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Abstract— Integrated aerial Platforms (IAPs), comprising
multiple aircrafts, are typically fully actuated and hold signif-
icant potential for aerial manipulation tasks. Differing from a
multiple aerial swarm, the aircrafts within the IAP are intercon-
nected, presenting promising opportunities for enhancing local-
ization. Incorporating the physical constraints of these multiple
aircrafts to improve the accuracy and reliability of integrated
aircraft positioning and navigation systems is a challenging
yet highly significant problem. In this paper, we introduce a
distributed multi-aircraft visual-inertial-range odometry system
that analyzes the position, velocity, and attitude constraints
within the IAP. Leveraging constraint relationships in the IAP,
we propose corresponding methods that tightly fuse visual-
inertial-range odometry and kinematic constraints to optimize
odometry accuracy. Qur system’s performance is validated
using a collected dataset, resulting in a notable 28.7% reduction
in drift compared to the baseline.

I. INTRODUCTION

In recent years, the aircraft has attracted the attention of
numerous researchers because of its merits in maneuverabil-
ity [1] - [2], [21] - [25]. It is also noticed that the under-
actuation property in the traditional aircraft has prevented
it from becoming effective manipulation platforms. Yet, the
integrated aerial platform (IAP) composed of multiple aerial
platforms is usually fully-actuated, While the IAP system
has the potential to advance the payload of by increasing
the number of aircrafts involved [3], Because of the above
advantage, the IAP is a ideal platform for manipulation and
observation [26] - [33].

To achieve the functionality of multiple aircrafts, obtaining
precise poses for these vehicles is of paramount importance.
The necessity for streamlined and precise positioning and
navigation of multiple aircrafts holds significant relevance
for control and planning algorithms.

There has been substantial research on the localization
problem of multiple aircrafts, e.g., fusing the odometry,
LiDAR, and UWB, and so on [4] - [8]. These methods aim to
optimize the multi-aircraft SLAM technology by leveraging
mutual observations between the aircraft and integrating
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Ultra-Wideband (UWB) distance measurements as additional
constraints. By incorporating these constraints, it was seen
that the positioning accuracy of the multiple aircraft can be
improved.

However, differing from a multiple aerial swarm [9], [10],
the multiple aircrafts within the IAP are interconnected.
These interconnections hold the potential for utilization in the
context of localization. The pose of one vehicle is interrelated
with the pose of its connected counterpart. This information
can be leveraged to amalgamate the odometry data from
multiple aircrafts within the IAP, potentially enhancing lo-
calization accuracy. This becomes particularly crucial for the
multiple interconnected aircraft in the IAP to collaborate
effectively in unfamiliar environments. The incorporation
of physical constraints into the onboard positioning and
navigation systems of the IAP presents a novel challenge
that has not been extensively explored in previous research.
Hence, it represents a challenging yet highly meaningful
problem to address.

This paper introduces a novel approach to multi-aircraft
odometry technology through the application of physical
constraints. Specifically, a odometry fusion method is pre-
sented for IAP, which capitalizes on prior knowledge of
distance and attitude velocity constraints. By analyzing the
kinematic constraints within the IAP, the paper establishes
a distributed optimization problem that tightly integrates
odometry with these kinematic constraints. Since the IAP’s
kinematic constraints solely comprise relative pose informa-
tion, to further enhance localization accuracy, the distributed
fusion is combined with a UWB anchor range data fusion
module. The ranging data from anchors can provide absolute
information to the odometry, suppressing odometry drift.
To experimental validate the proposed approach, dataset on
two types of TAPs are constructed. On the self-constructed
dataset, it is demonstrated that this combination significantly
improves the localization accuracy.

The main contributions of this article are,

e We propose a theoretical framework to analyze the
position, velocity, and attitude constraints induced by
the multiple aircrafts in the IAP, and propose the cor-
responding method to optimize the odometry accuracy.
Our proposed approach improves the localization qual-
ity of the IAP, and we refer to this framework as Visual-
Inertial-Range-Physical Odometry(VIRPO).
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II. SYSTEM OVERVIEW
A. Variable Symbol

N represents the total count of aircrafts in the Integrated
Aerial Platform (IAP), denoted as the set {ID,,}, where n €
{0,1,2,..., N}. To ensure clarity, we define {IDgy} as the
central platform of the TAP.

{L,} represents the local odometry frame of {ID,, }, with
its z-axis aligned to the direction of gravity.

{B,} and {C,,} denote the IMU body frame and camera
frame of {ID,,}, respectively.

{W?} represents the world coordinate system. The compu-
tation of the transformation matrix between {W} and {L}
relies on actual data from the motion capture system. ‘i‘ijt
and %Tmm refer to the rotation and translation compoynents
of the transformation matrix, mapping the local system {L;}
of the i-th sub-aircraft to the world system {1}

(+)wy- represents the xyz component of the vector (-).

[q]zy- represents the Euler angle vector from a quaternion
q.

Sx.:Sy.4; Sz, signify the orthogonal basis of the coordi-
nate system {A} within the world system.

B. Mechanical Structure and Dataset Collection

We conducted data collection using two types of integrated
aircraft platforms: a star-shaped Integrated Aircraft Platform
(SIAP) and a line-integrated aircraft platform (LIAP). Both
of them incorporate a central platform. IMU and PX4 flight
control were deployed on both the central platform and each
sub-aircraft, while ZED cameras were attached to each sub-
aircraft. A spherical joint connects the sub-aircraft to the
central platform, resulting in relative motion between the
sub-aircraft and the IAP. The mechanical structure diagram
of the IAP is depicted in Fig. 1a and Fig. 1b. Data acquisi-
tion took place within an Indoor Infrared Motion Capture
System, providing centimeter-level positioning results for
the IAP through surrounding infrared cameras.During the
experiments, the virtual simulation will utilize ground-based
UWRB anchors, with their positions based on the ground truth
values from the motion capture system. The algorithm will
then utilize simulated distance measurements between the
aircraft and these virtual anchors.
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Fig. 1: (a) and (b) represent the mechanical structures of the
SIAP and LIAP.

III. METHODOLOGIES
A. Tightly Coupled Multi VIRPO

The VIRPO algorithm, as depicted in Fig. 2, operates on
each sub-aircraft, utilizing onboard cameras, IMUs, UWB

sensor data, and data from the IAP. It integrates UWB
ranging data and incorporates the IAP’s physical constraints
into VIRPO to enhance localization accuracy. The improved
results are shared among sub-aircraft. This algorithm is built
upon the open-source VINS-Fusion code [11], incorporating
UWRB and physical structure constraints into the localization
process. The exchanged data, which encompasses pose,
velocity, and angular velocity, undergoes Bundle Adjustment
(BA) optimization. This optimization encompasses position,
velocity, angular velocity, and UWB residuals within the
VIRPO framework, as illustrated in Figure 3.
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Fig. 3: In the tightly coupled formulation of VIRPO, the
sliding window integrates information from IMUs, visual
inputs, physical constraints, and UWB measurements.

The state vector of the i-th sub aircraft is defined as
x' = [xo,xl,xQ...xK,xlg, A0s ALeeeAng]
X = [pbk s Vb, by, bau bg]

where x} is the IMU state at the time when the k-th image
of i-th sub-aircraft is captured. It contains position, velocity,
and orientation of the IMU in the ¢-th aircraft’s local frame
{L;}, acceleration bias b, and gyroscope bias bg in the
IMU body frame. K is the total number of keyframes. \’,
is the inverse distance of the m-th feature of i-th sub-aircraft
from its first observation. A visual-inertial-UWB-physical
constraint bundle adjustment is performed to estimate the
states. The formulation of ¢-th sub-aircraft is

Iniin{Hrp - HpXiH2 + Z ||rmertial(22:+1’Xi)”i,bk

x keB bt1

+ Z ||rvisual(i$r}§axi)”2pfylf
(m,k)ee

e P+ e (0 P2
kg O F)IE s + ewun ', T

+ S rarin X2
0F#£1
‘ ‘ (1)
where T;nertial (ig’;ﬁ ,X") and Tyisuar (27, x') are residuals
for IMU and visual measurements, respectively, 8 is the
set of all IMU measurements, € is the set of features that
have been observed at least twice in the current sliding
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Fig. 2: In the TAP, each sub-aircraft utilizes data from cameras, IMUs, UWB sensors, and odometer data from the IAP in
BA optimization to execute the VIRPO algorithm. Additionally, it shares its own odometer data with other sub-aircraft.

window, r, H,, are the prior information from marginaliza-
tion, Trp(X'), Tro(X?), Tre(x') are residual for position,
angular, velocity and attitude constraints between sub air-
craft, v 5(x") is residual for UWB measurements. F, J
represents the set of pose data obtained for the other sub-
aircrafts in the IAP (including the central platform) and
the corresponding set of UWB range data. o;, 0y, Oatt,
and o4 represent the covariance of the position, velocity,
attitude, and range constraints, respectively. In light of the
observed accumulated drift errors in other aircraft within the
IAP, we incorporate residual drift error terms ||rq,;¢+(x°)||
from these aircraft into our tightly coupled optimization. This
inclusion aims to enhance the robustness of our system and
mitigate the influence of outliers. The detailed information
of the residual terms will be presented in Sections III-C to
II-E. The Ceres solver is used for solving this nonlinear
problem in our implementation.

B. Visual and Inertial Residual

1) IMU Preintegration and IMU Measurement Residual:
A IMU can measure the acceleration a and the angular
velocity w of the body frame with respect to the inertial
frame. However, the raw measurements w and a are affected
by bias and white noise [12]. We adopt a continuous-
time quaternion-based IMU preintegration method, which
includes handling IMU biases and employs the kinematics
described in [5]. This approach avoids the need for re-
propagation when the body state changes, and the pre-
integrated measurements serve as constraint factors between
successive keyframes. When IMU bias changes with a small
increments [13], instead of computing pre-integrated mea-
surements iteratively, use a first-order approximation to up-
date [14]. The residual of IMU preintegration measurement
is referenced from [11].

2) Visual Measurement Residual: Referring to the VINS-
Fusion approach, using the measurement error of the camera
defined on the unit sphere [11], consider the m-th feature
observed first in the k;-th image, the residual for the feature

observation in the ko-th image is defined as
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C. Drift Residual

Despite obtaining the transformation matrices for {L} and
{W} through the motion capture system, minor errors may
arise due to factors such as time delays and measurement
precision. Additionally, the execution of VIRPO by the sub-
aircraft introduces cumulative drift errors. Therefore, the
optimization process integrates the drift biases from other
aircraft’s pose data. VIO involves four degrees of freedom,
as outlined in [15], encompassing translations along the
xyz-axis and yaw rotation. The drift can be appropriately
described as a random walk of the local odometry frame, as
discussed in [16]:

LWTtk+1 :LW Ttk +N(07 Uczlrift)

LWTtk = 5E/TtkEVTk
Based on the models for IMU bias and the analysis of VIO
drift modeling in reference [17], it is essential to maintain a
consistent time interval 5EVT between adjacent frames with a

small time gap. Consequently, the residual can be expressed
as:

3

K
Tarift(X°) = Z Z ||5E£th+1 - 5?2th|| )
k=0jeFy?

D. Kinematic Constraints Residual

The VIRPO algorithm determines the aircraft’s velocity,
position, and attitude in the coordinate system {L}. It
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carefully accounts for the interaction between the spherical
joint connection and the aircraft’s structural integrity to
compute the velocity and position of the spherical joint
within {L}. Subsequently, the transformation matrix linking
frame {L} with frame {W?} is utilized to determine the
velocity and position of the spherical joint within frame
{W}. The position of the spherical joint in frame {B} of
the sub-aircraft, with the carrier system situated in the right-
front-upper, is denoted as ,,p(0,0,x). Here x signifies the
precise Euclidean distance between the spherical joint and
the IMU, a value that can be determined with a high degree
of accuracy through measurement. Subsequently, the position
and velocity of the spherical joint in the {W} is derived as
expressed in the following formula:

ggpij :K Trot (Lipij + qij ﬁ;p) +LVK Ttran (5
Pivig = (a;,) " vy, (6)

Vi, ="Vt wi X P ™

v =a, By v =Tl vi) ®)

where w,{j represents the angular velocity of aircraft ¢ at
time ¢;. It is obtained by subtracting the gyro zero drift bg
from the IMU data w. Let F; denote the set of physical
constraint’s measurements between the k-th keyframe and
the (k + 1)th keyframe of the {ID;}. The pose data at
t; between the two keyframes is acquired through pre-
integration.

1) Position Constraint Residual: The separation between
spherical joints within the IAP remains constant and can
be accurately measured. To illustrate, consider the spherical
joint associated with the aircraft o; and o,. We denote [° °2
as the Euclidean distance between the respective spherical
joints of the aircraft o; and o,. This measurement leads to
the derivation of positional constraint residuals for the IAP:

|5 Pyt — pez|l =1 9)
po (GPit, Wpet) = |lgpet — §pel =1 (10)

rkp(Xi) =

K
S S e (Epi Epell an

o€{ID} o#i k=0 jeF}

2) Angular Velocity Constraint Residual: The angular
velocity of a rigid body can be computed based on the
velocities and positions of three points that are not collinear
on the rigid body. Utilizing formula (12) to compute the
angular velocity of the central platform based on the velocity
and position of the three spherical joints, the velocity residual
of the physical constraint, along with the residuals of velocity
and angular velocity, can be expressed as follows. Here,

ggnt orwt; Tepresents the angular velocity at time ¢; of the

central platform IMU:

r3:p0102 Xp0103:7,,3e3 T"LJ:p’LOl'pJOI
A — %(TOQ O3e3 . v01 o2 7,02 0283 . V01 03)
r
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H = 3 To303€ 'V r e v (]2)
— 1 [}\I—l—ﬂ( 0102)] 0102+
estW = 70202 | 20303 v p

[T+ Qv )lp” |

where I is a identity matrix and €2 is skew-symmetric matrix
of a vector. The residual equation for velocity constraints is
derived as follows:

Tky (XZ) = Z Z Z ‘ | ||estwt] ||g(énte7'wtj | ‘ ‘ |
Ol,OQe{ID} k= OJE}—"
01F#027#1 0171
(13)

3) Attitude Constraint Residual: In the case of an IAP
comprised of multiple sub-aircraft, the combined positions
of these sub-aircraft can be utilized to infer a partial ori-
entation for the central rigid body. The central rigid body’s
flight control module integrates a 9-axis IMU sensor, which
further enhances the accuracy of attitude estimation for the
central rigid body. The PX4 flight control module employs
a standard Extended Kalman Filter (EKF) for estimating the
orientation of {By} with respect to {L¢}, denoted as é‘éR.
It is essential to emphasize that the {Lo} serves as a fixed
reference frame. This reference frame is frequently referred
to as the ENU (East-North-Up) frame within the PX4 flight
control module.

In the scenario of a non-collinear deployment of SIAP, the
unit normal vector of the plane formed by the three spherical
joints can be defined as follows:

W o1 0 W L 010
p°L oz x petoe

n-— HWp0102 XWPOIOSH (14)

w

where 1 < 01 < 02 < 03 < N, p° °2 represents the position
vectors of sub-aircraft o; and oo relative to the spherical
joints. Taking into account that both z;, and zy, are aligned
in the opposite direction to gravity, (n), represents the cosine
of the angle « between n and the z-axis of the {L¢}, which
results in the calculation of the subsequent attitude residual:

K

Z z z || cosa — (W

01,00€{ID} k= ()Je]ﬂ
o1#£02#1

In contrast to the SIAP, the LIAP features a co-linear deploy-
ment and does not require the computation of plane normal
vectors. Nevertheless, it is still possible to determine the pitch
angle of the central rigid body based on the positions of
spherical joints. This information enables the calculation of
attitude residuals:

K
rg(X) = D D D Meosf -

o€{ID} k=0 jeF}
o0F#£1

riq(X') = n).l[ (15

(Me°).ll 6
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where €° is unit vector of p‘°, /3 is the angle between the
xp, and zr,. When using the direction cosine matrix to
represent é‘; R, cos@ and cos 3 correspond to the elements
in the third column of LB?) R, specifically, the third and first
elements, respectively.

E. UWB Measurements Residual

The UWB module provides distance measurements be-
tween the UWB node on the aircraft and stationary ground
UWRB anchors, yielding UWB distance measurements repre-
sented as z;. /Y,  p is the location of the anchor point in the
{W?} system. These measurements are further characterized
by a Gaussian noise model:

Rt = ||Wpt _erfwhor p|| +N(0703) (17)

A range-focused methodology in [18] has been implemented
to optimize the utilization of UWB ranging data between two
keyframes. The set of UWB measurements between the k-th
and (k + 1)-th keyframes of {ID;} is denoted as J}:

sz = {(th7Aptk tj)}tkgtj<tk+1 (18)

where Ap,, t denotes the positional change from time #j
to time t;, calculated via pre-integration. The UWB range
residuals are expressed as [19]:

K
ruwb(xi) = Z Z pmub(Wpik ) th ) Af)tk tj)

k:()_jej)f
puwb(Wpik ) th 9 Af)tk tj) = ‘ | ||Wp;k + Aﬁtk t;

7Zt.7‘||

- Zgzchorp‘ |

19)

Incorporating residual absolute information obtained from
distance measurements between VINS and stationary anchors
can effectively reduce VINS drift. This ensures that the
odometry error of each aircraft remains within a relatively
low range, thereby maintaining the accuracy of pose data for
other sub-aircraft within the kinematic constraint residuals.

IV. EXPERIMENTAL RESULTS

A. Performance Metrics and Experiment Environment

We employ Root Mean Square Error (RMSE) as the
evaluation metric for Absolute Trajectory Error (ATE). It is
important to note that the entire trajectory is considered in the
trajectory alignment process. The distance between spherical
joints was precisely measured with a o; of 0.04. Angular
velocity and attitude constraints rely on IMU angular velocity
and attitude, with o, and o, both set to 0.01 due to their
high precision, as indicated in [20]. Distance measurements
are subject to UWB accuracy. Despite the absence of UWB
sensors in our data, we simulated real values by introducing
zero-mean Gaussian noise with a variance of 0.05 [18],
resulting in o4 equal to 0.05. The motion trajectory of the
central platform in the data collection experiment is shown
in the Figure 4.
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Fig. 4: Central platform experimental trajectory display

B. VIRPO on Collective Dataset

TABLE I. RMSE Values of ATE (m) Results in Collective
Dataset

Sequence ID ATE(m)
VINS+UWB+  VINS+UWB+
VINS  VINS+UWB self-Phy full_Phy
1Dy 0.533 0.272 0.196 0.180
SIAP-1 1Dy 0.343 0.262 0.162 0.126
IDs 0.455 0.204 0.159 0.140
IDy 0.549 0.323 0.201 0.185
SIAP-2 1D> 0.407 0.175 0.144 0.120
ID3 0.443 0.158 0.132 0.096
ID;y 0.278 0.249 0.199 0.170
SIAP-3 1Dy 0.489 0.196 0.144 0.152
IDs 0.280 0.202 0.183 0.153
1Dy 0.599 0.172 0.168 0.165
SIAP-4 IDy 0.680 0.218 0.251 0.208
ID3 0.410 0.363 0.228 0.190
1Dy 0.294 0.243 0.188 0.182
LIAP-1 1D> 0.601 0.195 0.157 0.133
IDs 0.292 0.139 0.142 0.120
1Dy Failed 0.191 0.165 0.158
LIAP-2 IDy 0.399 0.178 0.177 0.167
Table 1 presents verified results from a dataset

where we used different positioning methods: VINS,
VINS+UWB, VINS+UWB+full-Phy, and VINS+UWB-+self-
Phy. The baseline method was VINS-Fusion, and the
VINS+UWB method incorporated UWB ranging data at
a 40Hz frequency. VINS+UWB+full-Phy added physical
constraint terms to all sub-aircraft in tightly coupled opti-
mization, while VINS+UWB+self-Phy added them to one
sub-aircraft while using UWB as the foundation. ”’Self-Phy”
refers to the sub-aircraft labeled in this row utilizing physical
constraint residuals, while the remaining sub-aircraft solely
employ the VINS+UWB method. We measured the ATE for
each aircraft ({ID;}, {IDs} and {IDs3}) in each sequence,
showing accuracy improvements compared to the baseline
and VINS+UWB methods. Our full-Phy and self-Phy meth-
ods improve global localization accuracy by leveraging phys-
ical constraints and sub-aircraft states to enhance estimation.
Experimental sequences included SIAP, LIAP, and two-agent
LIAP combinations, validating our approach’s effectiveness.
This underscores the generalizability of our method across
multiple configurations, indicating that similar approaches
can be adopted for IAP in other configurations in the future.
Compared to the VINS+UWB method, the full-Phy approach
exhibited a maximum decrease of 0.173 m in the ATE
metric, with the maximum decrease percentage reaching
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52.0%. The average percentage decrease was 28.7%. The
quartile diagrams in Fig. 5a and Fig. 5b illustrate quartiles
for three algorithms in experimental sequences STAP — 3
and LI AP — 1. This demonstrates that the mean, maximum,
and minimum errors can all be reduced using our approach.
For exceptional outlier estimation results, it demonstrates a
notable suppressive effect.

C. Physical Constraints on Collective Dataset

TABLE II: Assessment of ATE Results for Various Kine-
matic Constraints on the Dataset. pos - Position constraint,
velo - Angular velocity constraint, att - Attitude constraint,
drift - Accumulated Drift Estimation. All — Kin - Using
all types of kinematic constraints

Sequence ID  Aircraft ID  pos+drift  pos+velo+drift pos+att+drift ~ All-Kin  All-Kin+drift

SIAP-1 1Dy 0.237 0.225 0.189 0.188 0.180
SIAP-1 I1D2 0.215 0.192 0.131 0.143 0.126
SIAP-1 ID3 0.183 0.175 0.152 0.146 0.140

SIAP-2 1Dy 0.259 0.241 0.192 0.189 0.185
SIAP-2 ID> 0.187 0.173 0.135 0.137 0.120
SIAP-2 ID3 0.162 0.155 0.102 0.113 0.096

SIAP-3 1D, 0.227 0.202 0.179 0.177 0.170
SIAP-3 ID> 0.204 0.193 0.166 0.157 0.152
SIAP-3 1Dy 0.183 0.170 0.156 0.158 0.153
SIAP-4 ID,y 0.21 0.181 0.169 0.172 0.165
SIAP-4 1D> 0.256 0.237 0.211 0.308 0.208
SIAP-4 ID3 0.285 0.202 0.193 0.184 0.190
LIAP-1 1Dy 0.183 / / 0.182 0.182
LIAP-1 1Dy 0.163 / / 0.138 0.133
LIAP-1 ID3 0.143 / / 0.128 0.120
LIAP-2 1Dy 0.168 / / 0.165 0.158
LIAP-2 1Dy 0.182 / / 0.174 0.167

Table II presents verified results for four combinations
of kinematic constraints in our dataset. The representation
of position, velocity, and attitude constraints is denoted by
pos, velo, and att, respectively. Additionally, the inclusion
of accumulated drift estimation for other sub-aircraft is
indicated by the variable drift. To assess the performance of
these configurations, UWB ranging constraints have been in-
corporated into each of these combinations. The experiments
show that incorporating pos, velo, and att constraints
enhances IAP localization accuracy. Notably, position and
attitude constraints have a more significant impact compared
to velocity constraints. This is because the velocity constraint
inherently contains position information, and VIO already
provides relatively precise velocity measurements. As a
result, introducing velocity constraints has a more modest
impact. Additionally, including the drift residual term leads
to a slight improvement, mitigating drift errors from other
aerial vehicles.

It is important to mention that with a limited number of
constraint types, the effect on localization accuracy can vary
across different aerial vehicles in individual test sequences.
This occurs because the tightly coupled method in this paper
processes data within a sliding window, while the motion
of the IAP covers a limited range compared to the other
aerial swarms, resulting in an inadequate level of system
observability.

D. Size of Physical Constraint

The dimension of Fj, exerts an influence on the quantity
of physical constraint residuals involved in BA optimiza-
tion, subsequently impacting the results of odometry-based
localization. To gauge this impact, constraints on the size

— VNS
VINS+UWB

— Ous

— VNS
0.8 VINS+UWB 1.0

— Ours

D1 D 2 D 3

©

Fig. 5: (a): Quartile plot of errors for three aircrafts in the
SIAP experiment sequence 3. (b): Quartile plot of errors
for three aircrafts in the LIAP experiment sequence 1. (c):
Quartile plots of localization errors for different Fj, sizes: 1,
3, 5, and All on SIAP-1.

of Fj, were intentionally imposed in the SIAP-1 sequence.
Fig. 5c displays quartile plots of localization errors for
different Fj sizes: 1, 3, 5, and All (using all available
physical constraint data). The figure shows error reductions
as Fj, size increases, supporting the idea that more physical
constraint residuals enhance localization accuracy. However,
Fi contains redundant data from a single keyframe, and the
short motion duration limits observability for optimization
variables, posing a clear constraint on improving localization
accuracy.

V. CONCLUSION

In this paper, a distributed multi-agent VIRPO system is
introduced for the analysis of position, velocity, and attitude
constraints within IAP. By leveraging the inherent constraint
relationships within the IAP, corresponding methods are
proposed to tightly integrate odometry and kinematic con-
straints, thereby enhancing odometry accuracy. The system’s
performance is rigorously validated using a collected dataset,
resulting in a substantial 28.7% reduction in drift compared
to the baseline. Additionally, experimental results confirm
the effectiveness of various physical constraints. This work
addresses a significant challenge in the realm of IAP, of-
fering promising avenues for improving the accuracy and
reliability of IAP positioning and navigation systems. Future
research may explore more complex IAP configurations and
additional types of constraints to further enhance system
performance. This study holds significant importance in
advancing the field of IAP and will provide valuable insights
and inspiration for future related research.
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