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Abstract
Indoor pedestrian altitude information plays a key role in such applications as emergency relief
and military reconnaissance. However, height errors of inertial positioning grow without
boundary because of the altitude channel divergence of the Strap-down Inertial Navigation
System. This article proposes a new vertical location method based on the foot-mounted Inertial
Measurement Unit and online floor modeling. First, the number of stairs at each step is
calculated after the height of each step is corrected by the error compensation model. Second,
the prior height is estimated by utilizing the number of stairs and the stair height. Then, the key
point library related to the floor is built online. Finally, the error correction of the vertical
displacement is carried out by matching the prior height with the key point library. The gait
classification shows that the accuracy based on the error compensation model can reach up to
99%. Moreover, the maximum altitude error is less than 1 m and the accumulated vertical
positioning errors are eliminated completely when a pedestrian walks up and down inside a
multi-story building, and all these have verified accuracy and robustness of vertical indoor
positioning.

Keywords: altitude estimation, inertial compensation, floor modeling, gait classification,
indoor positioning

1. Introduction

Vertical location has generated a high level of research interest
and become an essential topic in the field of Indoor Pedestrian
Navigation (IPN) owing to an increasing number of large
buildings with complex structures [1]. Compared with hori-
zontal errors, vertical positioning accuracy is more critical for
IPN, because an altitude error of just a few meters can lead to
incorrect floor identification.

Multiple types of techniques have been employed to
implement vertical trajectory determination. The traditional
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technique, Global Navigation Satellite Systems (GNSS),
requires a clear sky view, and is thus ineffective when satel-
lite signals are totally blocked or severely attenuated indoors
[2, 3]. One alternative is wireless communication position-
ing, such as Wireless Fidelity (WIFI) [4, 5], Ultra Wideband
(UWB) [6], Bluetooth [7], and cellular network [8–10]. They
all rely on existing equipment or require new deployments. For
instance, WIFI needs a wide range of beacon nodes and cellu-
lar network relies on base stations.

Another alternative to GNSS is sensor-based technique,
which does not need external facilities. In [11], vertical loc-
ation is obtained by barometer based on the principle that air
pressure decreases with altitude. In [12], Zhang et al install
a barometer on every floor to form a correspondence table
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between air pressure and floor as reference. Although the
method based on barometric pressure can provide an accur-
ate floor level, they are sensitive to local pressure conditions.
A solution to this problem is self-contained navigation based
on inertial measurement unit (IMU), which is strongly inde-
pendent and less affected by the environment [13]. Due to the
development of Micro-Electro-Mechanical System (MEMS)
technology, MEMS-IMU has received much attention due to
its advantages of compactness, light weight, and low power,
which meet the needs of pedestrians’ vertical positioning.

MEMS -IMU is usually fixed on foot or trunk for
height measurement. One way to install an inertial unit
on the user’s trunk employs the pedestrian dead reckoning
(PDR) algorithm, which is only used for horizontal position
estimation [14]. Another widely used IMU-based scheme,
based on the Strap-down Inertial Navigation System (SINS)
algorithm, straps IMU on a user’s foot and calculates the user
position by integrating sensor output [15, 16]. The altitude
is obtained by double integrating the acceleration in SINS
algorithm [17]. As inherent sensor errors cause the coupling
of gravity and motion acceleration in the vertical direction,
SINS-based altitude estimation suffers from the divergence
problem. Usually, the Zero Velocity Update (ZUPT) method
is applied to improve the positioning performance of SINS-
based IPN system [18]. When the velocity error obtained from
ZUPT is fed back to an estimation filter such as Extended
Kalman Filter (EKF), position and attitude errors would be
restricted [19].

Nevertheless, vertical positioning errors are still diffi-
cult to constrain in wearable inertial system, because the
ZUPT method cannot eliminate the effect of gravity resid-
uals on motion acceleration [20]. Ideally, positioning errors
in a vertical direction can be bounded by fusing SINS-based
height estimate and height observations from a barometer
[21, 22], but barometers are susceptible to environmental
factors including air flow, temperature variations, air condi-
tioning systems, etc. For this reason, height error informa-
tion from external facilities, such as radio frequency identi-
fication, WIFI, and UWB, is obtained as the measurement of
EKF, resulting in integrated multi-sensor IPN system [6, 23–
25]. Unfortunately, the signal interference of different floors
will cause inaccurate estimation because there are many wire-
less access points distributed in a crowded indoor environ-
ment and the signals cannot be completely obstructed bywalls.
To address this problem, Qiu et al [26] propose a Denavit-
Hartenberg (DH) method, utilizing three inertial sensors and
the relative motion of body joints to suppress drift. However,
this method is limited by power supply, weight and synchron-
ization. In addition, Puyol et al in [27] introduce the autore-
gressive integrated moving average (ARIMA) to model ver-
tical displacement errors in IMU-based IPN system; however,
this approach is limited by high computational complexity.

The vertical displacement of pedestrians in buildings is
determined by the stair height and step number in IMU-
based IPN system [14]. Given that the height of each step in
and around the same building is fixed, the altitude is mainly

determined by the stair number of stairs crossed in each step
cycle, which is related with gait recognition [28]. Inspired by
this idea, Abdulrahim et al [29] set altitude thresholds for dif-
ferent steps during a pedestrian’s walking, and the pedestrian’s
motion state (upstairs, downstairs, and horizontal movements)
can be identified by comparing the height change value of adja-
cent zero velocity points with the altitude threshold. A major
drawback of the fixed threshold is that it cannot be adjus-
ted adaptively according to the characteristics of pedestrian
motion. Diaz et al [30] propose the height update (HUPT)
algorithm that exploits the pitch of the shoe-mounted sensor
to seamlessly recognize whether the user is walking horizont-
ally or climbing stairs. Although this method does not require
empirical thresholds, it only adapts to standard walking. In
addition, the machine learning techniques are applied to assess
and improve gait recognition accuracy [31]. Wagstaff et al
[32] train a support vector machine (SVM) classifier using
inertial data recorded by a single foot-mounted sensor to dif-
ferentiate motion types, but the classification results may be
ineffective when the level of noise is high. In [33], artificial
neural network (ANN) is used to predict motion types using
the data acquired from gyroscopes and accelerometers placed
on foot. Nevertheless, ANN has difficulty in interpretability,
and requires a large amount of data to perform better than other
techniques. The bidirectional long short-term memory recur-
rent neural network (BLSTM-RNN) [34] is proposed as a gait
classifier based on a single IMU, but requires expensive GPUs
andmultiple devices to train complexmodels. Although a vari-
ety of other classifiers have been used in previous work, such
as naive Bayes [35], decision trees [36], k-nearest neighbor
(KNN) [37], and random forests (RF) [38], their improvement
in overall accuracy is still limited.

In summary, many existing infrastructure-based, baromet-
ric or gait recognition-aided IPN systems have achieved relat-
ively high precision of vertical positioning accuracy for nor-
mal walking. However, if the locations of wireless access
points (APs) change, air pressure fluctuates, or human motion
is complicated, it remains a challenge to complete altitude
estimation. In this paper, we propose a height estimation
method, using IMU-based IPN system and online floor model-
ing. Specifically, the height variation of each step is calculated
according to INS mechanism and corrected by error compens-
ation model. Then, a gait classifier based on height variation
is constructure to estimate the priori height at each step, and
the key point library related to the floor is built or updated.
Finally, further height calibration is carried out by matching
the key point library with the priori height.

The rest of this paper consists of six sections. Section 2
expounds INS mechanization and section 3 introduces the
estimation of prior height, involving gait phase identifica-
tion, height error compensation model building, gait recogni-
tion, and estimation of a prior height. In section 4 the height
calibration with the library of floor key points is presented,
including the development for the library and floor matching.
Experiments and analysis are provided in section 5, and the
conclusion is given in section 6.

2



Meas. Sci. Technol. 35 (2024) 126302 M Xia et al

2. INS mechanization in IPN

The accelerometer contained in an IMU will output motion
accelerations when an external force is imposed. According
to Newton’s law of motion, by integrating the motion accel-
eration, the velocity and position can be estimated when the
initial attitude, velocity and position are known. Similarly, the
gyroscope in the IMU can sense the rotation of the attached
carrier. The attitude can be calculated by the integral of gyro-
scopic measurements [6].

In figure 1, we show the architecture diagram of the alti-
tude estimation algorithm based on foot-mounted IMU. In
this paper, two main coordinate frames play an important
role: the body frame {b}, formed by the axes of MEMS-
IMU, and the navigation frame {n}, locally defined with
axes consistent with the east, north, and up directions
(ENU). These two frames are demoted with the superscripts
b and n, respectively. This system only includes MEMS-
IMU, which provides the 3-axis accelerometer, 3-axis gyro-
scope, and 3-axis magnetometer readings, represented by
[fx, fy, fz], [ωx,ωy,ωz], and

[
magx,magy,magz

]
in the body

frame, respectively. Magnetometer is only utilized for IMU
initialization.

More complicated computations are necessary in IMU-
based IPN system. Oncemeasured in b-frame, the acceleration
is needed to be converted to n-frame to estimate motion para-
meters. However, the transformation of the coordinate system
is affected by earth rotation and curvature. To remove these
effects, SINS algorithm has to be implemented in navigation
coordinate system [39]. First, the rotation matrix is applied to
transform the accelerometer measurement from b-frame to n-
frame. As for the latter, since the low-cost inertial sensors are
insensitive to the rotation of the earth, calculations related to
this rotation are all ignored in SINS algorithm [40].

Navigation parameters (attitude, velocity and position) are
solved by the following differential equations:

Ċnb = CnbΩ
b

V̇n = Cnb ff
b+ gn

Ṗn = Vn
(1)

where,Cnb represents the rotation matrix to rotate a vector from
b-frame to the n-frame; Vn and Pn refer to the velocity vec-
tor and displacement respectively; gn denotes the local gravity
vector; fb represents the accelerometer measurement vector;
Ωb is the skew symmetric matrix of angular rates, defined as:

Ωb =

 0 −ωz ωy
ωz 0 −ωx
−ωy ωx 0

 (2)

where, ωx, ωy, and ωz are gyroscopic measurements from the
x-axis, y-axis, and z-axis in b-frame, respectively.

The vertical acceleration in n-frame comprises gravity
components and the gravitational acceleration cannot be fully
removed, which leads to the height channel divergence of
SINS. If pedestrian’s altitude is obtained by the double integral
of the vertical acceleration in IMU-based IPN system, height

errors will grow without boundary. Thereupon, it is necessary
to limit the height error growth.

3. Estimation of prior height

The walking gait of humans has a periodic nature. The gait
cycle consists of two phases: the stance phase and stride
phase. Since the height is constant during the stance phase,
the height changes occur mainly during the stride phase. In
addition, the height change at each step is related with the
gait state including horizontal, downstairs, and upstairs move-
ments. Thereupon, constraining vertical drift in single IMU-
based SINS solution by exploiting gait motion is our aim.

3.1. Gait phase detection

The two phases, stance phase and moving stride phase, are
repeated periodically and rapidly, each of which lasts about
0.1∼0.3 s. During the stance phase, velocity-dependent errors
are applied as pseudo-measurements to EKF, which utilizes
these measurements as correct knowledge and estimates the
errors in position, velocity and attitude. In addition, features
extracted during the stride phase play a key role in gait recog-
nition in each step cycle, so it is necessary to detect and
distinguish the two phases. To detect the gait phase during
walk, one can use a shoe-embedded high resolution pressure
sensor which perceives the pressure exerted by foot touching
the ground during the stance phase [41]. However, the main
objective of this paper is to exploit single IMU sensor, so we
will only utilize IMU data for stance or swing detection.

The stance phase of a step is usually detected based on the
total acceleration (i.e. the norm of acceleration components)
and total angular rate. Meanwhile, to increase the robustness
of detection, the sample variance of the total acceleration and
total angular rate within an appropriate time window is also
used [18]. In our IPN method, a criterion called the general-
ized likelihood ratio test (GLRT) is used for stance detection.
GLRT converts stance detection to binary hypothesis testing,
and its output can be expressed as:

Tk (a,ω) = 1
W

∑
l∈Lk

(
∥ωl∥2

σ2
ω

+ 1
σ2
acc
∥al − g*acck

∥acck∥
∥∥2) (3)

where, Lk is a sliding window with length W centered around
k, al, ωl ∈ R1×3 represent inertial measurements at l-sampling
time, σ2

acc and σ
2
ω are the variances of acceleration and angular

rate measurements respectively, ∥·∥ represents 2-norm, acck
denotes the average value of acceleration in the sliding win-
dow, and g is the local gravitational acceleration.

Then the condition for stance detection is stated as:

PHstance,k =

{
1, Tk (a,ω)< γGLRT
0, others

(4)

where, γGLRT is GLRT threshold. We can interpret the expres-
sions (3) and (4) as follows: when the mean square error of fit-
ting a vector of magnitude g with the direction of the average
specific force vector to the accelerometer data in combination
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Figure 1. Architecture diagram of pedestrian’s vertical positioning system based on foot-mounted IMU.

Figure 2. Statistics and threshold of GLRT in gait phase detection.

with the energy in the gyroscope signal, each weighted by the
quality of the measurements, falls below thGLRT, the value of
PHstance,k is 1, which indicates that IMU-mounted foot is in the
stationary period of the step cycle.

Figure 2 shows gait detection by comparingGLRT statistics
with the threshold. The GLRT statistics are relatively balanced
during the stance period, but the value fluctuates greatly in the
swing phase.

3.2. Gait recognition based on height error compensation
model

Vertical displacement in SINS is divergent because the influ-
ence of gravity cannot be completely removed from motion
acceleration. If the height difference at each step obtained
by direct integration is taken, misjudgment of the vertical
motion may occur. To estimate the vertical motion mode more
accurately, the height at each step is first compensated, and
then motion classification was performed based on the com-
pensated height.

3.2.1. Error compensation model. Error compensation
factor ζ is a key parameter of height compensation model,
as shown in formula (5). We build a compensation factor
based on an important common sense that the current state of
people upstairs and downstairs is related to the last vertical
motion state. For example, if a person is currently crossing
steps up, the next time he/she is more likely to cross steps up
than walk down or horizontally.

ζ =

{
β

1+e−∥∆h̃∥/hstr
cls> 0 or cls < 0

0 cls= 0
(5)

where,∆h̃ denotes the height difference based on SINS, cls is
the gait state, β is a positive constant, typically set to 0.13. hstr
represents the height of each stair.

After the error compensation factor is constructed, a height
compensation model is proposed, as shown in equation (6).
In this model, the movement state (i.e. horizontal movement,
downstairs motion, and upstairs motion) of a previous step
cycle affects the current height compensation method. If the
previous step is horizontal walk, the current height correction
is mainly related to the average initial elevation drift. If the
previous step is not horizontal, there is a specific proportional
relationship between the current height correction and the last
height change.

∆hcbl = (1+ ζ · sgn(cls)) ·∆h̃+(1− sgn(ζ)) · ε (6)

where, ∆hcbl denotes the corrected height difference for the
current step cycle, ζ is error compensation factor, ∆h̃ is
defined as in equation (5), ε indicates the average value of
the height error of each step in the initial stage of position-
ing. sgn(r) is a signum function whose value is 1 when r is
greater than 0,−1 when r is less than 0, and 0 when r is equal
to 0.

3.2.2. Gait recognition. Generally, gait is divided into three
states: walking horizontally, going upstairs and going down-
stairs. For horizontal walk, the elevation does not change; for
going upstairs and downstairs, the number of steps crossed can

4
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be 1, 2, 3, etc. Hence, gait recognition plays an important role
in height estimation. The set of gait classification is {0, ±1,
±2, …, ±c}. The classification result in the ith gait cycle clsi
can be described as:

clsi =

{
round

(
∆hcbli
hstr

)
∥∆hcbli ∥<

(
c+ 1

2

)
hstr

c · sgn
(
∆hcbli

)
others

(7)

where, c is a constant representing the maximum number of
stairs that can be crossed at each step, hstr denotes the height of
each stair, and round(r) is a function that rounds a real number
r to the nearest integer.

3.3. Calculation of prior height

Typically, the stair height of a multi-story building is fixed
and easy to get. Assuming that the stair height is hstr, there
are no changes of height when the pedestrian is in the station-
ary phase. On the other hand, when the motion states of going
upstairs and downstairs are detected, the height difference is
related with the motion state and stair height. Thereupon, the
updated altitude is calculated as:

hclsi = hclsi−1 + hstr · clsi (8)

where, hclsi and hclsi−1 denote the updated altitude based on gait
recognition in the ith and (i−1)th gait cycles, respectively. The
initial value hcls1 = 0.

4. Height calibration with library of floor key points

Generally, the same floor of a building has the same height.
This information can be used to eliminate cumulative errors of
vertical displacement. To achieve this purpose, it is necessary
to first identify whether the user is on a horizontal floor, then
establish a floor-height fingerprint database online, and finally,
match and calibrate the vertical displacement of users in the
floor plane with the floor-height fingerprint database.

4.1. Floor key point detection

Floor key point detection is the first step in correcting eleva-
tion using floor information. Different from traditional visual
image detection, floor key point detection utilizes inertial data
and human behavior characteristics to detect people moving
from stairs to floor planes. As shown in figure 3, there are three
key quantities to be used for floor key point detection, which
are the state of gait transition sgtrans, number of stairs climbed
nstair_clb, and parallel state of flights parlft.

The state of gait transition sgtrans refers to the transition from
flight to floor plan or to landing.

sgtrans =

 1 clsi = 0, clsi−1 > 0
−1 clsi = 0, clsi−1 < 0
0 others

(9)

where, clsi and clsi−1 are gait patterns as defined in
equation (7).

Figure 3. Floor key point detection diagram.

Figure 4. Schematic diagram of building interior structure.

The number of climbing stairs nstair_clb involves the number
of stairs stepped after leaving the previous floor plan, which is
computed as:

nstair_clb =
ncurflr∑
j=1

∥clsj∥−
npreflr∑
i=1

∥clsj∥ (10)

where, ncurflr is the total steps at the current moment, npreflr rep-
resents the number of stairs climbed when the floor was detec-
ted last time.

Flight direction is defined as the direction of the shoemoun-
ted with a sensor. Generally, there are two or three flights
between floors as shown in figure 4.

The parallel state between stair flights sftparl is described as:

sftparl =

 1 rem(∥∆ψ ft∥,pi)< γp
or pi− rem(∥∆ψ ft∥,pi)< γp

0 others
(11)

where, γp is the threshold for judging the parallel of flights,
∆ψ ft denotes the direction difference between the current
flight and the first flight after leaving the previous floor, pi is
the circular constant with a value of 3.14, and rem(a,b) is the
remainder operationwhich returns the remainder after division
of a and b (a is the dividend and b is divisor).

Based on equations (9)–(11), as well as the threshold γstair
regarding the number of stairs climbed at each floor, the user’s
floor F on which the user is located will be updated at key
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points as follows:

F=

 F+ 1 sgtrans = 1 andsftparl = 1 and nstairclb ⩾ γstair
F− 1 sgtrans =−1andsftparl = 1 and nstairclb ⩾ γstair
F others

.

(12)

4.2. Online floor modeling and floor matching

For the existing floor determination approaches, the location
fingerprint database needs to be established in advance and the
system performance depends on the number of the fingerprint
locations. We propose a different method, an online one, for
floor-height fingerprint database to correct elevation. Floor-
based environment constraints are fundamental for fingerprint
database building and matching.

4.2.1. Online floor modeling. The library of floor key points
is generated in real time during the positioning process, and
does not require external information collection in advance.
This library consists of five features {sequence number, floor
number, height of each floor, flight direction, and state of
gait transition}, which will be developed or updated when
equation (12) is satisfied. The constructed database contains
a table and follows three rules. First, each row of the table
represents the information of floors, and the floor number is
unique in the library. Second, when a person arrives at a floor
for the first time, the information on that floor needs to be cre-
ated; otherwise, the information on the existing floor will be
updated. Finally, the initial floor should be manually indicated
by users.

4.2.2. Floor matching. When pedestrians walk indoors,
there are some floor features that can be utilized to limit the
height error growth and correct the elevation. For example, at
the horizontal level of each floor, when a pedestrian walks on
a certain floor of a building or reaches that floor again, his/her
altitude remains constant and equals the height of the floor. In
addition, the height of each floor is the same except for the
ground floor and basement.

If the floor height table of a building is built, floor matching
algorithm will be performed as the floor number is updated.
We can determine which floor the user is located by compar-
ing the prior height with the constructed table. Floor matching
rules as follows:

If

min
j∈Z

√(
hclsi − hTj

)(
hclsi − hTj

)
< γmtch . (13)

Then

j* = argmin

√(
hclsi − hTj

)(
hclsi − hTj

)
(14)

hclsi = hTj* (15)

Table 1. Technical specifications of gyroscope and accelerometer in
KY-IMU102N-B0.

Sensor type

Parameter Gyroscope Accelerometer

Bias stability 1.6 ◦/h 0.03 mg
Bandwidth 200 Hz 200 Hz
Non-linearity 0.02% 0.1%

where, Z belongs to the set of floor numbers in the floor
table, hclsi is the height calculated according to equation (8),
hT denotes the height in the floor table established online, min
is a minimization function, argmin returns the variable value
when minimizing the objective function, j∗ is the optimal floor
number based on floor matching algorithm, and γmtch repres-
ents the threshold for floor matching. Note that height errors
could be estimated to provide feedback for EKF.

5. Experiments and analysis

To validate the advantages of the proposed algorithm, this
section introduces the equipment, experimental scenario, and
experimental results. First, the hardware devices are described,
including IMU and embedded processing part. Then, the per-
formance evaluation of the proposed approach is presented and
analyzed.

5.1. Data acquisition sensor and test system description

5.1.1. IMU description. The selected IMU module used in
IPN should be compact and low-powered with a relatively
large measurement range. The KY-IMU102N-B0 IMU mod-
ule produced by Beijing BDStar Navigation Technology Co.,
Ltd is chosen as our experimental device. It integrates three
orthogonal accelerometers, gyroscopes and magnetometers.
Its size is 47 × 44 × 14 mm. The output frequency of the
acceleration and angular rate is configured to be 200 Hz, and
the operating temperature range of the inertial sensor is −40
to+70 degrees. The related performance parameters are listed
in table 1.

5.1.2. Structure of the proposed system. The embed-
ded board mainly contains ultra-low power consumption
STM32F4 chip, and Bluetooth communication module (FSC-
BT816, FEASYCOM Inc. Shenzhen, China). The hardware
structure is shown in figure 5. Raw data is collected and pro-
cessed by the microcontroller in the embedded board, then the
result of height estimation is transmitted to the back-end server
through the Bluetooth module.

5.2. Field testing and results

Two experiments were carried out to verify the performance of
the proposed algorithm. To solve the problem that the height
error of SINS solution would diverge without boundary, gait
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Figure 5. Hardware structure of the proposed system.

Figure 6. IMU installation and experimental scenario in the
building.

recognition based on height error compensation model and
floor detectionwere utilized for height correction. In the exper-
iments related to this paper, the sensor module was mounted
on the rear of the left foot, on the lower part of the shoe.

5.2.1. Experiment 1—analysis and results. The first exper-
iment was conducted in Block G, the new main building of
Beihang University in Beijing, which is mainly used for teach-
ing and scientific research. Figure 6 presents the experiment
scenario in this building.

The building has eleven floors, and the whole altitude dif-
ference from the ground floor to top floor is about 43 m. The
ground floor has three segment stairs connected by two plat-
forms, and the other floors contain two flights of stairs connec-
ted by a platform. In addition, there are 33 stairs on the ground
floor, and 26 stairs on the remaining floors, each of which is
16 cm in height. At the beginning of the experiment, the user
moved a short distance along the corridor from the origin (0,
0, 0), walked up from the 2nd floor to the 10th floor, then went
down to the ground floor, and finally returned to the starting
point. The 3D walking route is shown in figure 7: the tester
starts from the blue square, moves in the direction of the red
arrow, and finally returns to the magenta lower triangle. In the
process of going upstairs and downstairs, the tester may cross
1–4 stairs in each step cycle.

In general, a pedestrian does not change his/her vertical dis-
placement during walking on a horizontal plane, but change
only for going up and down stairs. We also assume that the
altitude at the starting point is 0 m. Figure 8 shows the alti-
tude estimated by barometer, fixed threshold method, the laser

Figure 7. Three-dimensional trajectory map of pedestrians in
Experiment 1. The X-axis and the Y-axis are eastward and
northward directions, respectively. The Z-axis represents the height
relative to the starting point.

Figure 8. Comparison of altitude estimation algorithms with
different heights at each step.

rangefinder, ZUPT-aided INS and the proposed method in
the first experiment. The reference height is derived from the
interpolation method after the key point height is measured by
a laser rangefinder, which is indicated by the black dashed line.
The laser rangefinder has millimeter-level positioning accur-
acy and is suitable for measuring actual vertical trajectory.
The yellow line stands for the height track based on the baro-
meter, which are smoothed by the moving average method at
a window size of five second. The model of the barometer
is SPL06-001 (Goertek, China). During the positioning test,
the maximum single point error exceeds 3 m and root mean
square (RMS) is nearly 1.7m, caused by environmental factors
including airflow and temperature variations. Compared with
the reference value, the green line has obvious fluctuations and
is estimated by ZUPT-aided INS. Due to the altitude chan-
nel divergence, the maximum single point error and RMS
of ZUPT-aided INS are about 10.5 and 6.03 m respectively.
To suppress the altitude channel divergence of SINS, gait

7
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Figure 9. CDF of pedestrian altitude errors.

recognition is used for height estimation of pedestrians in
some documents and height error growth is updated in every
stance phase. The blue curve represents height estimation
derived from the gait classification based on fixed threshold
method. The maximum single point error and RMS of this
method are approximately 3.5 and 1.8 m, which are close to
the barometric height measurement. To further overcome the
limitations of classification effect and error accumulation, both
the error compensation model and the floor constraint work to
limit the height error growth. Elevation information estimated
by the proposed method is indicated by the red line, which is
close to the true track shown by the black line. The proposed
method is less affected by the environment and performs best
with the maximum single point error of 0.74 m and RMS of
0.12 m.

Figure 9 illustrates the cumulative distribution function
(CDF) of the altitude errors by using the fixed threshold-based
method, the barometer, ZUPT-aided INS, and the proposed
method, which are represented by the blue, black, yellow, and
red curves, respectively. The abscissa represents the pedestrian
altitude errors, and F(x) is defined as the proportion of X val-
ues less than or equal to x.

The yellow curve has a large error distribution from 0 to
15.8 m. The main reason for this result is the altitude chan-
nel divergent of INS aided by ZUPT. To limit the height error
growth, gait recognition based on the fixed threshold method
is adopted. As shown by the blue curve, the elevation error
range is 0–3.5 m, and the errors less than 2 m account for
almost 70%. The black curve denotes the height base on baro-
metric method and the error ratio above 2.3 m is 30%, which is
close to that of ZUPT-aided INSmethod. However, both meth-
ods have problems. Barometer-based method is susceptible to
environmental impact, and the cumulative error suppression
of ZUPT-aided INS needs to be further improved. The pro-
posed method, however, enhances the positioning accuracy by
constructing error compensation model and floor constraint.
The red curve indicates a relatively concentrated error, ran-
ging from 0 to 0.73 m. These results show the effectiveness of
the proposed method in height estimation.

Figure 10. Three-dimensional trajectory map of pedestrians in
Experiment 2. The X-axis and the Y-axis are eastward and
northward directions, respectively. The Z-axis represents the height
relative to the starting point.

5.2.2. Experiment 2—analysis and results. The second
experiment was conducted in Baiyan Building, an office build-
ing. The height of the ground floor is 5.1 m, the second and
third floors are 4.5 m high, and the remaining floors are 3.6 m
in height. The ground floor has four segment stairs connec-
ted by three platforms, and the other floors contain two flights
of stairs connected by a platform. Furthermore, each stair is
16 cm high.

At the beginning of Experiment 2, the tester moved a short
distance along the corridor on the 9th floor from the origin
(0, 0, 0), went down to the 5th floor, then walked across the
corridor to the staircase on the other side and went up to the
9th floor, and finally returned to the starting point. As shown
in figure 10, the tester starts from the blue square, moves in the
direction of the red arrow, and finally returns to the magenta
lower triangle.

To train and validate SVM and ANN models, we col-
lected foot-mounted inertial data from five individuals with
three separate walking trials (horizontal movement, down-
stairs motion, and upstairs motion).

Figure 11 illustrates the confusion matrices of motion
modes based on SVM, ANN, and the proposed method. The
total number of steps is 193, with 48 for both upstairs and
downstairs and 97 for horizontal walking. In each confusion
matrix plot, rows correspond to the predicted class (prediction
motion) and columns the true class (true motion). Diagonal
green cells correspond to observations correctly classified.
Conversely, off-diagonal magenta cells correspond to incor-
rectly classified observations. When the tester goes upstairs,
the proposed method has a minimum number of two misid-
entifications. In comparison with the method of this paper,
SVM generates six misclassifications because the classifica-
tion results of SVM are susceptible to high noise levels. When
the tester walks downstairs and on the ground, all of the three
methods correctly recognize the gait, except that ANN mis-
recognizes the level walking. ANN requires a large amount of
data to perform better than other techniques. The row at the
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Figure 11. Confusion matrices for motion recognition based on SVM, ANN, and the proposed method. The labels US, HW, and DS indicate
upstairs movement, level walking, and downstairs movement, respectively.

Figure 12. Comparison of heights based on different classification
methods for walking upstairs and downstairs.

bottom of the plot shows the percentages of all the examples
belonging to each motion mode and correctly and incorrectly
identified. The light grey cells are the recall and false negat-
ive rate, respectively. For upstairs movement, the recall rate of
the proposed method is 95.8%, which is 8.3 and 4.1% higher
than that of SVM and ANN, respectively. For downstairs and
horizontal walking, the recall rate of SVM and the proposed
method has reached 100%. In addition, the element on the bot-
tom right of the plot shows the overall accuracy. The overall
accuracy of the proposedmethod is 99%, 2.1% higher than that
of SVM and 1.6% higher than that of ANN. All these results
demonstrate the superiority of the proposed approach.

Figure 12 shows vertical displacements achieved by four
different methods. The reference height is derived from the
interpolation method after the key point height is measured
by a laser rangefinder, indicated by the black dashed line.
The blue curve and the yellow curve represent the altitude
measured by ANN-based method and SVM-based method,
respectively. Their performance depends on the accuracy of
gait recognition. When the user walks in a loop, compared
with the reference height, the cumulative altitude errors of the
blue curve and the yellow curve are approximately 1.2 and

Figure 13. The testing scenario at the chemical products plant of
Sinopec Yanshan petrochemical company.

1.3 m, respectively. More importantly, the cumulative error
will gradually increase. The altitude calculated with the pro-
posed method is represented by the red curve. Due to the
contribution of the error model to classification accuracy, the
estimated results based on the proposed method are close to
the reference height. Additionally, an online floor-height fin-
gerprint database is constructed during walking. Even with a
0.9 m elevation error when returning to the starting floor in a
closed-loop walk, the constraints of the floor model effectively
eliminate cumulative errors.

5.2.3 Experiment 3—analysis and results. The third experi-
ment was conducted at the Chemical Products Plant of Sinopec
Yanshan Petrochemical Company. As depicted in figure 13,
the plant environment is complex, featuring metal pipelines
and machinery. We simulated a walking trajectory of an
inspection personnel and performed repeated tests along this
inspection route. The height of the first level in this area is
4.7 m, while the second level is 9.5 m. The ground floor con-
sists of two stair segments connected by a platform, whereas
the second floor has only one stair segment without a connect-
ing platform. Additionally, each stair has a height of 0.2 m.

At the beginning of Experiment 3, the tester moved from
the origin (0, 0, 0), ascended to the 2nd and 3rd floors, walked
across the petrochemical plant area, and finally returned to the
starting point. The 3D walking route is depicted in figure 14:
the tester starts from the blue square, follows the direction

9
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Figure 14. 3D trajectory map of pedestrians in Experiment 3. The
X-axis represents the eastward direction, the Y-axis represents the
northward direction, and the Z-axis indicates the height relative to
the starting point.

Figure 15. Comparison of altitude in repeated test experiments.

indicated by the red arrow, and eventually returns to the
magenta lower triangle.

Figure 15 shows a comparison between the proposed
method and barometer-estimated altitudes for two sets of sim-
ilar trajectories. The reference heights are indicated by two
black dashed lines. The blue and yellow curves represent the
altitudes measured by the barometer, with maximum errors of
1.1 m and 1.8 m, respectively. These measurements are influ-
enced by factors such as the temperature of the plant equip-
ment and wind speed. The altitudes calculated using the pro-
posed method are shown by the red and black curves, which
are generally close. An online floor-height fingerprint database
is established during walking. Even with an error of approx-
imately 0.5 m when returning to the second floor, the floor-
matching algorithm leverages the element [1, 2, 4.7,−0.53∗pi,
1] to eliminate vertical errors. These results demonstrate the
accuracy and stability of the proposed altitude estimation
method, which combines inertial compensation and online
floor modeling.

6. Conclusion

This paper has proposed an altitude determination approach
integrating the error compensation model and the floor con-
straint for a user walking inside a multi-story building with
foot-mountedMEMS-IMU. The advantages of thismethod are
as follows. 1) When the level of noise is high, the classifica-
tion result based on error compensation model is better than
that of the traditional methods, and the overall accuracy of the
proposed method can reach up to 99%. 2) The floor matching
is proposed, totally eliminating cumulative errors. 3) The pro-
posed algorithm is robust to changes in the environment with
atmospheric pressure. 4) The proposed algorithm only requires
correlation processing of inertial signals, and pre-installation
of equipment or collection of fingerprint information is not
required. These advantages indicate the effectiveness of the
proposed algorithm in vertical localization.

In our future research, we will address the problem of elev-
ation estimation of pedestrians in the case of elevators and
escalators.
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