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Abstract: The integrated utility system is indispensable for maintaining urban stability and services. Regular
unmanned aerial vehicles (UAVs) inspections of these facilities are critical for ensuring operational urban systems.
Such scenarios, characterized by spatially confined layouts and unidirectional extension, are defined as unidirectional
structural (UDS) environment. Given the sparse textural features inherent and darker light to UDS environment,
conventional methods fail to ensure safe UAV navigation. Therefore, this paper proposes a structure-assisted visual-
inertial odometry algorithm for UAVs in dark UDS environment. The approach enhances the accuracy of camera
feature extraction through an adaptive median filtering and BM3D (AMF-BM3D) denoising method, and
incorporates an inertial fault-tolerant vanishing point technique to achieve high-precision, cumulative-error-free UAV
yaw estimation, while utilizing gravity constraints to eliminate cumulative errors in roll and pitch angles. Finally, the
extended Kalman filter (EKF) fuses pose data from conventional visual-inertial odometry (VIO) to obtain refined
pose estimation. Experimental validation in UDS environment demonstrates that compared to traditional VIO, the

algorithm proposed significantly enhances the accuracy of pose estimation and the safety of UAV flight in the UDS
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environment.
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0 Introduction

Nowadays, unmanned aerial  vehicles'"
(UAVs) are extensively utilized in inspection, res-
cue operations, aerial photography and various oth-
er fields due to their high flexibility, mobility,
adaptability and other attributes'®. UAVs equipped
with cameras and other sensors can navigate autono-
mously ™, and thus operate effectively in challeng-
ing environments. Harsh working environments,
such as tunnels, chimneys and boilers, are charac-
terized by complexity, airtightness, satellite signal
obstruction and other factors.

The unidirectional structural (UDS) environ-

ment is frequently encountered, such as corridors,
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tunnels and power pipe corridors. It is characterized
by its airtightness, extensive longitudinal distances,
narrow spaces, unidirectional extension and poor il-
lumination. Underground utility corridors, which in-
tegrate power, telecommunications, gas, heating
and water supply pipelines, are critical urban infra-
structures. They currently rely on manual inspec-
tions, which are costlyw' and unsafe.

In recent years, numerous scholars and institu-
tions have conducted extensive research on UAV
navigation in UDS environments. To address the
challenges of navigation in these environments, vi-
sion-based methods have been extensively re-

searched and deployed. Compared to active sensors
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like LiDAR, visual sensors offer significant advan-
tages in terms of size, weight and power, as well as
cost-effectiveness'”. Furthermore, cameras provide
rich texture and semantic information, which are
benificial for scene understanding and long-term op-
eration'®.

Benefiting from the capability to operate with-
out reliance on prior maps or external infrastructure,
visual simultaneous localization and mapping (V-
SLAM) and visual-inertial odometry (VIO) have
become the mainstream solutions for UAV autono-
mous navigation. In particular, VIO, which fuses
visual data with high-frequency inertial measure-
ment unit (IMU) measurements, effectively com-
pensates for the lack of scale in monocular vision
and improves robustness against rapid movements
and temporary visual tracking failures'”'”. Thus,
VIO-based methods have been widely used to
achieve precise state estimation for UAVs in com-
plex scenarios.

However, the performance of VIO systems is
fundamentally determined by the quality of the input
data. Image acquisition serves as the front-end of
the VIO pipeline. Accurate, reliable image acquisi-
tion is the prerequisite for ensuring localization preci-
sion. In UDS environments characterized by low il-
lumination and dynamic lighting changes, poor im-
age quality can directly lead to feature tracking fail-
ures and significant drift in navigation''"".

In previous studies on poor illumination imag-
es, Gaussian noise has included the main noise
source. Image denoising methods are usually divid-
ed into spatial domain methods and frequency do-
main methods''*. In recent years, the BM3D""* al-
gorithm has been widely used due to its excellent
performance in removing Gaussian noise. This
method groups similar image blocks and performs
collaborative filtering in three dimensions, achiev-
ing good denoising effects while preserving details.
However, BM3D is sensitive to non-Gaussian noise
such as salt-and-pepper noise and performs poorly in
such cases, especially when isolated noise points ap-
pear in low-light nighttime images, making it diffi-
cult to remove noise effectively and affecting image

quality and subsequent feature extraction''"’. This ne-

cessitates a robust preprocessing front-end capable
of handling mixed noise to ensure the stability of the
VIO system.

Beyond image quality, the estimation backend
faces inherent challenges in UDS environments.
Mainstream VIO algorithms fall into two catego-
ries, filter-based methods ™' and optimization-based

methods'

. Although filter-based methods are com-
putationally efficient, they are prone to linearization
errors. Conversely, optimization-based methods
achieve higher accuracy but consume more resourc-
es. Regardless of the architecture, all dead-reckon-
ing systems inevitably suffer from cumulative error
over time due to sensor noise integration and bias es-
timation inaccuracies.

To mitigate error accumulation, Li et al.''"’,

[18 [19]

Elmokadem et al.""*' and Wang et al."*”’ employed vi-
sual perception approaches for UAV pose estima-
tion. However, these methods struggle with the fea-
ture-poor and dimly lit UDS corridors. The standard
solution to correct drift is loop closure detection.
Gao et al."™ introduced feature-matching loop clo-

1 [21]

sure, while Wen et a utilized semantic topology

1 [22] 1 [23]

maps. Wang et a and Sun et a proposed dis-
tance-based detection to reset pose errors. Howev-
er, the UDS environment presents a unique unidi-
rectional extension characteristic. The UAV flies
long distances without returning to previous loca-
tions, meaning the geometric condition for loop clo-
sure is inherently absent. Consequently, the system
cannot eliminate cumulative errors through global
optimization, presenting a severe challenge for long-
endurance inspection.

With the advancement of artificial intelligence,
learning-based approaches offer novel solutions to
address the challenges of robust feature representa-
tion and complex motion dynamics in VIO. Clark'*"
proposed VINet, modeling VIO as a sequence-to-
sequence regression problem using long short-term
memory (LSTM) to address long-term dependen-
cies. Similarly, DeepVO'*" and UnDeepVO"™' le-
verage convolutional neural networks (CNNs) to
estimate pose directly from raw images, by passing
traditional feature engineering.

However, recent surveys indicate that deep
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learning-based VIO still faces challenges in general-
ization across different domains and deployment on

resource-constrained edge devices”"'.

First, deep
learning models heavily rely on the distribution of
training data. Models trained on standard datasets
perform poorly in UDS environments due to the sig-
nificant domain gap in lighting and texture. Second,
most open-source models are based on the pinhole
camera model assumption. For inspection UAVs
equipped with fisheye cameras to capture wider
fields of view, the severe distortion requires special-
ized network redesign and retraining, which is data-
intensive. Finally, deep neural networks require
substantial computing power. Given the strict size,
weight and power constraints of edge computing
modules on small UAVs, running heavy inference
models will compromise flight endurance and real-
time performance.

Addressing the limitations of existing algo-
rithms, this paper proposes a lightweight, robust
navigation system tailored for UDS environments.
We propose a VIO system based on structural regu-
larity assistance. By leveraging the parallel structur-
al features inherent in UDS environments as global
constraints, we correct the heading and position
drift without relying on loop closure. Furthermore,
to ensure high-quality input for the VIO backend,
we introduce an adaptive median filtering and
BM3D (AMF-BM3D) method. This hybrid denois-
ing strategy effectively eliminates mixed noise in
low-light fisheye images, significantly improving
feature extraction accuracy.

The main contributions are as follows.

(1) We introduce a binary mask to detect the
presence of salt-and-pepper noise in the image. For
pixels identified as contaminated by salt-and-pepper
noise, median filtering is applied as a preprocessing
step, followed by denoising using the BM3D algo-
rithm.

(2) We present a relative yaw estimation algo-
rithm based on the inertial fault-tolerant vanishing
point method. The relative yaw is estimated follow-
ing the Manhattan assumption within UDS environ-
ment, with short-term inertial recursive information

utilized to sustain yaw stability amid sudden environ-

mental changes. This algorithm enhances the robust-
ness of relative yaw estimation, mitigating error ac-
cumulation over time.

(3) We introduce a roll and pitch algorithm
that relies on gravity constraints and complementary
filtering. The roll and pitch angles are constrained
by gravity, effectively minimizing drift.

Experimental validation demonstrates that the
proposed structure-assisted visual-inertial pose esti-
mation algorithm significantly enhances attitude an-
gle estimation accuracy compared to conventional
VIO approaches.

The main structure of this paper is as follows.
Section 1 introduces the visual-inertial odometry
system based on structure information assistance.
Section 2 introduces the specific methods proposed
in this paper, including relative yaw estimation uti-
lizing the vanishing point method, and roll and pitch
estimation employing complementary filtering. Sec-
tion 3 presents the experimental details and results
in the UDS environment. Finally, Section 4 pres-

ents the conclusion.
1 Overview

1.1 Framework

The architecture of the visual-inertial odometry
system proposed in this paper is illustrated in Fig.1.
It mainly consists of five modules: A low-light im-
age denoising module based on AMF-BM3D, an
optical flow visual odometry module, a relative yaw
estimation module based on an inertial fault-tolerant
vanishing point method, a roll and pitch estimation
module based on gravity-constrained complementa-
ry filtering and a pose optimization module based on
extended Kalman filter (EKF).

The AMF-BM3D module preprocesses images
captured by the fisheye camera to remove noise and
increase the proportion of valid feature points, thus
laying a solid foundation for feature extraction. Visu-
al odometry based on the optical flow method pro-
vides a preliminary pose estimation of UAVs in

UDS environment (Section 2.1). We utilize the
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Fig.1 Visual-inertial odometry system

vanishing point method, based on the Manhattan
world (MW ) assumption, to construct the Manhat-
tan coordinate system and determine the relative
yaw of the UAV (Section 2.2). Complementary fil-
tering is employed to estimate the roll and pitch of
the UAV using IMU data (Section 2.3). Finally,
EKF is utilized to fuse the relative yaw, roll, and
pitch measurements, resulting in a more accurate

UAYV pose estimation.
1.2 Notation

In this paper, the world coordinate system is
defined as W={Zw,yw, 2w}, where zy denotes
the direction along the central axis of the UDS envi-
ronment and £y the direction opposite to the gravity.
The body coordinate system is defined as B=
{Zs, Yu, 25). At the initial time, when the yaw angle
of the UAV is 0°, the body coordinate system aligns
with the world coordinate system.

As shown in Fig.2, utilizing the uniaxial and
symmetrical characteristics of the UDS environ-
ment, we establish the local coordinate system de-
noted as L ={%,, y,,2.}. £, represents the tangent

direction pointing to the central axis of the UDS en-

YW\/':,-— - -—--‘~\y<‘

7’
A ’
Xy b3 = A
B ——}’

/w

Fig.2 Top view of quadrotor UAV flying in UDS environ-

ment

vironment, y, the normal direction of the plane paral-
lel to both sides of the UDS environment and 2, the
direction opposite to gravity. The black dashed line
represents the central axis of the UDS environment,
and the blue dashed line represents the flight trajec-
tory of the UAV. The origin of this local coordinate
system consistently resides on the central axis of the
UDS environment.

In this paper, we define the rotation matrix as
R} indicating the transformation of a given point

from coordinate system 1 to coordinate system 2.
2 Methodology

2.1 Adaptive median filtering and BM3D de-
noising

In low-light corridor environments, the image
quality captured by fisheye cameras is often affected
by many aspects. Due to the weak signal of the sen-
sor in low light conditions in the imaging principle,
the signal-tonoise ratio is significantly reduced,
which in turn increases the number of Gaussian
noise and hot pixels. Further, in the dedistortion
process of fisheye cameras, the interpolation algo-
rithm needs to be calculated based on the pixels of
the original image, and the hot pixels in the original
image are amplified or diffused in the interpolation
calculation, resulting in the generation of random
and isolated salt-and-pepper noise. As shown in
Fig.3, the noise effect of dark fisheye images reduc-
es the number of effective feature points, the quali-
ty of descriptors and the accuracy of feature extrac-

tion.
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Various denoising methods have been devel-
oped to date. The widely used BM3D algorithm'*
excellently performs in suppressing Gaussian noise

but is sensitive to nonlinear noise such as salt-and-

pepper noise, resulting in suboptimal noise removal.
Building on this, we propose AMF-BM3D based
on salt-and-pepper noise detection. The process and

effect are shown in Fig.3.

Input image b(u, vy=1

Adaptive
median filtering

~

L, v) [ Salt-and-pepper noise

L detection b(u, v)

Construct new input | |BM3D
image I, (u, v) |

b(u, v)=0

Unprocessed image

A

Keep original
pixel values

Processed image

Fig.3 Flow chart and renderings of AMF-BM3D

The noisy image is modeled as
T Cet, 0 )= Ly (et v )+ 9, v)+ 0(u,v)s(u,v) (1)
where I(u, v) represents the pixel coordinates in the
image plane, with « and v representing the horizon-
tal and vertical coordinates, respectively. The ob-
served noisy image and the clean image is represent-
ed as I (u,v) and Ly (u,v). 9(u,v)~N(0,0%)
represents Gaussian noise, 6(u, v) is a binary mask
indicating whether pixel at (u«, v) is contaminated by
salt-and-pepper noise, and s(u,v) is the salt-and-
pepper noise function.

To accurately identify salt-and-pepper noise
pixels, the detection function is defined as
1 Lo (e, v )= L, L

Otherwise

b(u,v)= (2)

where I, and I, represent the minimum and maxi-
mum grayscale values in the image.

For pixels detected as salt-and-pepper noise,
median filtering is applied as a preprocessing step to
effectively suppress extreme noise values that may
affect subsequent filtering. The median filtering op-
eration is defined as

Lo (u,v)=med { I, (i,j) [(i,j)e W, } (3)
where W, is an n X n local neighborhood window
centered at pixel (u, v), and (7,;) indexes the pixels
within this neighborhood.

The input image for BM3D is construced based
on b(u,v)

Li(u,0)=(1—06Cu,v))e Ly (u,v)+ b(u,v)e
L (1, 0) (4)
The pixels affected by salt-and-pepper noise is

replaced with the results of median filtering, while

keeping the original values are maintained for the
non-salt-and-pepper noise pixels. Then, the classic
BM3D algorithm is used to the image I, (u«,v) for
denoising to obtain the final estimated image. As
shown in Fig.3, the proposed method effectively
suppresses salt-and-pepper noise in dark fisheye im-
ages and improves the robustness and accuracy of

feature point extraction.

2.2 Relative yaw estimation based on inertial

fault tolerance and vanishing point

Given the abundant structural features present
in the UDS environment, the MW hypothesis is em~-
ployed to establish the local coordinate system and
accurately estimate the UAV ’s relative yaw, ensur-
ing its stability over time. Nevertheless, convention-
al estimation methods remain susceptible to environ-
mental variations, where inaccurate relative yaw es-
timation can significantly impact the pose estimation
of UAVs. Hence, this section introduces an inertial
fault tolerance-based method to maintain consistent
and stable relative yaw under dynamic environmen-
tal conditions. The specific process of UAV relative
yaw estimation is as follows.

2.2.1 Local coordinate estimation

Based on the Manhattan world assumption*’,
we propose a method for estimating a local coordi-
nate system in the UDS environment. First, a unit
sphere is constructed, centered on the camera focus.
In the unit sphere, the camera coordinate system
C={Z¢,yc,2c} is established, with the sphere’ s

center serving as the origin. In this paper, the sharp
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bracket is used to define the coordinate system,
which is the ordered set of three orthogonal unit vec-
tors. The X axis and Y axis align with the « axis and
v axis of the image, respectively. The Z axis of the
coordinate system extends from the camera’s focus
to the center of the image (u., v.)". The coordinates

under the camera coordinate system are expressed as

Te=U" U,
Ye=7v " U, (5)
2e=f

As shown in Fig.4, a polar coordinate system
P={¢, A} is established on the image plane, where
¢ and A are expressed in radians, with ¢ €[ 0, /2 ]
and A€[0, 27).

within the camera coordinate system

The coordinates of any point
(f(‘,y(', Z(‘)T

under the polar coordinate system are expressed as

Zc

¢ = arccos
2 2 2

(-75(‘)~+(y<') +(Z(‘)u (6)

A= arctan(h) +n
Ye

Subsequently, the angular domain is uniformly
discretized with a resolution of 1°, resulting in a
90 X 360 weight grid. Let 7,=1,2,---90, and
= 1,2, --- 360 denote the grid indices in the ¢-di-

Unit sphere Unit sphere

rections and A-directions, respectively. The weight
of each grid is denoted by ¢(7,,7,). To extract line
features from a given image, we employ the line
segment detector (LSD) algorithm. The intersec-
tion points of two image line features fall on the grid
of the weight grid graph. If the number of intersec-
tion points falling on the grid is N, ), the weight

assigned to the grid is expressed as
N

Ndgegicy

¢(¢deg7/1(1eg): z (H S1

i=1

esin(20))  (7)

Sy

where || s, | and [ s, || denote the lengths of the two
line segments associated with the /-th intersection
point, and ¢ denotes the included angle between
these two segments.

As shown in Fig.4, we construct a candidate
local coordinate system. In this paper, a line feature
intersection point is arbitrarily selected in the polar
coordinate system, and its corresponding point A in
the camera coordinate system is found. The vector
OA is the first coordinate axis V', of the candidate lo-
cal coordinate system. Along the intersection line
between the plane perpendicular to V; and the unit
sphere, points are taken at intervals of 1° to form
the second coordinate axis V, of the candidate local
coordinate system. The third coordinate axis V;
needs to meet V, =V, X V,.

Unit sphere Unit sphere

Camera coordinate system Camera coordinate system

Camera coordinate system

Camera coordinate system

Fig.4 Construction process of candidate local coordinate systems

Finally, the most suitable local coordinate sys-
tem is selected from the candidate local coordinate
systems by using the weight grid graph. The three
axes of the candidate local coordinate system are
projected into the polar coordinate system. The grid
weight value is retrieved and the weight & of the can-
didate coordinate system is constructed as

{::S/’((ﬁl’;{l)—'_¢(¢27/12)+9//(¢3,/13) (8)

We select the local coordinate system with the
highest weight among all candidate local coordinate
systems.

To enhance the accuracy of the local coordinate
system estimation, a ground constraint is introduced

to validate the selected local coordinate system. Giv-

[ .
en a ground normal vector n,=1{x4 ya, 24} , axis

of the local coordinate system is obtained
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ng3, hance the robustness of relative attitude angle esti-

(9)

mation.

a=— arccos(

[ENEEA
When the included angle is less than the ground Firstly, we utilize IMU data to calculate the

constraint threshold, denoted as o4, the local coordi- change in UAV relative attitude within the interval

. . . between two estimates of the local coordinate sys-
nate system is considered to be accurate. Otherwise, yT

if the estimation of the local coordinate system is tem, which is recorded as &= (s @picns Ay -
considered to be inaccurate, it must be reestimated. The relative attitude at 4— 1 moment is @, -
2.2.2 Robustestimation of relative attitude angle Then the predicted relative attitude at # moment can
According to the local coordinate system, we be expressed as
can estimate the attitude of UAV relative to the en- A = W T Dl (10)
vironment, denoted as @ = (@i pichs ayaw)l’ Subsequently, we construct absolute residua
We introduce an outlier detection algorithm based 0., and relative residua ., according to the relative
on residual analysis, leveraging IMU data, to en- attitude a,,; estimated at time £
0= ‘ Apngie; — Ao
. 2
(=) (o) (e e) Y
0= — + — + -
roll} pitch; yaw
When 2, and 2., meet any of the formulas in stances for relative attitude angles increases, the
Eq.(12), it is concluded that there exists a signifi- range of the absolute residual judgment threshold ex-
cant error in the relative attitude angle. pands, thereby enhancing the robustness of residual
Qe > Ogaic T 1 Cuynamic judgment.

(12)
‘Qrel > Orel

where o,.. serves as the static baseline, represent-

2.3 Roll and pitch estimation based on comple-

mentary filtering

ing the minimum permissible error range between . . .

o ) ) The estimation of the roll and pitch of the
the IMU prediction and visual observation; n de- L ) )
UAV from VIO will diverge over time. According

notes the count of consecutive errors, when the vi- o
to the characteristics of small maneuvers and the

sual system fails teri dark region, and . .
SUAT SYSTEm Tatis Upon Ciiering & dark reglof, and slow speed of UAVs in an unknown UDS environ-

increments by 1 each time when the system rejects . . .
ment, we introduce a gravity constraint and propos-

visual data; oumme 1S @ compensation coefficient cor- ) . )
R P es a method for estimating roll and pitch based on

lat ith th s 7S lk; . . L
related wi e gyroscope s random walk; and o complementary filtering, which improves the accu-

is a fixed threshold, if the change in visual angle be- racy of estimation for roll and ptch.
The flight of UAVs in the unknown UDS envi-

ronment mostly maintains a constant low speed. In

tween adjacent frames exceeds this value, and the
system identifies it as an abnormal outlier.Its specif-

ic value depends on the maximum angular velocity this flight state, the specific force measured by IMU

of the UAV and the frame rate of the camera. is the projection of gravity in the IMU coordinate

Finally, for the relative attitude angle with sig-

system. The a,, and a,, of UAVs can be correct

nificant estimation error, the predicted value a—— ) . - ) )
Angle} ed by using this specific force as a gravity constraint.
replaces the estimated result @,,,,; to determine the The projection of the specific force component f;
relative @, of the UAV. Considering that the pre- measured by IMU in the body coordinate system
dicted value based on IMU recursion will diverge  can be expressed as f; = R{ f;, where R} can be ob-
over time, we introduce a dynamic threshold based tained in advance by external parameter calibration.
on IMU gyro random walk in determining the abso- gw 1s the gravity under the world coordinate sys-

lute residual. As the number of error estimation in- tem, and its projection under the body coordinate
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system can be expressed as g, = R gw, where Ry
can be obtained from the visual odometry.

When the UAYV is flying at a constant speed,
f» and gy should exhibit consistency. However, due
to the accumulated error in the recursive process,
the actual f; does not align with g,. Consequently, a
gravity constraint residual p is formulated to repre-

sent the error

; X
o = arcsin (20 (13)

” 85 Js ”

In this paper, the gyro data is corrected by us-

ing p, thus RY given by VIO is corrected. The cor-
rected gyro data w by p is represented as
wo=w-+tdp (14)

where d determines the weight of gravity constraint

in gyro correction. When the UAV is in a steady-
state or low maneuverability mode, the gravity con-
straint is trusted and integrated with the IMU to
eliminate accumulated errors.

In this paper, the residual error is constructed
based on the gravity constraint, and the gyro data is
modified by complementary filtering. The accuracy
of RY, provided by VIO is enhanced, significantly re-
straining the roll and pitch divergence of the UAV.

3 Experiment and Analysis

3.1 Experimental platform and environment

In this paper, a self-built experimental platform
is used to collect the required test data in the corri-
dor. The experimental platform and environment

are respectively shown in Fig.5.

Experimental environment

Fig.5 Experimental platform and environment

The equipment which is carried on the experi-
mental platform includes LIVOX MID-360 LiDAR
and Intel RealSense T265 camera. In Fig.5, the
black line represents the ground truth trajectory, the

red line the trajectory drawn by our proposed algo-

rithm, and the blue line the trajectory drawn by tra-
ditional VIO. The proposed vision-inertial odometry
algorithm based on structural information assistance
is verified on the robot operating system (ROS).

The computer utilized in this paper features a
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3.3-GHz advanced micro device (AMD) eight-core
CPU and 16 GB memory.Due to its high precision
and robust visual odometry capabilities, the Intel
RealSense T265 camera has been widely used in the
UAYV industry. Thus, in this experiment, the odom-
eter information which is output by the Intel Re-
alSense T265 camera is chosen to represent tradi-
tional visual odometry and is compared with the al-
gorithm proposed in this paper.

For position reference, the experiment utilizes
the Leica Nova MS60 full station scanner. The Lei-
ca Nova MS60 MultiStation is used to provide the
ground-truth position measurements. In prism mea-
surement mode, its distance measurement accuracy
is specified as + (1+0.001 5D) mm, where D is
the measured distance in meters. As the total station
scanner couldn’ t provide attitude reference, the
LIVOX MID-360 LiDAR is employed, and the atti-
tude angle calculated by FAST-LIO'™' serves as
the attitude reference. The drift error is less than
0.05% of the total distance length of the carrier

movement.
3.2 Analysis of image denoising

We employ the accelerated-KAZE (AKAZE)
feature extraction algorithm, setting the number of
feature points to 100. Feature points are sorted in
descending order by response strength and selected
preferentially, so that the quality of the denoised
images can be directly reflected by the number and
proportion of valid feature points. Three different
scenes are selected for experiments, where denois-
ing is performed using both BM3D and AMEF-
BM3D algorithms for comparison and analysis.
The processing results are shown in Table 1 and
Fig.6.

To further quantify the performance improve-
ment, the ratio of valid feature points to the total

number of feature points is calculated for three typi-

Table 1 Ratio of effective feature points %

Algorithm  Scenario 1 Scenario 2 Scenario 3 Average
BM3D 50 57 44 50.33
AMF-BM3D 89 91 85 88.33

(e) Secnario 3 (BM3D)
Fig.6 Comparison of AMF-BM3D and BM3D algorithm

effects

(d) Secnario 3 (AMF-BM3D)

cal scenes. As shown in Table 1, AMF-BM3D
achieves an average increase of approximate 38% in
valid feature point ratio compared to traditional
BM3D, fully demonstrating the superiority of the
proposed method in denoising and feature extraction
of weakly lit fisheye images.

The items within the red box represent noise.
Images denoised by BM3D still contain residual
noise, resulting in sparse feature point distribution
and more mismatches. In contrast, AMF-BM3D ef-
fectively suppresses noise, significantly increasing
the number of feature points, which are more even-
ly and densely distributed. Feature extraction in key
structural regions is more accurate and complete.
Therefore, in this paper, AMF-BM3D is used to de-
noise the image to improve the feature point extrac-
tion effect, and the positioning effect is further veri-

fied on this basis.
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3.3 Analysis of attitude and positioning accuracy

Limited by the length of the UDS environ-
ment, the total trajectory length for this experiment
is 46 m. The coordinate system in the experimental

environment image is the world coordinate con-

structed based on the characteristics of the environ-
ment. The results of attitude and positioning accura-
cy are shown in Tables 2, 3 and Fig.7. The root
mean square error (RMSE) is employed to quantita-

tively evaluate the attitude and positioning errors.

Table 2 Comparison of attitude RMSE and drift

Algorithm RMSE/(") Drift/ %
g0 Roll Pitch Yaw Roll Pitch Yaw
Proposed method 0.88 0.22 1.67 0.28 0.29 0.29
Traditional VIO 1.42 0.55 2.73 0.46 0.71 0.48
Table 3 Comparison of position RMSE and drift
Alorith RMSE/m Drift/ %
goritim Y axis Z axis Y axis Z axis
Proposed method 0.03 0.03 0.62 6.69
Traditional VIO 0.12 0.23 2.78 49.26
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Fig.7 Attitude and position error curves

The following conclusions are drawn from Ta-
bles 2, 3 and Fig.7.

(1) Analysis of the data reveals that, in com-

parison to traditional VIO, the proposed algorithm
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achieves an increased accuracy of roll, pitch and
yaw in the UDS environment by 39.13%, 59.15%
and 39.58%, respectively.

(2) The proposed algorithm optimizes the atti-
tude of the UAV, leading to significant enhance-
ments in Y axis and Z axis positioning. However,
owing to the typical degraded characteristics of the
UDS environment, the accuracy of motion estima-
tion along the camera’s optical axis is poor. Conse-
quently, the positioning accuracy along the X axis
exhibits a similarity to that of traditional VIO algo-
rithms, characterized by notable errors.

Therefore, in this experiment, only the RMSE
and drift of the Y axis and Z axis are compared.
Analysis of the data indicates a substantial reduction
in positioning error along the Y axis and Z axis com-
pared to the traditional VIO algorithm, achieving an
order of magnitude improvement in UDS environ-
ment. The proposed algorithm enhances positioning
accuracy by 77.70% and 86.42%.

According to the experimental results, it can
be observed that in UDS environment, traditional
VIO methods suffer from rapidly diverging position-
ing errors along the Y axis and Z axis during long-
distance movements. This issue arises due to the
lack of relative attitude constraints. In contrast, the
proposed method significantly improves attitude esti-
mation in UDS environment, thereby enhancing

overall positioning accuracy.
3.4 Real-time and robustness analysis

The core objective of this study is to achieve ef-
ficient and robust attitude estimation for aircraft. At
the methodological level, we first make significant
improvements to traditional vanishing point detec-
tion methods. By combining the MW assumption
with gravity vector constraints, the computational
process is significantly optimized.

At the algorithmic level, we improve the tradi-
tional vanishing point detection method. By combin-
ing the MW assumption with gravity vector con-
straints, we effectively narrow the search space for
structural features. Experimental results indicate
that this optimization significantly reduces computa-

tional redundancy. The processing frame rate of the

attitude estimation module increases from 562.35 ms
using the traditional exhaustive search strategy to
279.25 ms with the proposed gravity constraints.
This data confirms that the algorithmic efficiency
is improved by approximatel 50.3% , accelerating
the visual module while maintaining estimation ac-
curacy.

Furthermore, considering that structural fea-
tures in UDS environments do not change abruptly
between adjacent frames, it is unnecessary to per-
form heavy vanishing point calculations for every im-
age frame. Therefore, we adopt an intermittent
measurement to update strategy. The computation-
ally intensive structural feature extraction is per-
formed only on selected keyframes, while the high-
frequency IMU integration maintains the pose esti-
mation in the intervals. This strategy effectively bal-
ances the computational load and the estimation fre-
quency.

To address the bottleneck issue where V-
SLAM systems are prone to failure in extremely
low-light or textureless environments, we innova-
tively introduce an IMU-based filtering algorithm
for pose estimation. This method effectively fuses
temporal data from the gyroscope and accelerome-
ter, and through complementary filtering or a Kal-
man filter framework, can maintain stable pose out-
put even when visual information is missing. As
shown in Fig.8, in the simulated dark scenario, the
traditional visual SLAM system (red line) exhibits
significant divergence due to feature tracking fail-
ure, yielding mean errors of 7.23° in roll and 7.44°
in pitch. In contrast, the proposed IMU-based com-
plementary filtering method (blue line) effectively
suppresses drift, restricting the mean error to 1.37°
for roll and 1.89° for pitch. These metrics corre-
spond to accuracy improvements of 81.05% and
74.59% , definitively demonstrating that the system
can maintain high-precision pose estimation even
when visual information is severely degraded.

After full-process system testing, the visual
processing thread achieves an average frame rate of
12.28 Hz on standard test sequences. It is important
to note that while the visual module operates at this

rate, the final state estimation output of the system
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Fig.8 Attitude estimation in dark environment

is synchronized with the high-frequency IMU. By
fusing the low-latency IMU propagation with the vi-
sual corrections, the system provides real-time pose
feedback aligned with the IMU frequency, satisfy-
ing the high-bandwidth control requirements of

UAVs in complex, dynamic environments.

4 Conclusions

This paper proposes a visual odometry method
that integrates relative attitude information for UDS
environment with extended longitudinal distance,
narrow surroundings and a single extension direc-
tion. We estimate the relative heading angle using
the vanishing point method and roll and pitch angles
through complementary filtering. Through experi-
ments conducted in UDS environment and com-
pared with traditional VIO algorithms, the pro-
posed method significantly improves the accuracy of
attitude and position estimation in non-degraded di-
rections of UDS environment by integrating relative
attitude information, thus enhancing the flight safe-

ty of UAVs in narrow UDS environment.
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