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Graph-Based Indoor 3D Pedestrian Location
Tracking With Inertial-Only Perception
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Abstract—Pedestrian location tracking in emergency responses
and environmental surveys of indoor scenarios tend to rely only
on their own mobile devices, reducing the usage of external ser-
vices. Low-cost and small-sized inertial measurement units (IMU)
have been widely distributed in mobile devices. However, they
suffer from high-level noises, leading to drift in position estima-
tion over time. In this work, we present a graph-based indoor
3D pedestrian location tracking with inertial-only perception. The
proposed method uses onboard inertial sensors in mobile devices
alone for pedestrian state estimation in a simultaneous localiza-
tion and mapping (SLAM) mode. It starts with a deep vertical
odometry-aided 3D pedestrian dead reckoning (PDR) to predict
the position in 3D space. Environment-induced behaviors, such
as corner-turning and stair-taking, are regarded as landmarks.
Multi-hypothesis loop closures are formed using statistical methods
to handle ambiguous data association. A factor graph optimization
fuses 3D PDR and behavior loop closures for state estimation. Ex-
periments in different scenarios are performed using a smartphone
to evaluate the performance of the proposed method, which can
achieve better location tracking than current learning-based and
filtering-based methods. Moreover, the proposed method is also
discussed in different aspects, including the accuracy of offline
optimization and proposed height regression, and the reliability of
the multi-hypothesis behavior loop closures. The video (YouTube)
or (BiliBili) is also shared to display our research.

Index Terms—Indoor localization, pedestrians, inertial
perception, SLAM, factor graph optimization.

I. INTRODUCTION

ACCESSIBLE indoor pedestrian location tracking [1], [2] is
vital to a wide range of applications in unknown scenarios,

such as emergency response and environmental survey [3],
[4]. Location tracking approaches that utilize camera or light
detection and ranging (LiDAR) have become popular in recent
years as they provide accurate positioning solutions in unknown
environments. However, it causes high power consumption and
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hardware requirements, which is unsuitable for portable mobile
devices. The inertial measurement unit (IMU) based on micro-
electromechanical systems (MEMS) processing technology is a
low-cost and widely deployed sensor in current mobile devices
like smartphones. More importantly, it is self-contained and can
provide a continuous location in any environment [5], attracting
broad attention for indoor pedestrian location tracking.

Location Tracking using Inertial Measurements: Although
MEMS-IMU presents a clear advantage for indoor localiza-
tion, strap-down inertial navigation using MEMS-IMU suffers
from severe drift due to the high noise level. Pedestrian dead
reckoning (PDR) is an effective alternative for improving po-
sitioning accuracy with MEMS-IMU. Pedestrian step can be
detected by smartphone built-in accelerometers, then the step
length can be obtained to calculate the location based on dead
reckoning [6]. However, the drift issue remains in PDR, leading
to unusable positioning solutions in long-distance applications.
Like simultaneous localization and mapping (SLAM) based on
visual or LiDAR information, IMU data can also be fully used
in a SLAM mode to suppress error accumulation. For example,
human behaviors, such as sitting or standing still, detected by
smartphone IMU can be used as landmarks to correct the PDR
error [7]. Behavior SLAM using smartphone IMU has proven
to be an effective manner to track pedestrian locations without
external aiding sources. In addition, the generated behavior map
can also be employed for the following navigation application,
avoiding the need for the floorplan.

Challenges of Behavior SLAM: However, there are still some
issues limiting the performance of behavior SLAM. The first one
is the limited availability in 3D scenarios. In the behavior SLAM,
odometry is achieved by PDR. However, most PDR methods
based on smartphones are mainly applied to 2D scenes. Although
the vertical position can be derived by recognizing the behavior
of taking stairs, it is hard to achieve accurate detection with only
a smartphone IMU. In addition, the barometer is usually required
to provide the height. However, the barometer is easily affected
by environments, and only some smartphones are equipped with
a barometer. Another issue is that the existing behavior SLAM
is mainly based on the particle filter. However, filtering-based
methods marginalize past states and only estimate current states,
which decreases the estimation accuracy as past and current
states are connected in SLAM.

Our Contribution: To address the above-mentioned problems,
this paper proposes a novel behavior SLAM for 3D pedestrian
location tracking. The main contributions of this paper are as
follows:
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1) Inertial perception-only indoor 3D pedestrian SLAM via
smartphones: A deep vertical odometry-aided 3D PDR
system is developed, and environment-induced behaviors
are utilized to enhance tracking accuracy using only IMU
data.

2) Graph optimization with multi-hypothesis behavior loop
closures: This paper employs optimization to improve
SLAM accuracy. Multi-hypothesis behavior loop closures
are formulated to deal with ambiguous data associations,
leading to improved reliability.

3) Comprehensive experimental validation: Experiments in
different scenarios are conducted for the comparison.
Moreover, the proposed method is evaluated from multiple
perspectives.

The rest of the paper is structured as follows: In Section II,
the relevant work is discussed. In Section III, the methodology
overview of the proposed method is introduced. The proposed
method is described in detail in Sections IV and V. In Section VI,
experiments and discussions are given. Finally, Section VII
concludes the paper.

II. RELATED WORK

In indoor location-based applications, wireless signal, such
as Wi-Fi [8] and Bluetooth Low Energy (BLE) [9] are still
mainstream as it can provide absolute positioning solution.
However, this approach requires deployment and calibration
of infrastructure. It cannot be used for special applications
like responses and surveys because the availability of wireless
signals cannot be ensured.

A. Pedestrian Dead Reckoning

Nowadays, IMU has been widely integrated into smartphones
to achieve screen rotation, step count, and virtual/augmented
reality (VR/AR) experiences [10], [11], and it can also be utilized
for indoor pedestrian tracking. The pedestrian’s position can be
updated by accumulating displacements derived from the step,
a process known as PDR. PDR comprises the step detection,
step length, and heading estimation [12]. In most cases, PDR is
utilized for the horizontal position estimation, and a barometer
is required for the vertical estimation [13]. To reduce the de-
pendence on a barometer, Itzik proposed a vertical positioning
based on smartphone IMU [14]. The specific force magnitude
detects the stair period to estimate vertical step length. Boim
presented two methods for estimating the vertical position us-
ing smartphone accelerometers [15]. The integration-based and
peak-based height difference via vertical acceleration can be
obtained to form a 3D PDR. However, these methods depend on
determining the stair period, which easily fails due to high noise
and unobvious data representation with only a smartphone.

B. Learning-Based Dead Reckoning

Besides traditional model-based PDR, machine learning (ML)
has recently been exploited to achieve dead reckoning based on
inertial measurements. Chen developed IONet [16], in which
a bidirectional LSTM is formulated to regress the polar vector
using a sequence of IMU raw data. The dataset for training is

collected by an IMU on a smartphone, and the motion capture
system (MCS) is used to provide the pose ground truth. Yan
proposed RIDI [17], in which the support vector machine (SVM)
is utilized to classify the phone placement. Corrections in linear
accelerations can be estimated using regressed velocity vectors.
Then, the corrected linear acceleration is employed to obtain the
pedestrian position. Herath introduced RoNIN for estimating
horizontal position change using a sequence of IMU data [18].
IMU data is first transformed to the reference frame, and the
displacements in the reference frame can be regressed. Liu
proposed TLIO [19], where position changes and corresponding
uncertainties in the reference frame are regressed using ResNet.
Then, a stochastic cloning extended Kalman filter (EKF) is
applied to solve the pose and sensor bias. Among learning-based
methods, the availability of datasets for training is a general
problem. MCS and visual-inertial odometry (VIO) are typically
used to provide the ground truth. The former can output accurate
pose, but it can only be used in a confined space and cannot
cover the multilayers. The latter typically uses a Google Tango
phone [18], [20] to run VIO. This manner can be utilized
in multiple scenarios with stairs. However, it brings forward
high requests for training and testing data. On the one hand,
it is cumbersome to collect ideal training data since the pose
accuracy for the reference cannot be fully guaranteed with a
VIO, and the misalignment between different devices needs to be
compensated, which is not easy to estimate in most cases. On the
other hand, the accuracy of heading estimation in the testing data
can be worse; it can cause error-prone transformation, leading
to seriously compromised horizontal position regressions.

C. Behavior-Based Map Matching

More significantly, drift is always an essential issue in dead
reckoning. When there is no external data, the environment-
induced behavior is fully exploited as an observation. Some
structured features exist in indoor scenes, such as corners and
stairs. When a user turns at a corner or takes the stairs, these
behaviors occur at the corner or stairs. The locations of these
features are fixed, which can be associated with corresponding
behaviors to suppress the error accumulation [21]. A sequence
of behaviors is used to achieve the map matching [22]. Hidden
Markov model (HMM) [23] is employed to match the behavior
sequence to nodes in an indoor map network. Gu proposed
the integration of PDR and context-based behaviors based on
smartphones for urban city areas [24], in which stores, escala-
tors, elevators, corners, and corridors are considered for map
matching. Although these methods reduce the dependence on
external information, a prior floorplan is needed, leading to
limited application if the indoor map is unavailable or scenes
are changed.

D. Behavior-Based SLAM

SLAM can alleviate the positioning issue in an environment
without maps [25]. As for indoor pedestrian tracking, there
have been corresponding SLAM algorithms using Wi-Fi, BLE,
and magnetic signals [26], [27], [28]. Similarly, human behav-
iors can be regarded as landmarks to achieve the positioning
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when the prior map is unavailable. Hardegger proposed Action-
SLAM [29], in which foot-mounted and wrist-mounted IMUs
are used to recognize pedestrian behaviors as landmarks. A par-
ticle filter is then employed for state estimation. ActionSLAM
on a mobile phone [7] was proposed to use pedestrian behaviors
recognized by a smartphone, such as sitting and standing, as
observations, which can be utilized for tracking in home and
office scenarios. Abdelnasser presented SemanticSLAM [30],
an indoor tracking involving seed and organic landmarks. Seed
landmarks refer to specific objects like elevators and stairs.
Shokry introduced DynamicSLAM [31]. Besides frequently
used landmarks, some human anchors based on encounters
are introduced to improve the density of landmarks, boosting
the accuracy. Existing SLAMs based on human behaviors are
mainly extended from FastSLAM [32], a particle filter-based
state estimator. Compared with visual or LiDAR-based SLAM,
achieving reliable data association with behavior landmarks is
more challenging due to insufficient features. A particle filter
maintains multiple particles in which different hypotheses with
different data associations are included, which can improve the
reliability of data associations. However, like other filtering
methods, the particle filter also marginalizes past states, reducing
estimation accuracy.

E. Graph Optimization

Recently, graph optimization has been a popular method for
state estimation in different communities [33], [34]. Historical
states are reserved in the graph optimization. They can be
iteratively optimized with the following information, which
is more suitable for SLAM as the loop closure can connect
past and current states. This strong constraint can fully use
all the information to improve the estimation accuracy. As for
behavior-based SLAM, Liu proposed a collaborative SLAM
based on Wi-Fi fingerprint similarity and turning motion [35].
Iterative closest point (ICP) [36] is employed to match turning
behaviors. However, this manner easily causes the wrong match
as only one hypothesis exists. If one wrong loop closure is
built, all the following position estimations are influenced, and
the proper trajectory cannot be recovered. Graph optimization
with multiple hypothesis tracking can be used to achieve robust
data association. Hsiao proposed a multi-hypothesis iSAM to
handle the ambiguity in SLAM [37], which can avoid the wrong
estimates in existing approaches based on a single hypothesis.
Bernreiter presented a semantic SLAM system based on factor
graphs and a multiple hypothesis tracking mapping for dealing
with ambiguous data associations [38]. Moreover, the proposed
resampling method enables a more robust solution and requires
fewer hypotheses. Although some graph-based SLAM methods
use multi-hypothesis tracking, they aim for SLAM using vision
or LiDAR. There is still no corresponding algorithm for inertial
perception-only SLAM, whose models and data associations
differ from current ones.

F. Our Difference

To our knowledge, this is the first paper to investigate graph
optimization-based indoor 3D SLAM using behavior landmarks
with only a smartphone IMU. This work is different from our

previous work on 2D scenarios [39]. In this research, we develop
a deep vertical odometry-aided 3D PDR. We consider stair-
taking behaviors and formulate multi-hypothesis behavior loop
closures in 3D environments to suppress drift. Real-world tests in
different scenarios are performed to evaluate the performance of
the proposed method. Furthermore, this paper discusses the pro-
posed method from different perspectives, including the batch
accuracy, regression accuracy, and estimation reliability, which
cannot be found in existing literature.

III. OVERVIEW OF THE PROPOSED METHOD

The problem description, overall structure, and contribution
are indicated in Fig. 1. Indoor pedestrian location tracking
with mobile devices and low power consumption is always in
demand, and it also tries to reduce the dependence on external
infrastructure by utilizing internal sensors. IMU can be utilized
in any scene, but it is typically integrated with other sensors
to achieve indoor localization. Although many researchers have
exploited the potential of inertial-only indoor localization, the
challenges of limited availability in 3D scenarios and reduced
accuracy still exist.

The proposed method comprises 3D PDR, multi-hypothesis
behavior loop closures, and factor graph optimization, which
are marked with red dotted lines to highlight the differences. 3D
PDR is like an odometry to predict the pedestrian’s location.
Model-based PDR on a flat surface is achieved using gyro-
scope and accelerometer data. A neural network is leveraged
to regress the vertical displacements with acceleration. Then,
an inertial-only 3D PDR can be achieved to provide the location
prediction and relative constraint. As for behavior loop closures,
stair-takings and corner-turnings are built as landmarks. Multi-
ple hypotheses with different probabilities are maintained, form-
ing different data associations to ensure reliability. In addition,
N-scan back pruning [40] is employed to avoid the unlimited
growth of the number of hypotheses. Finally, multiple factor
graphs are built to achieve the state estimation. The optimization
is based on the Georgia Tech Smoothing and Mapping library
(GTSAM) [41], a library of C++ classes that implements sensor
fusion based on factor graphs. Then, the hypothesis with the
highest probability is the output.

The typical symbols utilized throughout the paper are defined
in Table I. The coordinates in this paper include the body and
world frame. The body frame, denoted as b, is aligned with three
axes of IMU. The world frame, denoted as w, originates in the
body frame at the initial instant. Its three axes point to east, north,
and up, respectively.

IV. INERTIAL PERCEPTION-ONLY 3D PEDESTRIAN SLAM

This part introduces the proposed inertial perception-only 3D
SLAM from two perspectives: a deep vertical odometry-aided
3D PDR and multi-hypothesis behavior loop closures. The
former is used to predict the pedestrian’s location, while the
latter is built and adopted as an observation to suppress the error
accumulation in PDR.
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Fig. 1. Problem description, overall structure, and contribution. In the proposed method, the input is the gyroscope and accelerometer data from a smartphone
built-in IMU, and the output is the hypothesis with the highest probability.

TABLE I
THE DEFINITION OF TYPICAL SYMBOLS

A. Deep Vertical Odometry-Aided 3D PDR

Traditional 3D PDR using smartphones can be mainly divided
into two types. In the first one, the horizontal position is derived
using a model-based PDR algorithm, and a barometer provides
the height. This way requires an additional barometric pressure
sensor and suffers from environmental factors as the pressure
is easily affected. In the second one, the position on a flat
surface is still derived by a model-based PDR method, while the
height is calculated by recognizing the motion pattern. However,
the differentiation of smartphone IMU data is not as distinct
when comparing walking on a flat surface to going up stairs.
Consequently, it becomes challenging to accurately detect the
motion and predict the location.

The potential of machine learning on smartphone-based PDR
has been fully exploited. However, they are mainly designed for
2D scenarios. Moreover, existing end-to-end PDR methods put
high demands on the datasets, and a rapid drift in the horizontal
position often occurs due to uncontrollable data. Therefore, this
paper proposes a deep vertical odometry-aided 3D PDR to solve
the above problems, which can fully make the most of the model
and data to perform self-contained position prediction in indoor
3D environments. Meanwhile, the proposal can achieve a light
data collection. A specific analysis process of the advantage in
the deep vertical odometry and proposed 3D PDR model are
given next.

Let the velocity in the world frame at the instant t0 is vw
0 , the

velocity at the instant t1 in the world frame can be expressed as
follows:

vw
1 = vw

0 + lw1 Δt, (1)

where lw1 is the motion acceleration at the instant t1 in the world
frame, and Δt is the sampling interval between the instant t0
and t1. Let intervals between all successive instants be Δt, then
the velocity at the instant tk in the world frame can be given as

vw
k = vw

0 + lw1 Δt+ lw2 Δt+ · · ·+ lwk Δt. (2)

Let us suppose a period T consists of n instants; then its
displacement in the world frame can be expressed as

ΔL = nvw
0 Δt+ (n− 1) lw1 Δt2

+ (n− 2) lw2 Δt2 + · · ·+ lwn−1Δt2, (3)

where ΔL is the displacement over a period T that consists of n
instants. Considering that abk is defined as the non-gravitational
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force sensed with respect to an inertial frame, it includes both
the motion acceleration and an opposing acceleration relative to
gravitational acceleration, known as the restoring acceleration
on land. Therefore, the restoring acceleration should be removed
from the accelerometer data to obtain the motion acceleration
lwk

lwk = Rka
b
k −Gw, (4)

whereGw is [0, 0, gw]T, andRk is the rotation matrix.Rk com-
prises the roll, pitch, and heading at the instant tk, denoted as rk,
pk, and hk. Three angles affect horizontal motion accelerations,
and the vertical motion acceleration is related to the roll and
pitch. Unlike the heading, roll and pitch can be corrected using
accelerometers. On the one hand, they are accessible in multiple
environments with any smartphone. On the other hand, they are
more reliable compared to heading estimation. Thus, the vertical
component of the (3) is extracted for further analysis, which can
be extracted as

ΔLz = nvwz,0Δt+ (n− 1) lwz,1Δt2

+ (n− 2) lwz,2Δt2 + · · ·+ lwz,n−1Δt2, (5)

where

lwz,k = − sin (rk) cos (pk) a
b
x,k + sin (pk) a

b
y,k

+ cos (rk) cos (pk) a
b
z,k − gw, (6)

where vwz,0 is the initial vertical speed in the world frame of the
period T . lwz,k is the vertical motion acceleration at the instant
tk in the world frame. abd,k denotes the d-axis specific force at
the instant tk in the body frame.

When a pedestrian is walking on a flat surface, vwz,0 can be
regarded as zero. Furthermore, vwz,0 can also be considered zero
if the period is long enough, even if the pedestrian ascends or
descends the stairs. Thus, the (5) can be simplified as

ΔLz = (n− 1) lwz,1Δt2 + (n− 2) lwz,2Δt2

+ · · ·+ lwz,n−1Δt2. (7)

It can be noticed that the vertical displacement is only related
to vertical motion accelerations obtained using accelerometer
data, roll, and pitch, in which the roll and pitch can be accessible
by fusing the gyroscope and accelerometer data. However, the
accuracy of vertical displacement ΔLz cannot be guaranteed in
actual systems if the accelerometer data is directly employed
in (7) due to the sensor error and its accumulation. Thus, a
neural network is adopted in this paper to regress the vertical
displacement based on the mapping relation in (7).

1) Architecture and Training Data Collection: This paper
leverages a 1D version of ResNet-18 architecture, adding a fully
connected layer at the end to regress the vertical displacement.
The input dimension of the network is (n− 1)× 1, which
includes n− 1 vertical motion acceleration samples, and the
output is the vertical displacement, which is expressed as

ΔL̂z,n = fResNet

(̂
lwz,1:n−1

)
. (8)

The loss function is defined as the Mean Square Error (MSE)
form, which is expressed as

LMSE =
1

N

N∑
i=1

(
ΔL̂zi,n −ΔLzi,n

)2
, (9)

where ΔL̂zi,n and ΔLzi,n are regressed and referenced vertical
displacements. N is the amount of data in the training dataset.

An iPhone 12 was used to collect the training dataset, in which
only a built-in IMU and a barometric pressure sensor are needed.
Although the barometer is easily affected by environments, it is
effortless to calibrate the observed value in the training process
by measuring the stairs, reducing the effort for collecting the
dataset. The dataset consists of over 30 sequences with 10 hours
total, covering stairs of different height changes. The training
and validation datasets include 22 and 9 sequences, and the rest
is used for testing. The Adam optimizer is used for training with
an initial learning rate of 0.0001. The model is trained for a total
of 5,000 epochs using an NVIDIA GeForce RTX 4090. Since
only an iPhone 12 was used for data collection, the regression
performance of vertical position change degrades when other
smartphones are used with the trained model. However, this
paper aims to explore the feasibility of tracking with inertial-only
perception. Therefore, only a limited dataset was formed for
training.

Unlike the horizontal movement, the vertical position change
in short period is less obvious. Therefore, this paper extends the
period T to capture the relation, leading to better regression. In
this paper, the period T is set as 10 s. When the sampling rate
of IMU is 100 Hz, the number of vertical acceleration samples
for the network is 999. It is important to note that the neural
network is used for regression after 10 s. During the initial 10 s,
we assume that the pedestrian moves on a flat surface without
any vertical motion, thus setting the vertical displacement to
zero.

2) Proposed 3D PDR Model: In the proposed deep verti-
cal odometry-aided 3D PDR model, the horizontal position is
implemented based on the traditional PDR algorithm, in which
step detection is used to estimate the step length. The step length
ΔD̂k is obtained using the Weinberg model [42], which can be
expressed as

ΔD̂k = K 4

√
âwz,max − âwz,min, (10)

where K is a pre-set coefficient. âwz,max and âwz,min denote the
vertical acceleration peak and valley in the world frame. 3D PDR
model can be expressed as

p̂wx,k = p̂wx,k +ΔD̂kcos θ̂k

p̂wy,k = p̂wy,k +ΔD̂ksin θ̂k

p̂wz,k = p̂wz,k +ΔĤk, (11)

where p̂w
i = [p̂wx,i, p̂

w
y,i, p̂

w
z,i]

T represents the position estimate of

the pedestrian at the instant ti in the world frame. θ̂k stands for
the heading at the instant tk. θ̂k is calculated by integrating the
angular rate. To restrain heading drift, the gyroscope bias must
first be removed. ΔĤk is the estimated vertical displacement
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Fig. 2. The corner-turning behavior sequence detection, in which the sequence
can be determined by two valleys of vertical angular rates expressed in the world
frame.

between two successive instants, which can be calculated by

ΔĤk = ΔL̂z,k −ΔL̂z,k−1 + p̂wz,k−T − p̂wz,k−1−T . (12)

The covariance Σ̂k can express the uncertainty of the current
position and its propagation model can be expressed as

Σ̂k = F̂kΣ̂k−1F̂
T
k + ĜkQĜT

k , (13)

where F̂k is the state transition matrix that can be described by
a 3D identity matrix. Q denotes the pre-set covariance matrix
of the noise. Ĝk is the noise matrix that can be expressed as

Ĝk =

⎡
⎢⎣cos θ̂k −ΔD̂ksin θ̂k 0

sin θ̂k ΔD̂kcos θ̂k 0

0 0 1

⎤
⎥⎦ . (14)

Equation (13) shows that the uncertainty of pedestrian position
increases with the movement. Therefore, Σ̂k is updated based
on the posterior density P(X|Y) after each optimization [41].

B. Multi-Hypothesis Behavior Loop Closures

3D PDR can provide continuous location tracking but suffers
from drift in long-distance movement as it is a dead reckoning
algorithm. Human behaviors detected by inertial data are used
as landmarks in SLAM mode in this paper, and the loop closure
can be triggered to calibrate PDR errors when the user revisits
the same landmark. The multi-hypothesis behavior loop closure
is formed to improve the reliability of the correction.

1) Behavior Landmark and Multi-Hypothesis Model For-
mulation: This paper uses corner-turning and stair-taking,
widespread in structured indoor 3D scenarios, to build land-
marks. These two types of behaviors are detected based on
empirical data from the IMU. By having the pedestrian move
several times while holding the smartphone, we can identify the
pattern and determine if a behavior occurs.

The corner-turning behaviors are detected with the angular
rate and heading. The gyroscope data is first transformed to
the world frame using the rotation matrix Rk. Then, the vertical
angular rate can be extracted, as indicated in Fig. 2. The threshold
for the turning detection is set to 20 deg/s based on empirical

Fig. 3. The stair-taking behavior sequence detection, in which the sequence
can be determined by two valleys of vertical position changes.

data when a person takes a turn. The peak is the maximum
vertical angular rate above the threshold, whose instant is marked
as to. The valley is the first angular rate of less than 2 deg/s on
both sides of the peak. There are two valleys, and their instants
are marked as to−a and to+b. Thus, the turning sequence can be
determined by [to−a, to+b].

The turning behavior can be divided into normal turn and
U-turn. The former is the corner-turning, while the latter refers
to the turning like a U shape. The U-turn cannot be formulated
as a landmark because it can occur anywhere. Thus, the heading
is introduced to differentiate the type of the turning, which can
be expressed as

Δθ̂ = abs
(
mean

(
θ̂o−a:o

)
−mean

(
θ̂o:o+b

))
, (15)

where θ̂o−a:o and θ̂o:o+b are the estimated heading sequence
from the instant to−a to to, and instant to to to+b, respectively.
The normal turn and U-turn can be differentiated by{

Normal turn Δθ̂ < θT
U − turn Δθ̂ > θT

, (16)

where θT is the threshold set as 90 deg in this paper, which is
set according to our test results.

The stair-taking behaviors are detected based on the estimated
vertical position change using the proposed 3D PDR shown in
Fig. 3. The threshold for the stair-taking detection is set to 0.1
m. The peak is the maximum vertical position change above
the threshold, whose instant is marked as to. The valley is the
first position change of less than 0.02 m on both sides of the
peak. There are two valleys, and their instants are marked as
to−a and to+b. Therefore, the stair-taking sequence can also be
determined by [to−a, to+b].

It is necessary to point out that the proposed method assumes
the smartphone is held in a texting mode, which is a relatively
stable holding mode to ensure accurate behavior detection.
Once the corner-turning and stair-taking are detected, they are
regarded as landmarks, and their positions are recorded with
the pedestrians’ positions based on the assumption that the
behavior occurs on the moving track. Unlike vision or LiDAR,
an IMU cannot sense the surrounding environment to detect

Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on May 08,2025 at 08:04:48 UTC from IEEE Xplore.  Restrictions apply. 



BAI et al.: GRAPH-BASED INDOOR 3D PEDESTRIAN LOCATION TRACKING WITH INERTIAL-ONLY PERCEPTION 4487

Fig. 4. The relationship among the moving track, confidence ellipsoid, and
known landmarks. Known landmarks inside the ellipsoid are regarded as candi-
dates for loop closures.

if the same landmark is revisited. In traditional methods, the
nearest point or similarity is often used to detect the loop closure.
However, behavior features at different locations are similar,
and unexpected behavior landmarks may exist due to incorrect
detection, which can easily cause false loop closures. Therefore,
a multi-hypothesis behavior loop closure is proposed in this
paper.

First, a statistic-based approach [43] is designed to determine
possible revisited landmarks. A confidence ellipsoid is obtained
according to the position covariance. If one landmark is in the
ellipsoid, it can be built as a potential loop closure, a hypothesis,
as shown in Fig. 4.

Let the positions of the ith landmark and the pedestrian at the
current instant be P̂w

li and P̂w
k , then transform the landmark to

a coordinate in which P̂w
k is the origin by

P̂w
c = P̂w

li − P̂w
k . (17)

Let the covariance matrices of P̂w
li and P̂w

k be Σ̂li and Σ̂k, the
covariance matrix of P̂w

c can be expressed as

Σ̂c = Σ̂li + Σ̂k. (18)

Then, multiply the transformed coordinate P̂w
c by the inverse of

its covariance matrix to obtain mutually independent coordinate,
which can be expressed as

P̂wT
nc = P̂wT

c Σ̂
−1

c . (19)

The square of the Euclidean distance based on the new coordi-
nate can be calculated, shown as

rd = P̂wT
nc P̂w

nc. (20)

The confidence probability is set as 0.95in this paper, making the
significance level 0.05. We choose this value according to the
68-95-99.7 rule in statistics. A confidence probability of 0.95 can
avoid the loss of loop closures and increased computational time.
The freedom of the position is three. Therefore, the chi-square
critical value is 7.815 by querying the chi-square distribution

table. Whether the landmark is within the scope of the confidence
ellipsoid can be expressed as{

Inside rd < 7.815
Outside rd > 7.815

, (21)

rd of all the known landmarks will be calculated to determine
the number of the potential loop closures.

There may be multiple known landmarks within the ellipsoid
when a behavior is detected, such as P̂w

l2 and P̂w
l3 shown in Fig. 4.

In addition, it is also possible that the current behavior occurs at
a new place given the inaccuracy of the covariance. Therefore,
different hypotheses with corresponding probability need to be
formed. According to the multi-hypothesis tracking theory [44],
the probability of the jth hypothesis can be calculated by

p
(
Ωj

k

)
= η

(
f (zk) p

det
k

)δ ◦ λ1−δ
new ◦ p

(
Ωj

k−1

)
, (22)

where Ωj
k is the jth hypothesis at the instant tk. η denotes the

normalizer. f(zk) and pdetk signify the probability density of
measurement and the inverse of the number of behaviors in the
ellipsoid. λnew is the average rate of behavior. When a known
landmark is found, δ is 1. Otherwise, it is 0. In the (22), the
probability density can be assumed as a normal distribution by

f (zk) = N
(
zk; ẑk, Ûk

)
, (23)

where zk and ẑk are the actual and predicted measurements. Ûk

is the covariance matrix of ẑk. In the proposed approach, the
measurement is the position difference between the landmark
and the pedestrian. Since the landmark is on the moving track,
the actual measurement can be expressed as

zk = [0, 0]T, (24)

ẑk can be expressed as

ẑk = P̂w
li − P̂

w

k , (25)

Ûk can be calculated by

Ûk = ĤkΣ̂kĤ
T
k + Ĥli Σ̂liĤ

T
li, (26)

where Ĥk and Ĥli denote the Jacobian matrices of the (25)
relative to P̂w

bk
and P̂w

li .
According to (22), the probability of each hypothesis can be

obtained. It is noted that the probability is updated only at the
instant to in the behavior sequence. In addition, it shows that
the number of hypotheses grows each time a behavior is de-
tected, leading to an increased computational burden. Therefore,
possible hypotheses will be cut using the N-scan back pruning
algorithm to maintain a certain number of hypotheses.

2) Key Point Data Association: In the proposed method, the
data association for loop closures is formulated using the corner-
turning and stair-taking behavior sequence mentioned in Figs. 2
and 3. There are three types of key points in the sequence: entry
point, middle point, and exit point, which correspond to to−a, to,
and to+b. First, two corner-turning trajectories are considered,
shown in Fig. 5. Let the red and blue lines denote the trajectories
where a pedestrian passes and revisits the same corner.

In (a), two trajectories are similar. Therefore, three key points
are all employed to formulate the data association, like the black
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Fig. 5. Two corner-turning trajectories when a person passes and revisits the
same corner. In (a), the red and blue trajectories are similar. The entry, middle,
and exit point are associated. In (b), the red and blue trajectories are different,
and only one key point is chosen for association.

Fig. 6. The stair-taking trajectories when a person passes and revisits the same
stair. Red and blue lines are two trajectories.

dotted lines. Two middle points are associated, while different
trajectories’ entry and exit points are matched according to the
moving direction. For example, if the moving directions of the
pedestrian on these two trajectories are similar, the entry points
of these two lines are matched, and the exit points are associated.
Otherwise, the entry point will be associated with the exit point.
In (b), two trajectories are different, so only one key point will
be chosen for the data association, which is also decided by the
moving direction of the pedestrian.

As for the stair-taking behavior, the red and blue lines denote
the trajectories where a pedestrian passes and revisits the same
stair, as shown in Fig. 6. In this situation, all key points can
be utilized to achieve the data association given the motion
feature of ascending and descending stairs. Two middle points
in red and blue lines can always be associated to form loop
closures. The associations of entry and exit points depend on
the moving direction of the pedestrian.

V. FACTOR GRAPH OPTIMIZATION BASED ON 3D PDR AND

BEHAVIOR LOOP CLOSURES

Unlike traditional methods, this paper first adopts the factor
graph to achieve state estimation in indoor 3D SLAM with only
smartphone built-in IMU. In SLAM, past and current states are
connected by loop closures, which means that state estimation
accuracy for historical states directly affects current estimation.
Filtering-based estimators deal with past states only once and
cannot optimize past states with the following data. It signifies
that historical errors will be introduced when loop closures are
triggered, leading to a compromised solution.

Fig. 7. The structure of the factor graph in the proposed method. 3D PDR
factor constrains successive instants, and behavior loop closure connects two
states when the pedestrian revisits the same place.

A factor graph F = (U ,V ,E) consists of two types of nodes:
the factor node fi ∈ U and variable node xi ∈ V . When a factor
contains a variable, an edge eij ∈ E exists between the factor
node and the variable node [45]. Let the noise follow a Gaussian
distribution, then the factor node can be given as:

fi (X) = ‖zi − hi (X)‖2Σi
, (27)

where X is the state set that needs to be estimated. zi and
hi(X) are the ith actual and predicted measurements. Σi is
the covariance matrix. dTΣ−1d is the Mahalanobis distance, in
which d is the residual.

Nonlinear optimization is used to solve the state by mini-
mizing the global error formed by available factors, which is
expressed by

X̂ = argmin
X

(∑
i

fi (X)

)
, (28)

where X̂ is the estimated global optimal solution.
The structure of the proposed method is shown in Fig. 7. The

blue circle with xm represents the variable node, and the yellow
circle withLij

l,n is the landmark, in which the subscript l, n is the
nth landmark and the superscript ij indicates that states at the
instant ti and tj are connected. The state vector in the proposed
method is given as

Xm = [x0,x1, . . . ,xm]

xk =
[
pwx,k, p

w
y,k, p

w
z,k

]T
, (29)

where Xm is the state set, and xk is the state at the instant tk that
includes the position. The cost function of the proposed method
is expressed as

X∗ = argmin

(
a∑

i=1

‖rp (ẑp,X)‖2Σp
+

b∑
i=1

‖rc (ẑc,X)‖2Σc

)
,

(30)
where rp(ẑp,X) and rc(ẑc,X) denote the 3D PDR and be-
havior loop closure residuals. Σp and Σc are the covariance
matrices of 3D PDR and behavior loop closure models. a
and b signify the numbers of corresponding residuals. Accord-
ing to the (11), the residual of 3D PDR can be expressed
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as

rp (ẑp,X) = pw
k − pw

k−1 −Δp̂w
k

=

⎡
⎢⎣p

w
x,k − pwx,k−1 −ΔD̂kcos θ̂k

pwy,k − pwy,k−1 −ΔD̂ksin θ̂k

pwz,k − pwz,k−1 −ΔĤk

⎤
⎥⎦ . (31)

The behavior loop closure residual can be given as

rc (ẑc,X) = pw
i − pw

j =

⎡
⎢⎣p

w
x,i − pwx,j
pwy,i − pwy,j
pwz,i − pwz,j

⎤
⎥⎦ , (32)

where pw
i and pw

j represent the two location points connected
by loop closures.

To solve (30) and obtain the estimation X∗, we first choose
X0 as a priori estimate based on previous estimations. The
Jacobian matrix of each residual in (30) is then calculated based
on X0. The Levenberg-Marquardt algorithm is used to solve
the optimization, and the iterative process is performed until the
termination condition is met. The estimated X∗ is a set of states
that includes the states at different instants. InX∗, the state at the
latest instant represents the real-time location, while the other
states denote the optimized historical locations.

VI. EXPERIMENTAL EVALUATION

The experiments were carried out to evaluate the performance
of the proposed method. In the experiments, we used an iPhone
12 and a LiDAR-inertial integrated system called Mid-360 from
Livox Technology Company. iPhone’s IMU data was utilized
to achieve the inertial-only 3D pedestrian SLAM. Mid-360 was
used to run the FAST-LIO [46] to provide accurate ground truth.
Considering that our proposed method only uses the smartphone
IMU, the Mid-360 is sufficient as the reference system. In
the Mid-360, the gyroscope and accelerometer noise levels are
approximately 4.5 mdps/

√
Hz and 100 µg/

√
Hz, respectively.

Experimental scenarios include an office building and a broader
site composed of stairs with different vertical position changes
on campus. The experimental scheme is shown in Fig. 8. The
smartphone is held in a texting mode to collect the data.

A. Evaluation Methods and Metrics

As for the comparison, the following methods are included,
which can be summarized as:

1) 3D-PDR [14]: which tracks the pedestrian’s location with
the model-based dead reckoning.

2) RoNIN: [18] which calculates the pedestrian’s location
based on the regressed displacements from the neural
network. Specifically, we used the RoNIN ResNet model,
hereafter referred to as RoNIN. We trained a model using
a self-collected dataset for RoNIN, adjusting the window
size to adapt to 100 Hz IMU data. ARKit was employed
to provide the reference for training.

3) PF-SLAM [7], [30]: which tracks the pedestrian’s location
based on the 3D-PDR and behavior loop closures with a
particle filter framework.

Fig. 8. The experimental scheme. A LiDAR-inertial integrated system was
used to provide the ground truth. Test scenarios include the office building and
multistorey complex.

4) Pro-RO: the proposed method in a real-time estimation
mode, in which only past and current information are used.

5) Pro-PO: the proposed method in an off-line mode, where
all information is used to recover the pedestrian’s trajec-
tory.

To qualify the positioning error, the absolute trajectory error
(ATE) and relative trajectory error (RTE) are used.

B. Experiment in the Office Building

An experimental test was first carried out in an office building,
covering a three-floor moving track, whose length is about
593 m.

The 3D trajectory comparison among 3D-PDR, RoNIN, PF-
SLAM, and Pro-RO in the office building is shown in Fig. 9.
Horizontal and vertical positioning error comparison is given
in Fig. 10. The horizontal positioning error is calculated as the
square root of the sum of the squares of the errors in the X and
Y directions. It can be noticed that the trajectory estimations in
3D-PDR and PF-SLAM are worse than RoNIN and Pro-RO due
to the significant errors in the vertical position. Furthermore, the
erroneous vertical position estimation easily gives rise to false
loop closures, influencing the estimation for horizontal position,
like the increased horizontal positioning error of PF-SLAM in
Fig. 10. Although RoNIN can achieve better vertical position
estimation than 3D-PDR and PF-SLAM, its horizontal position
has more significant errors since RoNIN directly regresses the
displacements in the world frame, which is easily affected by
the heading uncertainty.

The proposed method shows better trajectory estimation than
traditional approaches, with more minor horizontal and vertical
positioning errors. First, the proposed method can provide a
better vertical position solution to guarantee the prior position
for loop closure formulation is in a reasonable range, avoiding
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Fig. 9. The trajectory comparison among 3D-PDR, RoNIN, PF-SLAM, and Pro-RO in the office building.

Fig. 10. The horizontal and vertical positioning error comparison among 3D-
PDR, RoNIN, PF-SLAM, and Pro-RO in the office building.

the case of PF-SLAM in which a wrong trajectory is calculated,
even the multi-hypothesis tracking is used in the particle filter.
Second, the proposed method can make the most of behavior
loop closures to suppress the error accumulation. The 3D posi-
tioning ATE and RTE comparison is presented in Table II.

C. Experiment in the Multistorey Complex

Another experiment was conducted in a multistorey complex
to evaluate the proposed method’s performance further. In this
scenario, the length of the moving tracking is about 583 m.

The trajectory comparison among different methods is shown
in Fig. 11. The error comparison for the horizontal and vertical

TABLE II
THE 3D POSITIONING ATE AND RTE COMPARISON AMONG 3D-PDR, RONIN,

PF-SLAM, AND PRO-RO IN THE OFFICE BUILDING

TABLE III
THE 3D POSITIONING ATE AND RTE COMPARISON AMONG 3D-PDR, RONIN,

PF-SLAM, AND PRO-RO IN THE MULTISTOREY COMPLEX

position estimation is given in Fig. 12. It can be noticed that the
vertical positioning error in 3D-PDR and PF-SLAM still shows
worse estimation results than RoNIN and Pro-RO. Moreover, it
can be observed that the trajectory of RoNIN deviates from the
ground truth due to the compromised horizontal position. As for
Pro-RO, it shows that its trajectory is closer to the ground truth
than other methods. Although there are drifts in some segments,
the PDR errors can be calibrated when the behavior loop closure
is triggered. The 3D positioning ATE and RTE comparison is
shown in Table III.
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Fig. 11. The trajectory comparison among 3D-PDR, RoNIN, PF-SLAM, and Pro-RO in the multistorey complex.

Fig. 12. The horizontal and vertical positioning error comparison among 3D-
PDR, RoNIN, PF-SLAM, and Pro-RO in the multistorey complex.

D. Discussion: Estimation Performance Between the Particle
Filter and Factor Graph Optimization

In Sections B and C, the pedestrian’s vertical position in
PF-SLAM is estimated by detecting stair-taking behaviors and
accumulating the height of each stair step, and it can cause false
loop closures, leading to severely reduced positioning accuracy.
In this part, the proposed deep vertical odometry-aided 3D PDR
is also leveraged in PF-SLAM to achieve the position prediction.
Based on the variable-controlling scheme, we can evaluate the

Fig. 13. The 3D positioning error comparison between PF-SLAM and Pro-RO
in the office building.

advantage of the factor graph optimization compared with the
particle filter.

Fig. 13 present 3D positioning error comparisons between
the PF-SLAM and Pro-RO in the office building. It is ob-
served that the positioning error of PF-SLAM is decreased
compared to the counterpart in Section B as more accurate
position prediction can be employed to determine loop closures.
However, Pro-RO still outperforms PF-SLAM. The main rea-
son is that the particle filter can only estimate current states,
which means that the past states cannot be further optimized
with the following information. When the pedestrian revisits
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TABLE IV
THE 3D POSITIONING ATE AND RTE COMPARISON BETWEEN PF-SLAM AND

PRO-RO IN THE OFFICE BUILDING AND MULTISTOREY COMPLEX

Fig. 14. The trajectory comparison between Pro-PO and ground truth in the
office building.

the same place, the known landmark is used to update the
current position and the landmark’s error will also be intro-
duced into the current estimation. On the contrary, the factor
graph can iteratively optimize the past state, reducing the error
in visited landmarks. Thus, a better state estimation can be
achieved.

The 3D positioning ATE and RTE comparison in the office
building and multistorey complex is given in Table IV. It shows
that the ATE of Pro-RO is reduced by 60% and 62% compared
with PF-SLAM.

E. Discussion: Estimation Performance Between the Offline
and Real-Time Optimization

In above parts, Pro-RO is used to compare in real-time sit-
uations. Compared to filtering, factor graph optimization can
improve the estimation performance for the whole trajectory via
offline batch optimization, which can be used for post-analysis
and track reuse for other applications.

In this part, the estimation performance of Pro-PO is given,
which is shown in Fig. 14. Unlike Pro-RO in Fig. 9, the trajectory
estimated by Pro-PO is smoother than real-time results. The
main reason is that Pro-PO can use all information to obtain
a trajectory, while only past data relative to the current instant
can be used by Pro-RO. Therefore, it can be noticed that some
segments in Pro-RO present drift as the position cannot be
calibrated until the subsequent loop closure is triggered.

The 3D positioning ATE and RTE comparison between Pro-
RO and Pro-PO in the office building and multistorey complex
is shown in Table V. The ATE of Pro-PO is reduced by 48% and
34% compared with Pro-RO.

TABLE V
THE 3D POSITIONING ATE AND RTE COMPARISON BETWEEN PRO-RO AND

PRO-PO IN THE OFFICE BUILDING AND MULTISTOREY COMPLEX

F. Discussion: Height Estimation Performance Between
RoNIN and the Proposed Method

In this part, the estimation effect of the proposed deep vertical
odometry is evaluated. The height change regressed by RoNIN
and the proposed method is compared in Fig. 15. In RoNIN,
the accelerometer data in the world frame is directly utilized as
the input for the neural network, and the period of IMU data
for regression is relatively short. It is difficult to accurately
differentiate the IMU data in a short interval, especially in
the vertical direction. It is noticed that the RoNIN regresses
some height change even though the pedestrian is walking on
a flat surface. In the proposed method, we use vertical linear
acceleration as the input to guarantee the learnable terms in deep
learning [47]. Moreover, we extend the period to let the network
capture the prolonged features of IMU data. It indicates that the
proposed approach can regress height change more accurately,
as shown in Fig. 15(b).

The vertical position estimation comparison between RoNIN
and the proposed method is presented in Fig. 16. It shows that
the vertical position estimated by the proposed method is closer
to the ground truth. Given that the less accurate height changes
are regressed by RoNIN, thus leading to a compromised vertical
position.

G. Discussion: Reliability of the Proposed Method

This paper formulates a multi-hypothesis factor graph for the
ambiguous behavior-based data association. This part first gives
the advantage of multi-hypothesis tracking compared to general
factor graph optimization, which is based on a single hypothesis,
denoted as S-FGO.

The trajectory comparison between S-FGO and ground truth
in the multistorey complex is given in Fig. 17. The loop closure in
the S-FGO is determined by the matching method in [35]. It can
be noticed that S-FGO cannot correctly estimate the pedestrian’s
position. There are some sudden changes in the track due to the
false loop closure. In this method, the false loop closure often
occurs as only one hypothesis is considered, easily leading to
the wrong data association.

In addition, this paper discusses the performance of the
proposed method when confronted with false loop closures.
Pro-PO(lr) is introduced in this section. In fact, Pro-PO(lr) and
Pro-PO share the same algorithm. The difference lies in the
average rate of behavior, which is smaller in Pro-PO(lr). Fig. 18
shows the partial trajectory from the beginning to the point where
the first false loop closure occurs. On the right side of Fig. 18, the
ground truth indicates a stair-taking behavior. However, there is a
false loop closure in Pro-PO(lr), leading to an incorrect trajectory
estimation. Fig. 19 shows the entire trajectory, and we can see
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Fig. 15. The height change regression comparison between RoNIN and the proposed method.

Fig. 16. The vertical position estimation comparison between RoNIN and the
proposed method.

Fig. 17. The trajectory comparison between S-FGO and ground truth in the
multistorey complex.

that Pro-PO(lr) fails to track the location accurately, whereas
Pro-PO succeeds.

Even though the chance of incorrect loop closures is small,
it can still be considered the output if other probabilities are
smaller. If a false hypothesis dominates, the method cannot
recover from it. However, increasing the average rate of behavior
can address this issue. A higher average rate makes it more likely
to represent a new landmark. While this may result in the loss

Fig. 18. The false loop closure in Pro-PO(lr) in the multistorey complex.

Fig. 19. The trajectory comparison between Pro-PO(lr) and Pro-PO in the
multistorey complex.

of loop closures, it prevents incorrect trajectory due to unex-
pected data associations. When more behaviors are detected,
the probability of the hypothesis with correct data association
will increase. Then, it will be used as the output.

VII. CONCLUSION

In this paper, we propose a graph-based indoor 3D pedestrian
SLAM system with inertial-only perception. We first propose a
deep vertical odometry-aided 3D PDR method to address the
prediction failure in current model-based and learning-based
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methods. Then, we form a graph optimization with multi-
hypothesis behavior loop closures to handle the compromised
estimation accuracy and ambiguous data association in existing
behavior SLAM. Experimental results indicate that the proposed
method can suppress the drift and outperform existing methods.
Moreover, this paper discusses the advantage of the factor graph
in pedestrian SLAM over the filtering-based algorithm. The
offline trajectory estimation is also discussed. It shows that the
proposed method based on batch optimization can achieve a
better solution. Finally, the height regression and reliability of
the proposed method are analyzed.

In the future, we will introduce more behaviors to increase
the density of landmarks for SLAM, such as door opening,
elevator taking, and escalator taking. Therefore, deep learning
needs to be introduced to recognize more complex behaviors and
enhance detection accuracy when the smartphone is not held
stably. Considering that the proposed method may fail when
the pedestrian starts taking stairs at the beginning, we will also
design a transfer. This transfer can use fewer seconds of data
to regress the vertical displacement at the start. In addition, we
will collect IMU data from different phone models to develop a
more comprehensive model, allowing this method to be used on
multiple smartphones.
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