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Abstract

Integrating visual-inertial and wireless position estimates requires a common
coordinate frame and a fusion model that accommodates different update rates.
This paper presents a position-level fusion method for smartphone indoor posi-
tioning that combines a visual-inertial navigation system (VINS) with Wi-Fi
fingerprinting. A least-squares rigid transformation aligns the local VINS trajec-
tory with the Wi-Fi fingerprint coordinate frame, and an error-state extended
Kalman filter (ES-EKF) integrates the aligned VINS estimates with intermittent
Wi-Fi position observations. Data were collected using a Xiaomi Mi 9 smartphone
and processed offline with VINS-Mono. Five repeated trials were conducted in
each of two scenarios with trajectories of approximately 50 m and 150 m. In
the short-trajectory experiment, VINS+Wi-Fi achieved a root mean square error
(RMSE) of 0.3429 4 0.038 m, compared with 0.3821 £ 0.052 m for VINS and
0.7468 4+ 0.088 m for Wi-Fi, a 10.3% reduction relative to VINS. In the long-
trajectory experiment, the corresponding RMSE values were 0.5909 4 0.079 m,
0.8006 £ 0.121 m, and 2.1626 £ 0.345 m, a 26.2% reduction relative to VINS.
Values are reported as means and standard deviations across trials. These results
support the use of coordinate alignment and asynchronous position-level fusion
to reduce positioning error under the tested static, single-floor conditions. The
prototype required eight Wi-Fi access points and a preconstructed fingerprint
database; real-time on-device processing was not evaluated.

Keywords: indoor positioning, visual-inertial navigation, Wi-Fi fingerprinting,
multisensor fusion, error-state Kalman filtering, coordinate alignment, mobile
computing



1 Introduction

Indoor positioning supports mobile navigation, asset tracking, and location-based ser-
vices in environments where global navigation satellite system (GNSS) signals are
unavailable or unreliable [1]. For smartphone-based systems, positioning involves esti-
mating motion from heterogeneous sensor streams with different coordinate frames,
update rates, and error characteristics. The accuracy of a single sensing modality can
degrade because of signal variability, environmental complexity, or accumulated esti-
mation error [2, 3]. Multi-source approaches combine complementary measurements
to improve positioning accuracy and continuity [4, 5].

Visual-inertial odometry (VIO) combines image observations with inertial mea-
surements to estimate relative motion in GNSS-denied environments [6-10]. Image
features constrain geometric drift, whereas the inertial measurement unit (IMU) pro-
vides high-rate motion information between image frames. Nevertheless, VIO and
VINS remain locally referenced navigation methods and are susceptible to accu-
mulated drift, particularly with smartphone-grade sensors or sparse visual features
[11, 12]. Wi-Fi fingerprinting provides position observations in a predefined build-
ing coordinate frame and can therefore supply global corrections [13]. Its accuracy
and update rate are affected by received-signal-strength (RSS) variability, multipath
propagation, and environmental change [14]. These complementary characteristics
motivate a position-level architecture in which aligned VINS estimates provide con-
tinuous local motion and Wi-Fi observations provide intermittent global corrections.
Their relative contributions are determined by the modeled process and measurement
uncertainties.

Several multi-source fusion approaches have been reported. Pritzl et al. [15] com-
bined VIO with LiDAR relative localization using a linear Kalman filter and reported
a mean three-dimensional absolute trajectory error of 0.28 m, but the system required
a separate LiDAR~equipped aerial platform. Jung et al. [16] proposed U-VIO, which
tightly integrated UWB ranging with VIO in a factor graph and reported position
errors below approximately 0.2 m on a custom unmanned ground vehicle. Gao and
Lian [17] combined visual, inertial, and UWB information through graph optimiza-
tion with line-feature and non-line-of-sight processing. Kong et al. [14] combined BLE
observations with monocular VINS on a smartphone, while Wen and Feng [18] used
Wi-Fi fingerprinting for coarse localization with VIO-based refinement. Smartphone
approaches that fuse pedestrian dead reckoning, magnetic measurements, and Wi-Fi
have also been investigated [5]. Because these studies use different platforms, environ-
ments, trajectories, and error metrics, their numerical results provide context rather
than a controlled ranking. Table 1 therefore summarizes architectural and deployment
differences without treating the reported values as directly comparable.



Table 1: Comparison of representative multi-source indoor positioning methods

Method Sensors  Fusion Platform / Reported Main
strategy infrastruc- metric limitation
ture
Pritzl et al. VIO + Linear KF  Two UAVs; 3D 0.28 m mean Specialized
[15] LiDAR (loose) LiDAR 3D ATE LiDAR
platform
Jung et al. VIO + Factor UGV; UWB <0.2m UWB
[16] UWB graph anchor position infrastructure
(tight) error
Kong et al. VINS + EKF (loose) Smartphone; Not directly BLE infras-
[14] BLE BLE beacons  comparable tructure;
different
protocol
Wen and VIO + Loosely Smartphone; Not Coarse Wi-Fi
Feng [18] Wi-Fi coupled Wi-Fi radio reported localization
map
Chen et al. PDR + EKF (loose) Smartphone; Not directly PDR and
[5] magnetic Wi-Fi radio comparable map
+ Wi-Fi map dependence
Proposed VINS + ES-EKF Xiaomi Mi 9; 8 0.343 / 2D output;
Wi-Fi (position APs; radio map 0.591 m offline
level) RMSE processing

This study investigates coordinate alignment and asynchronous position-level
fusion of VINS and Wi-Fi estimates for smartphone indoor positioning. The contri-
bution lies in the system formulation, implementation, and experimental evaluation
of established estimation techniques. Specifically, the study provides: (1) an explicit
error-state filtering formulation with nominal and error states, a state-transition
model, an observation model, and covariance matrices; (2) a least-squares rigid-
alignment procedure that registers the local VINS trajectory to the Wi-Fi fingerprint
frame before horizontal position fusion; and (3) an evaluation using Xiaomi Mi 9
recordings from approximately 50 m and 150 m trajectories, with five repeated trials
per scenario and comparisons against standalone VINS and Wi-Fi. A contextual com-
parison with representative fusion approaches clarifies differences in architecture and
deployment requirements. The fusion RMSE values were 0.3429 + 0.038 m and 0.5909
=+ 0.079 m, corresponding to reductions of 10.3% and 26.2%, respectively, relative to
VINS.



2 Materials and Methods
2.1 System Architecture

The system comprises four processing stages, as illustrated in Fig. 1. First, the
smartphone records images, inertial measurements, and Wi-Fi RSS observations. Sec-
ond, tightly coupled VIO processes the camera and IMU data offline to generate
local position estimates at approximately 10 Hz, while Wi-Fi fingerprinting provides
building-frame position estimates at an effective rate of approximately 1 Hz. Third,
a least-squares rigid transformation aligns the local VINS trajectory with the Wi-Fi
fingerprint frame, after which only the horizontal coordinates are retained. Finally, a
position-level ES-EKF integrates the aligned estimates using VINS-rate prediction and
Wi-Fi-triggered correction. Sections 2.2-2.4 describe the filtering, Wi-Fi localization,
and coordinate-alignment procedures.
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Fig. 1 Overall VINS-Wi-Fi fusion positioning framework

2.2 Error-State Extended Kalman Filter (ES-EKF)

An error-state extended Kalman filter (ES-EKF) represents the estimate as a non-
linear or externally propagated nominal state plus a small error state [19, 20]. The
filter propagates the nominal estimate separately and applies Kalman prediction and
correction to the linearized error state; the estimated error is then injected into the
nominal state and reset. This formulation is common in inertial navigation because
small perturbations can be modeled locally without repeatedly estimating the full
state in additive coordinates [20]. In the present position-level implementation, both
the constant-velocity error dynamics and the Wi-Fi position observation model are
linear. The resulting algorithm is therefore equivalent in practice to a linear error-
state Kalman filter; the ES-EKF designation is retained to describe the nominal-state
injection and reset architecture. Fig. 2 summarizes the workflow.
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2.2.1 Nominal State and Error State

The Wi-Fi fingerprint coordinate frame is used as the global frame. At each update, the
system state comprises horizontal position and velocity. The full state is represented
as the sum of a nominal state and a small error state:

X = X + 0Xg (1)
The nominal state contains the horizontal position and velocity components. The
associated error state contains the corresponding position and velocity perturbations:

. T
Xy = [pz,k Dy,k Vz,k vy,k] (2)

T
5xk = [6pm,k: 6py,k: 61}1,/«: 6Uy,k] (3)

2.2.2 Error-State Dynamic Model

The nominal state is updated from the aligned VINS position and velocity outputs.
A discrete constant-velocity model is used for the position-velocity error state, and
unmodeled planar acceleration is represented by process noise:

0xp = Foxp_1 + wy (4)
The 4 x 4 state-transition matrix is:
10At 0
01 0 At
F= 001 O (5)
000 1



Here, At is the elapsed time between successive prediction steps and is computed
from the VINS timestamps (approximately 0.1 s for the nominal 10 Hz VINS output).
Wi-Fi corrections arrive less frequently, at an effective interval of approximately 1 s.
The process noise is modeled as zero-mean Gaussian noise with covariance Q. With
(. denoting the planar acceleration-noise spectral density and Is the 2 x 2 identity
matrix, the discrete constant-velocity process model is:

W ~ N(Oa Qk) (6)
4 3
ar A
712 At?1,

where q, is an empirically tuned acceleration-noise spectral-density parameter.
The implementation used q, = 0.5 m?.s73; this filter-tuning value was informed by
the observed device noise but was not obtained by directly substituting the Table 3
accelerometer noise density into Equation (7).

2.2.3 Observation Model

Consistent with the definition of the error state as true state minus nominal state,
the observation residual is defined as the Wi-Fi fingerprint position minus the aligned
VINS position:

Zj, = PWiFi,k — PVINS,k (8)
The observation model relating the observation to the error state is linear:

7z, = Héxp + v 9)
The corresponding 2 x 4 observation matrix is:
1000
= {O 10 O} (10)

The measurement noise is modeled as zero-mean Gaussian noise with covariance
Rik. Assuming identical and uncorrelated horizontal Wi-Fi-position variances, Ry is
specified as:

Vi NN(O,Rk) (11)
2
_|owim 0
Rk_[ 0 U%ViFi] (12)

The implementation uses a fixed nominal horizontal Wi-Fi position variance of
0.25 m? per axis, corresponding to a standard deviation of 0.5 m. This value is a
filter-tuning parameter rather than an empirical summary of the scenario-level Wi-
Fi RMSE. The same covariance is used in both experiments; adaptive or scenario-
dependent covariance estimation is outside the scope of this study.



2.2.4 Filter Prediction and Update Steps

Prediction Step: At each time step k, the error state and its covariance are predicted
as follows:

0%, = FoxXp_1 (13)

P, =FPy 1 FT 4+ Qg (14)
Because the error state is reset after each correction, its prior value is initialized
to zero before the next prediction step.
Update Step: When a new Wi-Fi position becomes available, the innovation covari-
ance Sy and Kalman gain Ky are first computed. The innovation residual ry is then
used to update the error state and its covariance:

Sy =HP_ H" + Ry,
Ky =P H'S; !

r, =z — Hox,,

(15)

_ (16)
0xXp = 5Xk + Kiry,
P, =(I—-K.H)P, (17)
The Kalman gain has dimensions 4 x 2, and I denotes the 4 x 4 identity matrix.
Error-State Injection and Reset: After the update, the estimated error state is
injected into the nominal state:

Xy X + 0% (18)

After the correction is injected into the nominal state, the error-state estimate is

reset to zero while the updated covariance is retained. This injection-reset operation
keeps the error state in the neighborhood in which the linearized model is applied.

oxp < 0 (19)

2.2.5 Sensor Synchronization

VINS and Wi-Fi provide position estimates at different effective update rates (approx-
imately 10 Hz and 1 Hz, respectively). The ES-EKF performs a prediction at each
VINS update using the elapsed VINS timestamp interval and applies a correction
only when a new Wi-Fi position becomes available. Between Wi-Fi updates, the nom-
inal state follows VINS and the error-state covariance grows according to the process
model. This asynchronous schedule preserves the higher-rate VINS trajectory while
applying Wi-Fi corrections at their measured availability.

2.3 Wi-Fi Fingerprinting Localization

The Wi-Fi fingerprinting subsystem provides building-frame position estimates using
weighted K-nearest neighbors (WKNN). Its processing pipeline consists of fingerprint
database construction and position estimation from query RSS measurements.



Access Point Deployment: Eight Wi-Fi access points (APs) were deployed in the
experimental area to provide signal coverage. The APs were mounted on walls at a
height of approximately 2.5 m and arranged with a reported mean inter-AP spacing
of approximately 8 m. All APs operated in the 2.4 GHz band using IEEE 802.11n.

The experimental area was discretized into reference points (RPs) on a 1.0 m grid.
At each RP, RSS measurements from all detectable APs were recorded for 60 s at an
effective rate of approximately 1 Hz, and the sample mean for each AP was stored
with the surveyed two-dimensional RP coordinate. With M APs, the i-th fingerprint
entry is represented as:

D; = {(xi,y:), [RSS] --- RSS}M]} (20)

During the positioning phase, one recorded smartphone RSS vector ronjine is used

as the query at each Wi-Fi update. Let 7; denote the mean RSS vector stored for the

i-th reference point. The WKNN algorithm ranks the fingerprints by their Euclidean
distance in RSS space:

di = ||ronline - I7‘2’“2 (21)

The K reference points with the smallest Euclidean distances are selected (K = 5

in this study). The estimated position is then computed as the weighted average of

the coordinates of these K nearest neighbors, where the weight for the j-th nearest
neighbor is inversely proportional to its RSS distance:

K
Zj:l WiPj
Pwiri = ——xg >
D1 Wy (22)
1
wj =
J dj +¢

In Equation (22), p; is the coordinate of the j-th nearest RP, d; is its RSS-space
distance, and £ = 10°% prevents division by zero. The value K = 5 and inverse-distance
weighting were used in both experiments.

2.4 Least-Squares Coordinate Alignment

VINS positions are expressed in a local three-dimensional frame established at initial-
ization, whereas the Wi-Fi fingerprint database provides horizontal coordinates in the
building frame. The alignment implementation estimates a three-dimensional rigid
transformation from synchronized VINS/Wi-Fi position pairs, with the Wi-Fi refer-
ence points embedded in a constant-height plane. Only the horizontal components of
the transformed VINS positions are supplied to the position-level filter.

The rigid transformation comprises a rotation R € SO(3) and a translation vector
t € R3:

p¢ =Rp/™S 41, ReSO®3), teR® (23)

The transformation minimizes the sum of squared residuals between the trans-

formed VINS positions and the corresponding plane-embedded Wi-Fi reference
positions:



ri(R,t) =p§ — (Rpy™ +1),

Npaired (24)
(R*,t%) = ar%min Z l|rs]|3
=1

Equation (24) is solved as a rigid Procrustes problem. The paired point sets are
centered, the cross-covariance matrix is formed, and the rotation is obtained by sin-
gular value decomposition; the translation is then computed from the two centroids.
The implementation uses the 20 most recent synchronized position pairs, correspond-
ing to an approximately 20 s sliding window at the reported Wi-Fi update rate, and
re-estimates the transformation when a new Wi-Fi position becomes available. The
transformed trajectory is then projected onto the horizontal x-y plane for fusion and
evaluation.

2.5 Reference Trajectory Acquisition

The reference trajectory was constructed from AprilTags placed at surveyed posi-
tions along the walking path. The two-dimensional coordinates of each marker were
measured relative to the building-frame origin using a Leica DISTO D2 laser dis-
tance meter (nominal accuracy +1.5 mm under favorable conditions). During data
collection, the smartphone was held at an approximately consistent height and ori-
entation while the experimenter followed the predefined path at a target speed of
approximately 1.0 m/s. Each marker passage was assigned a timestamp, and the ref-
erence positions between consecutive markers were obtained by linear interpolation
under a constant-velocity assumption. The markers were spaced by approximately 2.0
m. Because this procedure interpolates between discrete surveyed points rather than
continuously tracking the device, the resulting trajectory is treated as a reference
trajectory rather than metrological ground truth.

3 Results

3.1 Calibration Experiments

A Xiaomi Mi 9 smartphone (Qualcomm Snapdragon 855, Android 10) was used for
data collection. The device provided images from its Sony IMX586 main camera and
acceleration and angular-velocity measurements from a reported ICM-20690 six-axis
IMU. IMU samples were recorded at an effective rate of approximately 200 Hz using
the Android Sensor API with SENSOR DELAY FASTEST. Camera intrinsic cali-
bration was performed with the Kalibr toolbox [21] using a 6 x 6 AprilGrid target
with a reported tag size of 0.024 m. The estimated parameters comprised focal lengths,
principal-point coordinates, and radial and tangential distortion coefficients. Fig. 3
shows the monocular-camera reprojection residuals.

Most monocular-camera reprojection residuals in Fig. 3 lie within approximately
1 pixel, which is consistent with an acceptable calibration for the tested image
resolution. The calibrated intrinsic and distortion parameters are listed in Table 2.
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Fig. 3 Monocular-camera reprojection-error distribution

Table 2: Camera intrinsic parameter calibration results

Parameter Value Unit
fx (focal length x) 418.923 pixel
fy (focal length y) 421.084 pixel
cx (principal point x) 314.702 pixel
cy (principal point y) 240.977 pixel
k1 (radial distortion) -0.2917 unitless
k2 (radial distortion) 0.08228 unitless
pl (tangential distortion) 0.0005333 unitless
p2 (tangential distortion) -0.0001578 unitless

IMU noise characterization was performed with the open-source imu__utils toolbox
[22]. The imu_ utils-derived parameters used by the estimator include accelerometer
and gyroscope noise densities, accelerometer and gyroscope random-walk parameters,
and an estimated gravity magnitude. The reported values and units are listed in
Table 3; the estimated gravity magnitude was 9.7917 m-s2.
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Table 3: IMU parameter calibration results

Parameter Value Unit

accn (accelerometer noise density) 0.16 ms—2 Hz /2
gyrn (gyroscope noise density) 0.024 rads—! Hz~'/2
accw (accelerometer random walk) 0.00055 ms 3 Hz /2
gyrw (gyroscope random walk) 0.0002 rads 2 Hz /2
gnorm (gravity magnitude) 9.7917 ms—?

Joint camera-IMU calibration determines the relative pose (rotation and transla-
tion) between the two sensor coordinate frames. This calibration was also performed
using the Kalibr toolbox, which requires the camera intrinsic parameters, IMU noise
and random walk parameters, and a short calibration recording with sufficient rota-
tional excitation about all three axes. The resulting camera-IMU extrinsic calibration
is shown in Table 4. Under the coordinate convention used here, the rotation matrix
Rec,r maps vectors from the IMU coordinate frame to the camera coordinate frame,
and the translation vector tc ; is the position of the IMU origin expressed in the
camera coordinate frame (in meters).

Table 4: Camera-IMU extrinsic calibration results (rotation matrix Rc; and
translation vector t¢ 1)

Rotation matrix Rc r Translation vector tc ;
(m)

0.014866, -0.999881, 0.004140 -0.021640

0.999557, 0.014967, 0.025716 -0.064677

-0.025774, 0.003756, 0.999661 0.009811

3.2 Experimental Setup

Experiments were conducted on the ground floor of a university building containing
corridors, open areas, and office rooms. Two trajectory scales were evaluated. Exper-
iment 1 used an approximately 50 m closed-loop path with multiple corners, narrow
corridors, and non-line-of-sight Wi-Fi conditions. Experiment 2 used an approxi-
mately 150 m path through several rooms and a long corridor with comparatively
sparse visual features and variable illumination. The first scenario is referred to as the
short-trajectory experiment, and the second as the long-trajectory experiment.
Table 5 summarizes the experimental equipment and configuration.
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Table 5: Experimental equipment and configuration

Equipment / Parameter Specification

Smartphone model Xiaomi Mi 9 (Snapdragon 855, Android 10)

IMU sensor ICM-20690 (6-axis)

IMU sampling rate 200 Hz

Camera sensor Sony IMX586 (48 MP, {/1.75)

Camera resolution / frame rate 640 x 480 pixels, 30 Hz

Wi-Fi module Qualcomm WCN3998 (802.11 a/b/g/n/ac), reported

Effective Wi-Fi RSS update Approximately 1 Hz in the recorded log
rate

Wi-Fi AP count 8 (2.4 GHz, IEEE 802.11n)

Fingerprint grid interval 1.0 m

WKNN parameter K 5 (inverse-distance weighted)

RSS samples per RP 60 (60 s collection at 1 Hz)

Processing platform Ubuntu 18.04 (i7-9700K, 32 GB RAM, GTX 1660)
VINS framework VINS-Mono (offline tightly coupled VIO)
Coordinate alignment 3D rigid Procrustes; horizontal projection (20 pairs)
Fusion filter Position-level ES-EKF (4D state, 2D observation)

3.3 Positioning Performance
3.3.1 Experiment 1: Short-Trajectory Scenario

Experiment 1 evaluated the method on an approximately 50 m trajectory containing
10 sharp turns and passing through narrow corridors and open areas. Five repeated
traversals of the same path were recorded to quantify trial-to-trial variability. Table 6
reports the least-squares alignment parameters for one representative traversal.

Table 6: Experiment 1: Three-dimensional least-squares alignment parameters
between the local VINS frame and the building frame (representative trial)

3D Rotation Matrix R 3D Translation Vector t
(m)
-0.01867, -0.99923, 0.03457 4.06343
0.99946, -0.01771, 0.02785 1.80491
-0.02721, 0.03507, 0.99901 -0.26949
For each trial, let e; = [|[p; — Py ;ll2 denote the horizontal Euclidean position

error at evaluation sample i, where p;¥ and pl% , are the estimated and reference
positions in the same building coordinate frame. With N evaluated samples in a trial,
the error metrics are defined as follows:

12



RMSE =

1 N
N2
=1

MAX = max ey, MIN = min e;, (25)
K2 7

1N
MEAN = ; e
Table 7 summarizes the short-trajectory results. Each entry reports the mean and

standard deviation of the corresponding trial-level metric across the five trials.

Table 7: Experiment 1: Positioning accuracy comparison (mean and standard
deviation over 5 repeated trials). All values in meters

Method RMSE (m) MAX (m) MIN (m) MEAN (m)
VINS 0.3821 + 0.052  0.8244 £+ 0.105  0.0031 £+ 0.001  0.3181 £ 0.048
Wi-Fi 0.7468 = 0.088  1.3782 + 0.215  0.1223 £ 0.035  0.6437 £+ 0.071

VINS+Wi- 0.3429 + 0.038  0.7317 £ 0.089  0.0012 £ 0.001  0.2839 £ 0.035
Fi

3.3.2 Experiment 2: Long-Trajectory Scenario

Experiment 2 evaluated the method on an approximately 150 m trajectory through
multiple rooms and a long corridor. The longer path and lower visual-feature density
provide a more demanding test of accumulated VINS drift. Five repeated traversals
were recorded, and Table 8 reports the alignment parameters for one representative
traversal.

Table 8: Experiment 2: Three-dimensional least-squares alignment parameters
(representative trial)

3D Rotation Matrix R 3D Translation Vector t
(m)

0.77703, -0.28091, -0.56331 16.17930

0.34370, 0.93906, 0.00582 12.92762

0.52735, -0.19813, 0.82623 -3.13687

Tables 6 and 8 report the 3 x 3 rotation matrices and three-dimensional trans-
lation vectors returned by the alignment implementation. Only the horizontal x-y
components of the transformed positions are supplied to the position-level filter and
used in the reported two-dimensional error metrics.

Table 9 summarizes the long-trajectory results using the same trial-level metrics
and across-trial reporting convention as Table 7.
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Table 9: Experiment 2: Positioning accuracy comparison (mean and standard
deviation over 5 repeated trials). All values in meters

Method RMSE (m)  MAX (m) MIN (m) MEAN (m)
VINS 0.8006 £ 0.121  3.5338 + 0.481  0.0171 + 0.008  0.7931 + 0.115
Wi-Fi 2.1626 + 0.345  4.1872 & 0.564  0.2315 & 0.052  2.1565 =+ 0.338

VINS+Wi- 0.5909 + 0.079  2.1407 £ 0.283  0.0157 £ 0.006  0.5834 £ 0.074
Fi

In the long-trajectory experiment, Wi-Fi, VINS, and VINS+Wi-Fi produced
RMSE values of 2.1626 4+ 0.345 m, 0.8006 £ 0.121 m, and 0.5909 4+ 0.079 m, respec-
tively. Using the reported mean RMSE values, the fusion RMSE was 26.2% lower than
that of VINS and 72.7% lower than that of Wi-Fi. The across-trial averages of the
maximum errors were 4.1872 m, 3.5338 m, and 2.1407 m, and the across-trial aver-
ages of the mean errors were 2.1565 m, 0.7931 m, and 0.5834 m for Wi-Fi, VINS, and
VINS-+Wi-Fi, respectively. The across-trial RMSE standard deviation was numerically
lower for VINS+Wi-Fi (0.079 m) than for VINS (0.121 m); no inferential significance
test was performed.

3.3.3 Comparison of Short- and Long-Trajectory Performance

The fusion RMSE increased from 0.3429 m in Experiment 1 to 0.5909 m in Exper-
iment 2, while the relative reduction versus VINS increased from 10.3% to 26.2%.
This pattern is consistent with a greater benefit from intermittent global corrections
as the duration over which VINS drift can accumulate increases. However, trajectory
length, feature density, illumination, and radio propagation were not varied indepen-
dently; the experiment therefore does not isolate the causal contribution of any single
environmental factor.

4 Discussion

4.1 Performance Analysis and Comparison with Existing
Methods

The experiments show lower observed positioning errors for VINS+Wi-Fi than for
standalone VINS and Wi-Fi. In Experiment 1, VINS+Wi-Fi achieved an RMSE of
0.3429 m compared with 0.3821 m for VINS, a 10.3% reduction. In Experiment 2, the
fusion RMSE was 0.5909 m compared with 0.8006 m for VINS, a 26.2% reduction.
This pattern is consistent with the complementary roles of the two sources: VINS
provides high-rate local trajectory updates, whereas Wi-Fi supplies building-frame
position observations. Coordinate alignment allows these estimates to be combined in
a shared spatial frame, and the asynchronous update schedule accommodates their
different rates. The process- and measurement-noise covariances control their relative
influence in the filter.
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Cross-study numerical comparison must be interpreted cautiously because the
cited studies use different platforms, environments, trajectories, reference systems, and
error metrics. Pritzl et al. [15] reported a mean three-dimensional absolute trajectory
error of 0.28 m for a cooperative VIO/LiDAR system, while Jung et al. [16] reported
position errors below approximately 0.2 m for a custom UWB/VIO platform. These
values are not directly comparable with the two-dimensional RMSE reported here.
Kong et al. [14] and Wen and Feng [18] address more closely related smartphone sce-
narios, but their protocols and reported metrics are also not sufficiently matched for a
controlled ranking. The present method therefore demonstrates sub-meter RMSE only
under the tested conditions; its practical advantage is the use of smartphone sensors
and Wi-Fi infrastructure rather than dedicated LiDAR or UWB ranging hardware,
with the remaining requirement for deployed AP coverage and a fingerprint database.

Table 10 summarizes these architectural differences and the limitations of cross-
study comparisons.

Table 10: Qualitative comparison of the proposed method with representative fusion-
based indoor positioning methods

Aspect Kong et al. Wen and Pritzl et al. Jung et al. Proposed

[14] Feng [18] [15] [16]
Sensors VINS + BLE VIO + Wi-Fi VIO + VIO + VINS +
LiDAR UWB Wi-Fi
InfrastructulBLE beacons Wi-Fi radio 3D LiDAR on UWB 8 Wi-Fi APs;
map primary UAV anchor radio map
Fusion EKF (loose) Loosely Linear KF Factor ES-EKF
strategy coupled graph (position
level)
Platform  Smartphone Smartphone Cooperative Custom Xiaomi Mi 9;
UAVs UGV offline PC
Reported  Different Not reported 0.28 m mean <0.2 m 0.343 / 0.591
metric protocol / 3D ATE position m 2D RMSE
metric error
Metric Not directly No 3D ATE; Different Two
caveat comparable quantitative different task task and self-collected
comparison reference scenarios
Evaluation See cited See cited See cited See cited 5 trials per
repeats study study study study scenario
Main BLE Radio-map  Specialized UWB Radio map;
constraint deployment dependence LiDAR infrastruc- 2D output;
platform ture offline
processing
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4.2 Trajectory-Scale and Environmental Factors

The higher RMSE in Experiment 2 (0.5909 m) than in Experiment 1 (0.3429 m) is
consistent with the greater difficulty of the longer trajectory and its reported visual
and radio conditions. In Experiment 2, the maximum errors were 4.1872 m for Wi-
Fi, 3.5338 m for VINS, and 2.1407 m for VINS+Wi-Fi. The fusion method therefore
reduced the reported maximum error relative to both standalone methods in this
scenario. Because the experimental factors were not independently controlled, these
results should not be interpreted as proving that trajectory length, multipath, or
feature sparsity alone caused the observed difference.

4.3 Limitations and Challenges

Several limitations should be noted. First, the alignment requires a window of tem-
porally corresponding VINS and Wi-Fi positions, producing an initialization period
and making the result sensitive to poor early Wi-Fi estimates. Second, the reported
output and evaluation are two-dimensional and limited to single-floor trajectories.
Third, the method depends on the coverage, quality, and freshness of the Wi-Fi fin-
gerprint database; AP relocation or environmental change can degrade performance.
Fourth, the reference trajectory is based on surveyed markers and constant-velocity
interpolation rather than continuous external tracking, so its temporal and between-
marker uncertainty should be included when interpreting millimeter-level minimum
errors or excessive decimal precision. Finally, data processing was performed offline,
and neither real-time on-device latency nor energy consumption was measured.

The imu_ utils-derived estimator parameters include an accelerometer noise den-
sity of 0.16 m-s2-Hz /2 and a gyroscope noise density of 0.024 rad-s™'-Hz /2 (Table 3).
These values are estimator inputs obtained from the recorded-device calibration and
are not the nominal sensor noise floors stated in a component datasheet. The current
filter uses fixed process and measurement covariances. The Wi-Fi tuning variance of
0.25 m? per axis corresponds to a per-axis standard deviation of 0.5 m; it is a model
parameter, not the measured two-dimensional trajectory RMSE. Its suitability across
the two scenarios requires further validation. Adaptive or innovation-based covariance
estimation should therefore be evaluated under changing motion and radio conditions
[24].

The experiments were conducted in static indoor environments without crowds,
dynamic obstacles, deliberate lighting changes, or camera occlusions. References to
a complex environment therefore denote spatial characteristics such as corners, nar-
row corridors, and feature-poor regions, not demonstrated robustness to dynamic
environmental change. Evaluation under moving pedestrians, lighting transitions,
device-orientation changes, and temporary radio interference remains necessary.

4.4 Practical Implications and Future Directions

The prototype illustrates how visual-inertial estimation and wireless fingerprint
matching can be integrated for mobile indoor positioning. Data collection with a
Xiaomi Mi 9 demonstrates compatibility with consumer smartphone sensors, while
the offline evaluation leaves computational latency and on-device energy demand to
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be assessed. Deployment also requires adequate Wi-Fi AP coverage and a fingerprint
database for the target environment. Wider application therefore depends on the
following practical considerations:

Scalability: Automated construction and maintenance of Wi-Fi fingerprint
databases would support deployment across larger buildings. Crowdsourcing-based
approaches, where users’ smartphones passively collect and upload RSS measurements
during normal usage, could help maintain fingerprint databases at scale [23].

Robustness: The system should be extended to handle dynamic environments
(moving crowds, temporary obstacles) and sensor anomalies (camera occlusion, IMU
saturation, Wi-F1i interference). Incorporating outlier rejection mechanisms in the ES-
EKF update step (e.g., Mahalanobis distance gating) and sensor health monitoring
could improve robustness.

Energy efficiency: Continuous image acquisition and repeated Wi-Fi scanning can
consume substantial energy on mobile devices. Adaptive sensor scheduling, such as
reducing image-processing frequency when visual tracking is stable or requesting Wi-
Fi observations when VINS uncertainty increases, may reduce energy demand. This
trade-off should be quantified in a future real-time implementation.

Future work should: (1) evaluate additional buildings, devices, users, device orien-
tations, and motion patterns; (2) extend the method to multi-floor positioning using
barometric and floor-plan constraints; (3) incorporate robust innovation gating and
adaptive covariance estimation; (4) quantify on-device latency and energy consump-
tion; and (5) evaluate dynamic conditions including moving pedestrians, illumination
changes, camera occlusion, and temporal Wi-Fi variation.

5 Conclusions

This study presented a position-level method that combines locally referenced VINS
estimates with building-frame Wi-Fi fingerprint positions. The method includes least-
squares rigid alignment followed by horizontal projection, a position-level ES-EKF
with explicit transition and observation models, and a WKNN Wi-Fi subsystem. The
equations specify the nominal and error states, process and measurement covariances,
Kalman update, and injection-reset operation. The alignment is re-estimated over a
sliding window of synchronized position pairs.

Across five repeated trials per scenario, VINS+Wi-Fi had lower reported RMSE,
mean error, and maximum error than standalone VINS and Wi-Fi. In the approxi-
mately 50 m experiment, the fusion RMSE was 0.3429 4 0.038 m, a 10.3% reduction
relative to VINS. In the approximately 150 m experiment, it was 0.5909 £+ 0.079
m, a 26.2% reduction relative to VINS. These results support the method under the
tested static, single-floor conditions. Generalization requires additional environments,
devices, orientations, users, and radio configurations, together with a more accurate
continuously tracked reference trajectory.

The results provide a proof of concept for integrating visual-inertial and wireless
position estimates through coordinate alignment and asynchronous error-state fusion.
For mobile indoor positioning, the remaining implementation question is whether
these accuracy gains can be retained during real-time on-device processing within
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practical latency and energy budgets. Further evaluation should also address dynamic
environments, adaptive noise modeling, and multi-floor positioning.
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