the standard sea-level 
reference pressure. 

However, barometric altitude is highly sensitive to 
environmental changes such as temperature and humidity, 
which can lead to significant drift and errors over time. To 
address this, relative altitude is used instead of absolute 
altitude for indoor vertical positioning. The relative barometric 
height is calculated as follows: 
 ( ) ( )r a bh i h i h   (6) 

where ( )rh i  is the relative height at the time i, ( )ah i  denotes 

the barometric altitude measured at time i, bh  refers to the 

initial barometric altitude recorded at the start of the 
positioning session. 

To mitigate nonlinear distortions and residual bias in the 
barometer output, a nonlinear calibration model is introduced. 
The corrected relative height is calculated as follows: 
 2

2 1 0( ) ( ) ( )rc r rh i k h i k h i k      (7) 

where ( )rch i  is the corrected relative height at time i, k2, k1 

and k0 are calibration coefficients obtained via curve fitting. 
To address barometric drift and nonlinear distortion, a 

calibration process based on nonlinear fitting is employed, as 
shown in Fig. 3. Atmospheric pressure is first converted to 
altitude, from which relative height is derived. A quadratic 
model then corrects residual bias, enabling meter-level vertical 
accuracy and supporting robust 3D pedestrian localization in 
multistory indoor environments. 
 

 
Fig. 3. Workflow of the barometric height calibration. 
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C. Position-attitude update algorithm based on motion 
constraints 

1）Gyroscope Constant Bias Estimation Based on Modulus 

Variance Constraint 
Accurate attitude estimation requires compensating the 

gyroscope’s bias. This subsection presents a simple variance-
based estimation method. 

Specifically, the modulus of the three-axis gyroscope output 
at time k is defined as: 

 
2 2 2

mod, , , ,k x k y k z k       (8) 

where ,x k , ,y k and ,z k  denote the angular rates along the x-, 

y-, and z-axes at time k, and mod,k  indicates the overall angular 

rate magnitude. 
To identify potential static periods, the system evaluates the 

temporal stability of the angular rate by computing the 
variance of the modulus within a sliding buffer of size N. The 
variance is calculated as follows: 
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where 2

,k
  is the variance of the angular rate modulus within 

the buffer, and 
mod,k

  denotes the mean value of the modulus 

over the buffer.  
A static condition is considered detected when the variance 

falls below a predefined threshold, expressed as: 

 2 2
mod, thk   (10) 

where 2
th  is the variance threshold for static detection.  

Upon detection of a static period, the constant bias of the 
three-axis gyroscope is estimated by averaging the 
corresponding gyroscope measurements accumulated during 
the static state. The bias estimates at time k are given by: 
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where ,x kb , ,y kb  and ,z kb  denote the estimated constant biases 

along the x-, y-, and z-axes, respectively; kn  is the number of 

static samples accumulated up to time k; and ,x iq , ,y iq and 

,z iq  are the corresponding static outputs of the three-axis 

gyroscope. 
2）Gait Detection Based on Multi-Condition Constraints 

Pedestrian gait detection relies on analyzing the variation in 
the norm of the accelerometer output within each gait cycle. 
The accelerometer norm is computed as follows: 

 2 2 2
norm x y zAcc a a a    (12) 

where xa , ya  and za  are the calibrated output of the 

triaxial accelerometer; normAcc  is the norm of the 
accelerometer output. 

Previous studies have detected pedestrian gait by applying 
threshold-based peak and trough detection on the 
accelerometer norm [30]. However, due to body sway and 
noise during walking, false peaks and troughs may appear in 
the accelerometer norm signal, resulting in erroneous or 
missed gait event detections. To address this, this paper 
proposes a pedestrian gait detection method based on multiple 
condition constraints. By enforcing gait cycle consistency and 
step frequency constraints, the method effectively eliminates 
false peaks and troughs, thereby improving detection accuracy. 

Taking normal walking gait detection as an example, the 
peak and trough thresholds of the accelerometer norm are 
empirically determined to distinguish valid steps from 
background noise. For the current subject, the typical values 
are as follows: 
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where _norm wpAcc and _norm wtAcc are the respective thresholds 

for peak and trough detection during walking. 
A complete gait cycle must include one peak and one 

trough in the accelerometer norm, occurring consecutively. 
Thus, peaks and troughs violating this gait cycle pattern are 
discarded. 

After removing false peaks and troughs inconsistent with 
gait cycle characteristics, further pruning is performed based 
on step frequency constraints. The step frequency constraint 
during walking is expressed as follows: 
 walk walkf   (14) 

where walkf  is the step frequency of pedestrian walking; walk  

is the threshold for step frequency constraint during pedestrian 
walking. walk 120   can be set for a pedestrian's walking. 

The algorithm flowchart for walking gait detection is shown 
in the Fig. 4.  

For upstairs and downstairs gait detection, the initial step is 
to determine the trend of the barometer’s relative altitude 
output under the current pedestrian motion state. This 
identifies whether the pedestrian is ascending or descending 
stairs. Subsequently, the accelerometer data is used to count 
the number of steps during stair climbing or descending. 

Considering that the height of a single stair step in the 
experimental setup is 0.15 m, the constraint condition for 
recognizing upstairs/downstairs mode is formulated as: 
 p1 ste| |nd d d D     (15) 

where d  denotes the absolute change in relative altitude 

measured by the barometer during stair navigation, 1d and nd  

represent the last and first values in the relative altitude buffer, 
respectively, and stepD corresponds to the step height. The 

buffer size n for storing relative altitude measurements is 
adjusted according to the application scenario. In our 
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Fig. 4. Flowchart of the walking gait detection algorithm. 
experiment, the barometer sampling frequency is set to 50 Hz, 
and a typical step-up/down action for a 0.15 m stair step is 
observed to take approximately 0.5 seconds. Therefore, n is set 
to 25 to ensure sufficient temporal coverage. This value may 
need to be adjusted under different stair heights, motion 
speeds, or use cases. 

Upon completion of the height constraint verification, the 
upstairs and downstairs gait detection continues by following 
the workflow outlined in Fig. 4. This approach ensures that 
step detection and validation processes are consistently 
applied during stair navigation, facilitating accurate 
identification of gait events in these contexts. 

3）Step Length Estimation Based on Gait Classification 

The most commonly used pedestrian step length estimation 
method is as follows [30]: 

 4
peak troughL J A A   (16) 

where 𝐿 is the estimated step length; J is the step length 
coefficient used for correction; peakA  and troughA  are the peak 

and trough of the accelerometer norm within the gait cycle. 
Building upon the previously described accurate gait 

detection, this study achieves precise step length estimation by 
classifying gait types and pre-calibrating the corresponding 
step length coefficients. For instance, the calibration formula 
for the walking step length coefficient is given by: 
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/
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i
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J S L
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where walkJ  is the walking step length coefficient; walk_gtS  is 

the actual walking distance used for calibration; _walkiL  is the 

step length of the 𝑖-th step during calibration; and 𝑁 is the 
total number of steps taken during calibration. 

Since step length varies among pedestrians and gait types, 
coefficients must be pre-calibrated for each gait. During 
movement, accurate step length estimation is achieved by 
applying the corresponding calibrated coefficient for the 
detected gait type. 

4）Attitude Estimation Based on QEKF and Step Yaw 

Constraint 
To estimate pedestrian attitude in 3D space, we adopt a 

Quaternion-based Extended Kalman Filter (QEKF) framework 
[31]. The initial attitude angles are computed as follows: 
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where 0 , 0 , 0  denote the initial pitch, roll, and yaw 

angles respectively; ,0xa , ,0ya  and ,0za  represent the 

triaxial accelerometer measurements at the initial time. 
The pedestrian attitude estimation state vector is initialized 

as follows: 
 T

0 1 2 3(0) [ (0) (0) (0) (0) (0) (0) (0)]gx gy gzq q q q b b bX  (19) 

where (0)X is the initial state vector; 0 (0)q , 1(0)q , 2 (0)q  

and 3 (0)q  form the initial quaternion representing the 

pedestrian's attitude, (0)gxb , (0)gyb  and (0)gzb denote the 

initial gyroscope biases, all initialized to zero. 
The state equation for pedestrian attitude estimation is as 

follows: 
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where ( 1)k q is the column vector composed of the 

quaternion representing the pedestrian's attitude at time k-1; 
( 1)g kb  is the random drift vector of the triaxial gyroscope at 

time k-1; ( 1)q k W  and ( 1)g k W  constitute the system noise 

matrix at time k-1; t  is the sampling time interval; ( ) / 2b kΩ

is the coefficient matrix of the quaternion differential equation 
at time k. 

The expanded form of ( )b kΩ is as follows: 
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where ˆ ( )x k , ˆ ( )y k , and ˆ ( )z k are the estimated values of 

the angular rate outputs from the triaxial gyroscope at time k. 
The relationship between the estimated and measured 

values of the gyroscope at time k is as follows: 
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where ( )x k , ( )y k , and ( )z k  are the measured values 

of the angular rate outputs from the triaxial gyroscope at time 
k; ( 1)ex k   and ( 1)ey k   are the components of the earth's 

rotational angular velocity at time k-1 on the X-axis and Y-
axis of the gyroscope. 

The state one-step prediction matrix for pedestrian attitude 
estimation at time k is as follows [32]: 

 ˆ ˆ( , 1) ( , 1) ( 1)k k k k k   X Φ X  (23) 

where ˆ( , 1)k kX  is the state one-step prediction matrix at time k; 

( , 1)k k Φ  is the state one-step transition matrix at time k; 

ˆ ( 1)k X is the state estimation matrix at time k-1. 

The state one-step transition matrix at time k is expanded as 
follows: 
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 (24) 

The state one-step prediction mean squared error matrix for 
pedestrian attitude estimation at time k is as follows [33]: 
 T( , 1) ( , 1) ( 1) ( , 1) ( 1)k k k k k k k k      P Φ P Φ Q  (25) 

where ( , 1)k k P  is the state one-step prediction mean squared 

error matrix at time k; ( 1)k P is the state estimation mean 

squared error matrix at time k-1; ( 1)k Q is the covariance 

matrix of the system noise matrix at time k-1. 

The observation vector for pedestrian attitude estimation at 

time k is as follows: 

 T( ) [ ( ) ( ) ( )]x y zk a k a k a kZ  (26) 

where ( )kZ  is the observation vector at time k; ( )xa k , 

( )ya k , and ( )za k are the measurements of the triaxial 

accelerometer at time k. 
The observation equation for pedestrian attitude estimation 

at time k is as follows: 
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Z v  (27) 

where g is the local gravitational acceleration; ( )kv is the 

measurement noise matrix at time k. 
The filtering gain matrix for pedestrian attitude estimation 

at time k is as follows [34]: 
T T 1( ) ( , 1) ( )[ ( ) ( , 1) ( ) ( )]k k k k k k k k k    K P H H P H R (28) 

where ( )kK  is the filtering gain matrix at time k; ( )kH is 

the measurement matrix at time k; ( )kR  is the covariance 

matrix of the measurement noise matrix at time k. 
The measurement matrix at time k is expanded as follows: 

2 3 0 1
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H  (29) 

The estimated state vector for pedestrian attitude estimation 
at time k is as follows: 

 ˆ ˆ ˆ( ) ( , 1) ( )[ ( ) ( ) ( , 1)]k k k k k k k k    X X K Z H X  (30) 

where ˆ ( )kX  is the estimated state vector at time k. 

The state estimation mean square error matrix for pedestrian 
attitude estimation at time k is as follows: 
 ( ) [I ( ) ( )] ( , 1)k k k k k  P K H P  (31) 

where ( )kP  is the state estimation mean square error matrix at 

time k. 
The pedestrian attitude angles at time k are as follows: 
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 (32) 

where k , k , and k  are the pitch, roll, and yaw of the 

pedestrian at time k. 
When pedestrians walk along a straight line, small yaw 

perturbations occur due to body sway, while the overall 
direction remains unchanged. To enhance yaw accuracy, these 
perturbations must be constrained. 

The step yaw is defined as the yaw estimated at gait 
detection. To limit linear motion yaw errors, a step yaw buffer 
is constructed: 
 buf 0 1 2[ , , ]    (33) 

where bu f is the step yaw buffer, considering that yaw 

constraint should not cause excessive time delays, the buffer 
size is chosen to be 3; 0 , 1 , and 2  are the three 

consecutive step yaws stored in the step yaw buffer. 
The maximum change in step yaw within the current step 

yaw buffer is calculated as follows: 
 buf bufmax( ) min( )     (34) 

  is the maximum difference among the three 

consecutive step yaws of the pedestrian, this difference is used 
to determine whether the pedestrian is in a state of linear 
motion, with the specific determination criteria as follows: 

 
turning  state

linear motion sta
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5   te
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，
 (35) 

5）3D Position Calculation 

The pedestrian’s 3D position after walking 𝑘 steps is 
calculated as follows: 
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Fig. 5. Workflow of the position and attitude update algorithm. 

 

Fig. 6. EWHT-AIB test system setup. 
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where xk, yk and zk denote the 3D position coordinates after k 
steps; x0, y0 and z0 represent the initial position coordinates, 
typically initialized to zero; Li is the step length of the i-th step; 

i  is the walking heading angle of the i-th step relative to the 

navigation coordinate system’s X-axis; ( )rch k  is the 

calibrated relative height from the barometer after k steps. 
In summary, this study addresses three key challenges in 

indoor 3D localization through a unified data fusion 
framework. First, a bias-instability-weighted array IMU fusion 
method improves inertial measurement accuracy. Second, a 
nonlinear barometer calibration algorithm corrects altitude 
drift for vertical estimation. Finally, a motion-constrained 
position-attitude update algorithm, as illustrated in Fig. 5, 
combines gait detection, step estimation, and QEKF-based 
attitude filtering to achieve robust 3D pedestrian localization. 

III. EXPERIMENTAL RESULTS OF EWHT-AIB 

This section presents a series of experiments conducted in a 
typical indoor environment to evaluate the performance of the 
proposed EWHT-AIB system. To establish a clear 
correspondence between system design and overall 
performance, we independently assess the core functional 
modules, including the array IMU fusion algorithm, the 
barometer calibration method, and the position-attitude update 
algorithm. Subsequently, a comprehensive evaluation of the 
integrated EWHT-AIB framework is performed. The 
experimental setup is shown in Fig. 6, and the main technical  

 

TABLE I 
THE MAIN TECHNICAL CHARACTERISTICS OF ARRAY IMU 

Indexes Gyroscope Accelerometer 
Sampling rate 200 Hz 200 Hz 

Dynamic range ±500 °s-1 ±10 g 
Nonlinearity ±0.2 %FS ±0.5 %FS 
Initial offset ±1 °s-1 ±50 mg 

TABLE Ⅱ 
THE MAIN TECHNICAL CHARACTERISTICS OF BAROMETER 

Indexes Barometer 
Sampling rate 50 Hz 

Pressure measurement range 10 ~ 1200 mbar 
Altitude measurement accuracy 10 cm 

Pressure conversion time 1 ms 
 
specifications of the array IMU and barometer are listed in 
TABLE I and TABLE II. 

A. Performance evaluation of array IMU data fusion 
algorithm 

To improve the accuracy of inertial measurements, this 
study introduces a weighted data fusion algorithm for array 
IMUs, where fusion weights are determined by the bias 
instability coefficients of individual sensors. To validate its 
effectiveness, an eight-hour static test was conducted using a 
fully calibrated array IMU, and Allan variance analysis was 
performed to quantify noise characteristics. 

Fig. 7 and  Fig. 8 compare the Allan variance curves of the 
Z-axis gyroscope and accelerometer before and after 
applying the proposed algorithm. Compared to the 
conventional mean fusion method, the weighted fusion 
significantly suppresses noise fluctuations and yields 
smoother Allan profiles. 

TABLE III summarizes the quantitative comparison. The 
results show that the proposed method reduces the Z-axis 
noise coefficient by approximately 0.9 times, clearly 
demonstrating its superiority over the traditional approach in 
enhancing data fusion accuracy. 

 
Fig. 7. Gyroscope Allan variance comparison. 
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Fig. 8. Accelerometer Allan variance comparison. 

 
Fig. 9. Comparison of the output relative height before and 
after barometer calibration. 

TABLE Ⅲ 
ARRAY IMU Z-AXIS NOISE PERFORMANCE REDUCTION TIMES 

Methods GyrBI GyrRW AccBI AccRW 

Mean Fusion 0.87 0.80 0.85 0.83 
This paper 0.97 0.90 0.95 0.92 

B. Performance evaluation of barometer calibration algorithm 

To address the vertical drift and limited accuracy of 
barometric measurements, this study introduces a nonlinear 
fitting-based calibration algorithm aimed at correcting 
systematic errors in the barometer's relative altitude output. 
The calibration procedure involves collecting pressure-
derived height data across multiple indoor floors and fitting a 
nonlinear correction model to refine the barometer's response. 

As illustrated in Fig. 9, the raw and calibrated relative 
altitude outputs are compared across four floor transitions. 
The calibrated results exhibit significantly improved 
consistency with true floor heights. Quantitatively, the mean 
error in barometric height estimation is reduced from 0.33 m 
to 0.05 m, clearly demonstrating the effectiveness of the 
proposed calibration approach. 

By substantially enhancing vertical accuracy, this module 
ensures reliable altitude information for downstream fusion 
with inertial data, thereby improving the overall robustness 
of the EWHT-AIB positioning system. 

 
Fig. 10. 2D floor plan of the positioning experiment route. 

 
Fig. 11. 3D trajectory map of the positioning experiment. 

C. Performance evaluation of position-attitude update 
algorithm 

To achieve accurate indoor 3D pedestrian localization, this 
study proposes a position-attitude update algorithm that fuses 
array IMU and barometer data under motion constraints. To 
validate its effectiveness, a series of experiments were 
conducted in a typical indoor multistory environment. 

The experimental site comprises a four-story building with 
each floor measuring 60.00 m in length, 43.20 m in width, and 
3.90 m in height. The test route, illustrated in Fig. 10, covers a 
total path length of 1 km with a 15-minute duration, during 
which the participant performs various activities including 
walking, stair ascent, and descent. 

Fig. 11 presents the 3D trajectory obtained by the proposed 
algorithm. The blue curve denotes the estimated trajectory, the 
red pentagram marks the starting point, and green triangle 
markers represent manually measured ground-truth points at 
each floor corner, which serve as reference locations for 
positioning error evaluation. 

To further analyze positioning performance, Fig. 12 
presents the cumulative distribution function (CDF) of 
horizontal localization errors, which indicates the probability 
that the positioning error is below a certain threshold. The 
75th percentile error, marked with dotted vertical lines and 
numerical annotations, reflects the threshold below which 75% 
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of the horizontal errors fall—a widely adopted metric for 
performance evaluation. As shown, the proposed method 
achieves a 75th percentile horizontal error of 2.51 m, 
significantly outperforming the traditional pedestrian dead 
reckoning (PDR) algorithm, which exhibits a corresponding 
error of 14.23 m. This comparison highlights the substantial 
accuracy improvement provided by our approach. 

Similarly, Fig. 13 illustrates the CDF of vertical positioning 
errors before and after barometer calibration and motion-
constrained fusion. The 75th percentile vertical error is 
reduced to 0.15 m after applying our method, compared to 
0.40 m using the uncalibrated barometer. This result confirms 
that our algorithm effectively enhances vertical localization 
accuracy, particularly under floor-changing or stair-climbing 
scenarios where elevation precision is critical. 

Fig. 14 compares the horizontal positioning accuracy of the 
array IMU versus a single IMU. Results from five repeated 
trials show that the array IMU achieves an average horizontal 
error of 2.60 m, whereas the single IMU reaches 4.90 m, 
indicating that the proposed array fusion strategy improves 
horizontal positioning accuracy by approximately 47%. 

Finally, the consistency of performance across five 
experiments is summarized in TABLE IV, where the proposed 
position-attitude update algorithm achieves a mean horizontal 
error of 2.61 m and a mean altitude error of 0.15 m, 
reaffirming its robustness and accuracy. 

 
Fig. 12. Horizontal error CDF curve. 

 
Fig. 13. Altitude error CDF curve. 

D. Performance evaluation of EWHT-AIB 

To comprehensively assess the overall effectiveness of the 
proposed EWHT-AIB framework, we conducted comparative 
experiments against three state-of-the-art PDR-based 3D 
indoor localization methods: 3D-LBMS, Improved 3-D PDR, 
and R-AFNIO. The experimental route is shown in Fig. 11, 
and the final positioning accuracies are summarized in 
TABLE V. 

As presented in TABLE V, the EWHT-AIB framework 
achieves a 3D localization error of only 2.61 m, significantly 
outperforming the benchmark methods, whose errors range 
from 7.55 m to 14.14 m. This performance improvement can 
be directly attributed to the core design components of 
EWHT-AIB: the bias-weighted array IMU fusion, the 
barometric calibration based on nonlinear fitting, and the 
motion-constrained pose update mechanism. 

To further clarify the system’s technical advantages, we 
summarize the key innovations as follows: 

Array IMU fusion: Effectively suppresses sensor noise and 
enhances motion estimation accuracy compared to single-IMU 
approaches. 

Multi-point barometer calibration: Compensates for drift 
and environmental bias, improving vertical positioning 
accuracy. 

Motion-constrained pose updating: Increases robustness in 
mixed gait scenarios through QEKF-based filtering and gait-
aware corrections. 

Additional details of the system structure, fusion strategies, 
and performance metrics are provided in TABLE VI. 

 
Fig. 14. Comparison of horizontal positioning error bars for 
different IMU. 

TABLE Ⅳ 
ERROR TABLE OF POSITIONING EXPERIMENTS  

Test ID Horizontal error (m) Altitude error (m) 

1 2.51 0.15 
2 2.63 0.14 
3 2.85 0.18 
4 2.71 0.13 
5 2.34 0.15 

Mean 2.61 0.15 

0 5 10 15 20 25
Horizontal position error (m)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

2.51 m 14.23 m

PDR
This paper

C
D

F

Array IMU Single IMU
Sensors type

2.5

3

3.5

4

4.5

5



LIN et al.: EWHT-AIB: Enhanced Waist-mounted Human Tracking Framework Based on Array IMU and Barometer               10 

 

TABLE Ⅵ 
COMPARISON OF DIFFERENT POSITIONING SYSTEMS 

System Type Features Advantages Limitations 

Single IMU Low-cost MEMS IMU Low cost, simple structure 
Large drift, poor dynamic 

accuracy 

Array IMU Multi-IMU fusion  
Higher accuracy, noise 

reduction 
Complex hardware, higher 

power 

Barometer  Relative altitude output Low cost, Floor-level resolution 
Easily disturbed, no horizontal 

positioning 

EWHT-AIB 
Array IMU + Barometer 

+ Motion constraints 
High 3D accuracy, robust Slightly complex system 

TABLE Ⅴ 
ERROR COMPARISON WITH DIFFERENT METHODS 

Methods 3D position error (m) 

EWHT-AIB 2.61 
3D-LBMS [35] 7.55 

Improved 3-D PDR [36] 10.90 
R-AFNIO [37] 14.14 

Ⅳ. CONCLUSION 

To enable high-precision indoor 3D pedestrian 
positioning, it is crucial to enhance IMU data quality, 
calibrate barometer deterministic errors, and enforce strict 
motion constraints. To this end, this paper presents an 
Enhanced Waist-mounted Human Tracking framework 
based on an IMU array and barometer (EWHT-AIB). First, 
a weighted fusion algorithm is introduced to integrate IMU 
array data, reducing sensor noise and long-term drift using 
bias instability coefficients from Allan variance analysis. 
Second, a nonlinear fitting-based barometer calibration 
method is proposed to suppress deterministic errors and 
compensate for output nonlinearities, thereby improving 
relative altitude estimation. Finally, a position-attitude 
update algorithm based on motion constraints is developed 
to fuse the IMU and barometer data, enabling accurate and 
robust 3D indoor localization. 

To validate the effectiveness of the proposed algorithm, 
experimental tests were conducted in a typical indoor 
environment covering approximately 1000 meters. The 
results demonstrate that EWHT-AIB achieves a horizontal 
positioning accuracy of 2.61 m and an altitude positioning 
accuracy of 0.15 m at the 75th percentile, indicating reliable 
performance in both horizontal and vertical dimensions. 

Despite these promising results, the proposed algorithm 
has some limitations. First, the calibration of the IMU array 
currently depends on a high-precision turntable, which may 
limit its practical deployment and scalability in real-world 
applications. Second, the pedestrian step length estimation 
algorithm relies on pre-calibrated parameters, which may 
reduce adaptability to individual walking styles, speed 
variations, and different gait patterns. These factors could 
potentially affect positioning accuracy under diverse 
scenarios. 

To address these limitations, future work will focus on 
developing a more comprehensive and flexible positioning 
framework. Specifically, we plan to investigate device 
calibration techniques that require minimal hardware 
support or can be conducted using common motion patterns, 
thereby enhancing practicality and ease of deployment. 
Furthermore, we aim to explore adaptive step length 
estimation algorithms leveraging deep learning and data-
driven approaches to improve robustness across different 
users and walking conditions. Additional efforts will be 
made to validate the proposed system under more complex 
and varied indoor environments, ensuring its effectiveness 
and generalizability in real-world applications. 
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