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Abstract—We present a Multi-Stereoscopic Visual-Inertial
Odometry (VIO) system capable of integrating an arbitrary num-
ber of stereo cameras, exhibiting excellent robustness in the face
of visually challenging scenarios. During system initialization, we
introduce multi-view keyframes for simultaneous processing of
multiple image inputs and propose an adaptive feature selection
method to alleviate the computational burden of multi-camera
systems. This method iteratively updates the state information
of visual features, filtering out high-quality image feature points
and effectively reducing unnecessary redundancy consumption. In
the backend phase, we propose an adaptive tightly coupled op-
timization method, assigning corresponding optimization weights
based on the quality of different image feature points, effectively
enhancing localization precision. We validate the effectiveness and
robustness of our system through a series of datasets, encompassing
various visually challenging scenarios and practical flight experi-
ments. QOur approach achieves up to a 90% reduction in Absolute
Trajectory Error (ATE) compared to state-of-the-art multi-camera
VIO methods.

Index Terms—SLAM, vision-based navigation, sensor fusion.

I. INTRODUCTION

CCURATE self-positioning is a foundation for robotics
A to achieve autonomy. Due to the lightweight, low power
consumption, and complementary functionalities of cameras and
Inertial Measurement Units (IMUs), methods based on VIO have
been widely applied in robotics. Several notable algorithms [1],
[2], [3], [4], [5] have achieved high accuracy and stable state
estimation on publicly available datasets. However, since these
algorithms rely solely on a single monocular or stereo camera,
their ability to capture all orientations of a robot is limited.
Consequently, in challenging visual environments characterized
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by inadequate or repetitive textures, abrupt variations in illumi-
nation, or local occlusions, these VIO algorithms are prone to
failure due to the unavailability of visual information [6].

Facing complex visual challenges in the environment, many
researchers have attempted to enhance the robustness of systems
by introducing additional sensor modalities such as LiDAR,
mmWave radar, and others [7], [8]. However, the integration
of these additional sensor modalities presents challenges in
synchronization, sensor fusion, calibration, and data process-
ing, significantly increasing the complexity and computational
requirements of the system. This makes real-time deployment
challenging, particularly on UAVs with limited payload capacity.

In recent years, there has been a growing research interest
in multi-camera VIO algorithms [9], [10], [11], [12], [13].
Multi-camera VIO can capture more visual information and
offer redundant advantages, leading to enhanced robustness in
challenging visual scenarios. However, multi-camera comes at
the cost of additional computational burden. Furthermore, in
challenging visual environments, the integration of poor-quality
information directly impacts the accuracy of the system.

In this letter, we present a novel optimization-based Robust
Multi-StereosCopic VIO algorithm: RMSC-VIO. Through in-
novative initialization strategies and tailored backend optimiza-
tion, we harness high-quality visual features from multiple
stereoscopic cameras, significantly improving the system’s ro-
bustness in challenging visual scenarios. Additionally, our pro-
posed Adaptive Feature Selection method (AFS) refines and
selects high-quality feature points based on the state information
of visual features in each image, reducing the computational
burden on multi-camera systems and improving the quality of
feature information for the back-end.

We conducted a comparative analysis of our proposed method,
RMSC-VIO, against the state-of-the-art stereo method VINS-
Fusion [4] and the multi-camera method MCVIO [13], using
datasets consisting of various challenging scenarios. Our method
demonstrated superior performance compared to VINS-Fusion,
achieving a remarkable 60% to 80% reduction in Root Mean
Square Error (RMSE) as measured by ATE. Furthermore, when
compared to MCVIO, our approach exhibited exceptional ef-
fectiveness, achieving a substantial 60% to 90% reduction in
ATE RMSE. To further validate the robustness and efficacy of
our proposed approach, we conducted real-world experiments
in both indoor and outdoor environments. The contributions of
this letter can be summarized as follows:
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® We propose a Multi-Stereoscopic VIO system capable of
integrating numerous stereo cameras, exhibiting excellent
robustness in visually challenging scenarios.

® We propose an adaptive feature selection method that it-
eratively updates the state information of visual features,
filtering high-quality image feature points and reducing the
computational burden of multi-camera systems.

e We propose an adaptive tightly coupled optimization
method that assigns optimization weights based on the
quality of distinct image feature points, effectively enhanc-
ing the localization precision of the system.

® We conducted acomprehensive and extensive experimental
evaluation in various challenging scenarios to validate the
robustness and efficacy of our proposed method. Moreover,
we have publicly released the dataset utilized in these
challenging scenarios for future research and development

purposes'.

II. RELATED WORK

A. Localization in Challenging Visual Environments

Estimating robot pose in challenging environments without
GPS has been extensively researched. Although current VIO
algorithms are widely used in robotics, they still face chal-
lenges in visually sparse or confusing scenes, rendering them
highly unreliable. To enhance system robustness, researchers
have explored the integration of information from other sensors.
Khattak et al. [7] proposed a resilient multi-modal approach to
pose estimation by fusing data from multiple sensors, including
VIO, TIO, and LiDAR. This allows the system to continue
operating even when a sensor fails. Similarly, Doer et al. [§]
used Kalman filtering to fuse FMCW millimeter-wave radar with
VIO and TIO, improving robustness when visual information is
lost. While these methods effectively enhance system robustness
in certain complex environments, they require the inclusion of
additional sensor types, which increases system complexity and
computational cost.

Alternately, some scholars have focused on improving tra-
ditional VIO algorithms to enhance system robustness. Chen
etal. [14] incorporated a neural network into a conventional VIO
to improve the system’s ability to handle complex environments.
Zhang et al. [15] proposed an inertial SLAM method based on
point-line vision specifically designed for indoor environments
under weak texture and dark conditions. However, these methods
are limited by the narrow field of view of a single camera.

B. Multi-Camera VIO

Multiple cameras can significantly enhance visual constraints
with a wider field of view, thereby providing redundancy for
backend optimization. To overcome the challenges of visual
positioning in complex scenarios, researchers have proposed
the use of multiple cameras to improve system robustness.
Initially, Schauwecker et al. [16] deployed multiple cameras on
UAVs for pose estimation. They solved local poses separately

! Available at http:/github.com/88499249 1 X/RMSC-VIO.
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using forward and downward-looking cameras and fused them
to obtain pose estimates. Similarly, Yang et al. [17] utilized
image features from two cameras to extend the Parallel Tracking
And Mapping (PTAM) algorithm [18], enabling the autonomous
navigation of drones. In a different approach, Miiller et al. [19]
improved the robustness of visual-inertial navigation by fusing
motion estimation from each camera’s VO with IMU data via an
Extended Kalman Filter (EKF). Eckenhoff et al. [20] proposed a
general-purpose multi-camera visual-inertial navigation system
based on the Multi-state Constraint Kalman Filter (MSCKF)
framework. However, it is important to note that all these meth-
ods are filtering-based, and cumulative errors may occur over
long-term operation, which can affect positioning performance.

Recent years have witnessed a tremendous increase in the
processing power of minicomputers, leading to the emergence of
optimization-based visual-inertial fusion localization methods
as the mainstream approach. Houben et al. [21] proposed an
extension of monocular ORB-SLAM for a system with multiple
cameras and an IMU. However, their system lacks practical
experimental verification. Yang et al. [10] formalized the prob-
lem of multi-camera SLAM with asynchronous shutters. Their
framework groups input images into asynchronous multi-frames
and extends feature-based SLAM to the asynchronous multi-
view setting. Kuo et al. [9] proposed an adaptive SLAM system
based on SVO [22] for multi-camera setups. They designed
adaptive initialization schemes, entropy-based keyframe selec-
tion, and new map management. However, the accuracy of real
experimental results remains nearly constant when using multi-
ple cameras. Kaveti et al. [12] proposed a versatile multi-camera
SLAM framework capable of accommodating various camera
system configurations. Their work included a comprehensive
examination of the impact of camera setups on SLAM per-
formance, considering monocular, stereo, and multiple camera
arrangements with and without overlapping Fields of View
(FoVs). Abate et al. [23] extended Kimera to a multi-camera
VI-SLAM system. Their extension enabled globally consistent
trajectory estimation and the construction of dense 3D maps
around the vehicle, facilitating obstacle avoidance and naviga-
tion. However, these methods did not consider the increased
computational cost introduced by multi-camera systems.

To mitigate the issue of high computational consumption in
multi-camera VIO systems, researchers have proposed various
feature extraction and optimization algorithms. Jaekel et al. [24]
introduced a feature point extraction algorithm called one-point
RANSAC, which utilizes a fixed lag smoother to jointly optimize
all poses and landmarks. However, their system lacks precise
experimental verification, leaving uncertainty on its efficacy.
He et al. [13] proposed a VIO algorithm that uses multiple
non-overlapping monocular cameras based on VINS-Mono [1].
They employed GPUs to accelerate front-end feature processing
and reduce the computational cost of multi-camera systems. De-
spite this optimization, their approach failed to achieve superior
robustness and accuracy compared to conventional VIO algo-
rithms. Zhang et al. [11] developed a multi-camera VIO system
based on factor graph optimization using all available cameras
simultaneously to estimate motion. Their research mainly fo-
cused on efficient feature tracking and selecting the best subset
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Algorithm 1: Adaptive Landmark Feature Selection.

Input: Multiview Keyframes M.
Output: {R}’, p}’}: the pose of the k-th M; Sup: the
set of super feature points.
1 initialization:
k1,0 1,n],E < 1,Eum + 0,Sum 0.
2 foreach multiview keyframes M do

3 | {Ry.p} < PNP(F)

4 foreach stereo camera c' do

5 for j]-'fk € ffk do

6 if JF} is tracked continuously for more

than 4 frames then

7 El Repro_jection(j]-'fmn,j}"tik)
8 Esum+ = gjl

9 Sum + +

10 end

11 end

12 El e = Esum/Sum

13 for 1F; € F} do

14 if & < &, then

15 | Sup < Sup UIF},
16 end

17 end

18 Esum =0

19 Sum =0
20 end
21 k++
22 (A min(é’;ve’ 52’067 e ’gc?ve)
23 end

Fig. 1. Proposed algorithm was deployed on drones and validated in challeng-
ing visual scenes. The two images on the left show the front and back views of
the drone, captured by two motion cameras. The graph in the lower right corner
shows the trajectory of our proposed efficient multi-camera VIO system. More
details of the experiment can be accessed https://youtu.be/_CWLoOV31log.

of features to ensure time-bounded computation. However, their
feature selection method did not appear to improve the system’s
accuracy.

III. SYSTEM OVERVIEW

The system architecture is illustrated in Fig. 2, provid-
ing a comprehensive overview of the proposed RMSC-VIO
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Fig.2.  Diagram illustrating the RMSC-VIO architecture, showcasing its three
fundamental components: front-end data preprocessing, system initialization,
and back-end optimization. The backend produces a pose with the same fre-
quency as the IMU and a low-frequency 6DoF optimized pose.

algorithm. The algorithm framework comprises three key com-
ponents: front-end data preprocessing, system initialization, and
back-end optimization. It is noteworthy that our approach lever-
ages the features from multiple stereo cameras simultaneously,
employing novel strategies in both initialization and back-end
optimization to enhance the system’s robustness and effective-
ness in complex environmental conditions.

A detailed description of the methodological improvements in
front-end processing, initialization, and back-end optimization
is provided in Section I'V. Additionally, in Section V, we conduct
an extensive set of experiments to analyze and evaluate the
system’s robustness and accuracy.

We define the notations and frame definitions used throughout
the system overview as follows: The body frame of the robot
is aligned with the IMU Z. We denote the world frame, body
frame, and the i-th camera frame at time ¢ as (-)*, (-)’, and
(-)¢t, respectively. Rotation is represented using both rotation
matrices R and quaternions q. The operation of multiplying
two quaternions is denoted by .

IV. METHODOLOGY

A. Front-End Feature Handling

In the multi-stereoscopic VIO system, we extract and match
feature points from each stereo camera image to obtain environ-
mental information from various robot orientations. For each
stereo camera, we utilize the KLT optical flow algorithm [25] to
track feature points in the previous frame of the left-eye image.
Additionally, we employ the Shi-Tomasi algorithm [26] to ex-
tract new feature points, ensuring a minimum number of features
is maintained. Subsequently, we perform KLT optical flow track-
ing on the left-eye image features towards the right-eye image.
Finally, we use the stereo geometric constraints to triangulate
the feature points and obtain their depth information. Through
the aforementioned process, we generate a comprehensive set
of feature points at the current time, denoted as F; in Fig. 2.

B. Initialization

Multi-stereoscopic VIO systems provide rich feature infor-
mation, including landmark features in various directions of
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the robot. However, the computational complexity increases
exponentially with the number of feature points. Additionally,
the positioning accuracy is significantly influenced by the quality
of each landmark feature. To address these issues, we intro-
duce the concept of Multiview KeyFrames (MKF) during the
initialization process and propose an Adaptive landmark Feature
Selection method (AFS).

1) Multiview KeyFrames: We synchronize the timestamps of
all stereo cameras and treat the images captured simultaneously
from all cameras as a generalized image frame. Multiple-view
keyframes are selected based on the computation of parallax to
previous image frames and the quality of feature point tracking.
If the average parallax of the tracked feature points exceeds a
certain threshold or the number of tracked features drops below a
certain threshold, the current frame is chosen as a multiple-view
keyframe.

2) Adaptive Landmark Feature Selection: Multi-view
keyframes include a large number of distinctive feature points
from all images. To reduce the computational cost of processing
feature points and improve their quality, we propose an adaptive
landmark point selection method named AFS. When visual
information for a specific orientation is unavailable, AFS selects
alternative feature point sets that are accessible to initialize the
pose of multiview keyframes. Conversely, in scenarios where
all visual information is accessible, AFS strategically chooses
a group of high-quality feature points for subsequent back-end
optimization processing. Algorithm 1 shows the pseudo-code
of the proposed AFS algorithm.

We first randomly select a set of feature points .Ftik from stereo
camera ¢’ to initialize the pose of the first keyframe using the
Perspective-n-Point (PnP) algorithm (Lines 3). After obtaining
the initial pose, we proceed to filter the feature point set. For each
stereo camera c’, we iterate through its feature point set iF ik,
checking whether the feature points appear in the current frame
(Lines 5) and have been continuously tracked for more than
4 frames (Lines 6). If these conditions are met, we calculate
the reprojection error E; of these feature points between the
current frame My, and the frame M, _, . in which they were
first observed (Lines 7). We designate £ ; as the state information
characterizing the visual features. The formulation is as follows:

—_— 4 y
P, = (R}) (RY e (RYIPL 4+ DY) + PYtare) — PE)
2

Py (x) ey
, J.'IP)’ZE}Z/ ; 7P(2)
4 = i J 7,’ — T @ l
A G el Bl Fe v
1 k
1
where 7P?, . denotes the three-dimensional coordinates of the

feature point ]:tim,,vt when it is first observed in the ¢-th camera

frame. The estimated value /P? and the observed value /P,
represent the feature point / fgimt in the current frame’s i-th
camera coordinate.

Next, we calculate the average reprojection error £, for

eligible feature points in each stereo camera (Lines 12). If the
state information & of a feature point is less than the average
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Fig. 3. Structure of the sliding-window factor graph, illustrating prior, vi-

sual, and pre-integrated IMU factors. Visual factors encompass feature points
observed from various directions, with two directions depicted as examples.

&l ve» it 18 designated as a super feature point Sup for backend
optimization (Lines 14-16). Furthermore, we select the feature
point set corresponding to the minimum average reprojection
error to solve the pose of the next multi-view keyframe (Lines
22).

Through iterative updates of multi-view keyframes, we ul-
timately obtain a higher-quality tracked feature point set Sup
and more accurate initial poses {R}’, p}’} for the multiview
keyframes.

3) Calibration of Multi-Camera Extrinsics: Deploying
multi-camera systems requires external parameter calibration
to ensure accuracy and reliability. To simplify this process,
we extend the online extrinsic calibration method proposed by
Yang et al. [27] from single cameras to multi-camera systems.
We formulate equation constraints by integrating IMU rotations
and utilizing visual measurements between consecutive image
frames. These constraints help estimate the rotational external
parameters between individual cameras and the IMU. Once the
rotation parameters for each camera are obtained, we integrate
them into the backend to solve for the translation parameters and
further optimize the system.

C. Tightly Coupled Multi-Stereoscopic VIO

After system initialization, we employ factor graphs to tightly
couple optimization using data collected from various sensors.
Instead of independently fusing visual information from each
camera with IMU data and then merging multiple VIO outputs,
we integrate the superior feature point sets Sup from all cameras
into the backend for joint optimization. Our fusion method
provides the following advantages:
¢ Jtavoids repetitive and complex VIO fusion computations,
significantly reducing computational complexity and costs.

¢ [t mitigates inconsistencies between multiple VIO results,
particularly in complex environments, ensuring enhanced
system robustness.

¢ [tsimultaneously integrates visual information from differ-

ent perspectives into optimization, thereby improving the
accuracy of system optimization.

The structure of the sliding window factor graph is depicted in
Fig. 3. It comprises the state vector to be optimized, visual factors
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from different stereo cameras, IMU pre-integration factors, and
priori factors. The state vector to be optimized is defined as
follows:

X = [x0,.. X, T, . T prs oy Py
[pﬁ,vbkvqbk,ba,b . kelo, K]
= [Pl ay] i€ [1,n)]
Pi = [Pei 05 Pei 1y Peifor (2)

where xj, represents the IMU state corresponding to the k-th
multiview keyframes M. It encompasses the position py,
velocity v; and orientation g of the IMU in the world frame,
as well as the acceleration bias b, and gyroscope bias by in
the IMU frame. In this context, K denotes the total number of
multiview keyframes. Additionally, p; signifies the inverse depth
of each feature point in the i-th camera, while f.; represents the
total number of feature points for the ¢-th camera within the
sliding window.

Given the assumption that all measurements are independent
and uncertainties adhere to a Gaussian distribution, we transform
the state estimation into a nonlinear least-squares problem, com-
monly referred to as bundle adjustment (BA). The formulation
is as follows:

m)én lr, — HX|| +ZHrB (szl,X)‘

2

by
Poia

2
ps"

where [|r, — H,X||, rB(ZZ: ,X), and rg: (25", X) represent
the marginalized prior 1nf0rrnat10n, IMU residuals, and visual
residuals, respectively. We adopt the method described in [1] for
all the residual models, and the detailed definitions are presented
in[1]. p(x) is the robust kernel function used to suppress outliers,
B denotes the set of all IMU measurements. Additionally, S’
refers to the set of super feature points from the i-th stereo camera
selected previously.

In Section IV-B, we addressed the impact of unreliable visual
features through the AFS method. In this section, we design
and adaptively allocate visual residual weights A; based on the
quality of different image feature points, effectively leveraging
visual features from each direction. The definition of A; is
formulated as follows:

Nt\?
P (e —
(Ziean>

where N is the total number of super feature points in the i-th
camera.

3

Y (CCa]

i€n (1,5)€S?

“

D. Multi-Stereoscopic Loop Fusion

Multi-camera SLAM systems can offer amore comprehensive
and extensive set of scene information since they are capable of
observing the same scene from various angles and perspectives.
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Fig. 4. Quadrotor drone employed in our experiment, equipped with two
cameras featuring distinct orientations.

This capability enhances the effectiveness and robustness of loop
closure detection.

We extend the loop closure detection scheme proposed in [1]
to multi-view loop closure detection. For each newly acquired
multi-view keyframe, we employ DBoW?2 [28] to assess whether
it revisits a previously observed area. Upon detecting a loop, we
perform multi-view geometric validation to eliminate outliers
in the loop closure. Subsequently, upon confirming a valid loop
closure, we execute global bundle adjustment, leveraging all
available information to optimize the entire trajectory, thereby
significantly reducing drift in the majority of sequences.

V. EXPERIMENTAL RESULTS

We assessed the performance of our algorithm across di-
verse challenging datasets indoor and outdoor, spanning envi-
ronments ranging from underground parking lots to expansive
open spaces. Our comprehensive evaluation involved a compar-
ative analysis against state-of-the-art methods, considering both
quantitative and qualitative metrics. Additionally, we conducted
ablation studies to systematically demonstrate how our proposed
contributions effectively reduce APE and computation time.
Finally, to validate the practicality and effectiveness of our
algorithm, we deployed it on quadrotors, offering real-world
insights into its performance.

A. Hardware Setup and Datasets

The quadrotor drone utilized in our experiment is depicted
in Fig. 4. To capture environmental information from various
directions, we deployed two Intel RealSense D435i depth cam-
eras. These cameras operated at a frequency of 15 Hz with a
resolution of 640 x 480. An Intel NUC8i5SBEH microprocessor
was installed onboard to handle all data processing tasks and
execute the motion pose estimation algorithms. Additionally,
a CUAV X7 flight controller was employed to provide IMU
measurements and execute ground station commands for UAV
flight control.

We collected seven sequences, comprising three indoor and
four outdoor scenes. These sequences included challenging
visual scenarios (see in Fig. 5). For indoor sequences, we
utilized NOKOV Motion Capture System to acquire ground truth
poses with millimeter-level accuracy. For outdoor sequences,
Real-Time Kinematic (RTK) technology was employed to obtain
ground truth trajectories with centimeter-level precision.
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TABLE I
PERFORMANCE COMPARISON BETWEEN DIFFERENT ALGORITHMS

Absolute Trajectory Error (ATE)
VINS-Fusion ORB-SLAM3 MCVIO RMSC-VIO

Dataset rmse(m) rmse(m) rmse(m) rmse(m)
Indoorl 0.1444 0.0298 0.1399 0.0374
Indoor2 0.2756 Fail 0.1856 0.0664
Indoor3 0.3636 Fail 0.1528 0.0593
Outdoorl 15.2122 Fail 63.3857 5.9833
Outdoor3 13.2111 Fail Fail 3.5515

B. Comparing With the State of the Art Algorithms

In this section, we conduct a comparative analysis of the
performance of our algorithm with that of ORB-SLAM3 (a
widely utilized sparse visual SLAM system), VINS-Fusion (a
lightweight algorithm extensively employed for autonomous

drone localization), and MCVIO (arecently open-sourced multi-
camera visual-inertial odometry algorithm).

1) Qualitative Analysis: We ensured consistency in camera
intrinsics and extrinsics, the quantity of extracted feature points,
and other configuration parameters across all algorithms. The
estimated trajectories of Outdoor sequences are illustrated in
Fig. 6. Qualitative assessments of stability and accuracy for
different algorithms can be made based on the trajectory per-
formance.

In challenging visual scenarios, as depicted in Fig. 5 under
conditions of shadows, rapid rotations, low texture, sunlight
glare, light changing, and dynamic environments, the extraction
of stable feature points from forward-looking images becomes
significantly more challenging. VINS-Fusion, relying on IMU,
can continue operating but suffers from increasing ATE and
substantial trajectory drift in these situations.
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TABLE II
ABLATION STUDIES: ADAPTIVE LANDMARK FEATURE SELECTION (AFS)

Feature tracker AFS Optimization Total time Feature cnt ATE
time (ms) time (ms) time (ms) time (ms) / rmse (m)

N-AFS W-AFS VINS W-AFS N-AFS W-AFS VINS N-AFS W-AFS VINS N-AFS W-AFS VINS N-AFS W-AFS VINS
Indoorl 21.04 21.11 14.79 0.07 53.11 40.66 33.02 74.14 61.85 47.81 223 131 89  0.071 0.037 0.101
Indoor2 2140 20.78 14.80 0.08 54.19  39.36 3346 7559 6022 4827 229 127 92 0.086 0.066 0.276
Indoor3 20.24 2020 14.52 0.07 54.69 38.79 33.80 7493 59.07 4832 238 120 88 0.085 0.059 0364
Outdoorl 21.37  21.31 14.23 0.06 46.70  37.74 3278 68.07 59.12 47.01 159 114 85 13263 5983 15.212
Outdoor2 21.44  21.51 14.87 0.06 40.37 37.04 31.51 61.80 58.62 46.38 132 105 77 / / /
Outdoor3 20.61  20.53 14.15 0.06 40.84 34.69 30.63 6144 5529 4478 134 97 73 4411 3.551 13.211
Outdoor4 20.33  20.35 14.94 0.06 3748 3297 28.15 57.81 5339 43.09 110 89 60 / / /
Average 20.92 20.83 14.61  0.065 46.77 3733 3191 67.68 58.22 46.52 175 112 81 3583 1.939 5.833

MCVIO, leveraging image information from different ori-
entations, is anticipated to demonstrate superior performance.
However, due to the limitations of monocular vision, scale inac-
curacies may arise across various datasets. Moreover, using a pri-
mary camera for state estimation as a basis and then estimating
the states of other cameras easily leads to unsatisfactory accuracy
and system crashes, especially when the primary camera’s image
features become unavailable, as observed during rapid rotations
or navigation through underground parking lots.

The proposed RMSC-VIO algorithm addresses scale inac-
curacy by utilizing multiple stereoscopic cameras. It fuses
feature point information from all stereo cameras, filters out
high-quality feature point sets based on specific criteria through
AFS, and feeds these inputs into the back-end multi-stereoscopic
optimization, thereby improving the efficacy and robustness
of the system. Our algorithm demonstrates excellent trajectory
performance across all datasets.

2) Quantitative Analysis: Table 1 illustrates the Absolute
Trajectory Error (ATE) for different algorithms across data
sequences with complete ground truth. ATE serves as an intuitive
metric, offering insights into the accuracy and global consis-
tency of trajectories across various challenging scenarios. ORB-
SLAM3 demonstrates exceptional precision in the Indoorl se-
quence, featuring normal indoor visual characteristics. However,
in sequences with challenging visual conditions, ORB-SLAM3
encounters difficulties due to the loss of feature points in the im-
ages, leading to performance issues. MCVIO exhibits enhanced
accuracy compared to VINS-Fusion in indoor settings, but it
encounters significant scale and drift issues in large outdoor
scenes, surpassing errors observed in VINS-Fusion. Moreover,
MCVIO is highly susceptible to failure in outdoor sequences.
Therefore, in this study, we establish MCVIO as the baseline
for indoor environments and VINS-Fusion as the baseline for
outdoor environments.

Our algorithm demonstrates superior performance compared
to VINS-Fusion, achieving a remarkable 60% to 80% reduction
in RMSE as measured by ATE. Furthermore, when compared
to MCVIO, our approach exhibits exceptional effectiveness,
with a substantial 60% to 90% reduction in ATE RMSE. This
remarkable performance can be attributed to several key fac-
tors. Firstly, the integration of environmental information from
multiple fields of view allows for a more comprehensive un-
derstanding of the scene. Secondly, the utilization of the AFS

method ensures the selection of high-quality feature points,
thereby enhancing accuracy. Lastly, the adaptive tightly coupled
multi-stereoscopic optimization method further improves the
robustness and accuracy of the algorithm. Overall, our algorithm
demonstrates outstanding performance and reliability when fac-
ing challenging visual conditions.

C. Ablation Study

We assessed the effectiveness of the AFS method by com-
paring its computational costs and impact on localization ac-
curacy throughout the entire VIO process. Table II presents a
summary of the performance of N-AFS (RMSC-VIO without
AFS), W-AFS (RMSC-VIO with AFS), and VINS-Fusion across
seven datasets. This evaluation aims to provide insights into the
contribution of the AFS method to the overall multi-stereoscopic
VIO process.

Compared to N-AFS, our proposed method (W-AFS) reduces
the number of feature points incorporated in the optimization
process by 60 through the selection of high-quality feature
points. This reduction leads to an average time savings of 9 ms
and an average RMSE reduction of 46%, resulting in improved
localization accuracy while minimizing computational costs.

In comparison to VINS-Fusion, W-AFS increases the number
of feature points added to the optimization process by 30, result-
ing in a significant enhancement of localization accuracy with an
average RMSE reduction of 67%. The additional time required
for backend optimization is only 6 ms, and the AFS method
itself consumes a mere 0.06 ms. These results demonstrate the
effectiveness of the AFS method in achieving high-quality lo-
calization accuracy with relatively low computational demands.

D. Demonstration on Quadrotor Drone

We conducted real-flight experiments by deploying the pro-
posed algorithm on a quadcopter to demonstrate its practicality
and effectiveness in local visually challenging scenarios. Our
experimental settings are showcased in Fig. 1.

On the playground, the quadcopter autonomously completed
the entire flight mission along the pre-designed trajectory, re-
lying on algorithmic localization results, while encountering
challenging scenarios such as rapid yawing, abrupt lighting
changes, and dynamic crowds. Additionally, we simulated sce-
narios of local visual degradation by frequently occluding the
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camera alternately. Throughout these practical experiments, the
quadcopters exhibited excellent stability, thus confirming the
algorithm’s practicality and effectiveness in handling visually
challenging scenarios.

VI. CONCLUSION

In this letter, we presented a Multi-Stereoscopic VIO sys-
tem capable of seamlessly integrating an arbitrary number of
stereo cameras, demonstrating exceptional robustness in vi-
sually challenging scenarios. During system initialization, we
introduced multi-view keyframes and the AFS method, which
filtered out high-quality image feature points and alleviated the
computational burden of multi-camera systems. In the backend
optimization, we employed an adaptive tightly coupled opti-
mization method, assigning appropriate weights to different
image feature points and significantly enhancing the system’s
localization precision. Quantitative and qualitative comparative
experiments with state-of-the-art algorithms, as well as practical
flight tests, validated the effectiveness and robustness of our
system in challenging visual environments. Our future efforts
will explore the integration of stereo and event cameras in
multi-camera systems, further extending the applicability of our
methodology.
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