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Abstract: In recent years, Low-altitude Rotorcraft Unmanned Aerial Vehicles (UAVs) have shown great potential in many
tasks, such as aerial mapping, search and rescue, plant protection, and more. In unknown environments, UAVs face the risk of
collisions with various unforeseen obstacles. For UAVs, the ability to effectively perceive and recognize obstacles from all
directions is crucial for ensuring safe flight, and a variety of sensors have been employed for this purpose. Among these,
panoramic vision-based obstacle perception systems offer significant advantages. This paper focuses on key technologies for
obstacle detection based on panoramic vision in UAVs. It reviews the current state of research and applications both
domestically and internationally, covering aspects such as hardware platforms, key algorithms (including model correction,
distortion correction, feature matching, image stitching), panoramic imaging, and omnidirectional obstacle detection. The
paper also identifies major bottlenecks and outlines future development directions. Based on this work, we will continue our
research on autonomous omnidirectional obstacle detection and avoidance.
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1. INTRODUCTION

In recent years, Low-altitude Rotorcraft UAVs have gradually become the preferred platform for performing low-airspace
tasks, such as aerial surveying, search and rescue, and aerial inspection, due to their advantages in portability and flexibility.
In practice, the uncertainty and complexity of low-airspace environments pose significant challenges, as various obstacles
(including trees, buildings, power lines, birds, and other flying objects) threaten the safe flight of UAVs. Therefore, it is urgent
to further enhance their capabilities in autonomous perception, decision-making, and path-planning. Among these, autonomous
perception of various obstacles is the most fundamental and critical capability.

Generally, obstacle perception methods used in UAVs rely on infrared sensors, ultrasonic sensors, laser sensors, radar
sensors or visual sensors. With the advancement of hardware technology, the visual sensors have become increasingly smaller
in size, more energy-efficient, and higher in resolution. In recent years, visual sensor-based obstacle avoidance has become an
essential component in various UAV systems. In practice, mainstream visual sensor-based obstacle avoidance systems include
monocular vision [1], binocular vision [2], trinocular vision [3], panoramic vision [4]. Among these, panoramic vision refers
to an omnidirectional imaging system that typically employs multiple cameras or fewer wide-angle cameras to construct a
surround-view system.

UAVs equipped with an omnidirectional field of view (FOV) can observe large visible regions, capturing scene
information from all directions. With the ability to acquire comprehensive environmental data in a short time, panoramic vision
is highly suitable for obstacle avoidance in unknown flight environments. For the obstacle avoidance tasks [5], it is essential
to accurately identify and locate relevant obstacles from a large amount of environmental information. This demands not only
the high-quality implementation of relevant algorithms but also the support of high-performance hardware. For instance, high-
resolution visual sensors integrated into platforms such as the EVO II and Mavic 3 enable panoramic vision systems that not
only capture real-time images and videos but also assist UAVs in achieving autonomous obstacle avoidance and navigation.
These applications offer valuable insights and directions for research and practical implementation of real-time omnidirectional
obstacle avoidance in UAVs.

A typical panoramic vision system consists of a hardware platform (including visual sensors and on-board computing
units) and a software system (including image processing, panoramic imaging, and control signal output modules). Based on
structural differences, the implementation of panoramic vision can be categorized into 6 methods as summarized in Table 1.
The table presents the performance level of each method across various issues, where five stars represent the best possible
rating.
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Table 1. Comparison of different panoramic imaging systems.

Imaging . Structural L
Category Ref FOV Qualification Real-time Complexity Cost Applicability
Monocular-based [6] K Fe e KK Fe He e B2 001 K fe e K fede e Small UAV
Multiple images Middle-large
stitching [7] ek e ek e Yoot Kk ke Kk UAV
Flsheyse;stirrll?ramlc [8] ek e e e et e *ok ke K et e ke e e e Small UAV
. Par}omorph [9] ke ke kK e ¥ K kkk e K kkk e Specific
Imaging system UAV
Catad1'optr1c [10] Kk kkk *khk K KAt Kk kk K kkk e Stanc'
panoramic system Observation
Monogentrlc [11] ke k ke k Kk et K kkk ke ke ke Adva_nced
panoramic system Experiment

By comparison: The Monocular Panoramic System is characterized by its simple structure and low cost, which facilitates
integration into small UAVs. However, it is generally incapable of achieving true omnidirectional perception without relying
on mechanical rotation or the motion of the UAV itself. As a result, the field of view is discontinuous, blind spots are present,
and depth information is unavailable. The multiple image stitching system is capable of producing high-resolution panoramic
images. The number and arrangement of cameras can be configured flexibly; however, accurate calibration and
synchronization are required. The image stitching algorithms are complex, and during high-speed flight, stitching delays can
negatively impact real-time performance. The fisheye panoramic system can achieve a viewing angle of 180° or greater,
reducing the number of required cameras and making it suitable for small UAVs. However, it suffers from severe image
distortion, blurred imaging in the edge regions, and difficulties in depth estimation. The panomorph imaging system enhances
image resolution in specific directions (such as the front or bottom) and optimizes the use of computing resources. However,
its system design is complex and challenging to mass-produce. In addition, it requires extensive image preprocessing, including
specialized decoding and correction algorithms. The catadioptric panoramic system achieves a full panoramic view by
combining mirrors and cameras. It produces distortion-free imaging at the centre, making it suitable for high-quality imaging
in static scenes. However, the system has a complex structure and large size, and the mirror support components are prone to
obstructing the field of view. The monocentric panoramic system adopts a unified optical axis design, features a compact
structure, and is well-suited for high-end micro-UAVs. However, the precise arrangement of lenses and sensors makes the
system extremely costly and difficult to calibrate and maintain.

In this paper, we present a detailed review and analysis of the hardware platform and key algorithms for panoramic vision-
based obstacle avoidance in Low-altitude Rotorcraft UAVs. We compared the advantages and disadvantages of several
representative solutions, and conducted preliminary experiments on key strategies, including hardware platform construction,
panoramic data acquisition, panoramic image stitching, and omnidirectional obstacle detection.

2. HARDWARE PLATFORM OF PANORAMIC VISION

In this paper, we focus on two categories of panoramic vision-based hardware platforms: single camera-based and multiple
cameras-based.

2.1 Single Camera-based Panoramic Vision Platform

There are two main methods for acquiring panoramic information using a single camera. One approach involves utilizing the
principles of light refraction to directly obtain panoramic images. The work presented in Ref. [12] introduced several
omnidirectional cameras sharing common components, including a panoramic imaging system composed of a paraboloidal
mirror, an orthographic lens system, and a CCD video camera. Similarly, Ref. [13] designed a compact and cost-effective
omnidirectional stereo vision system using a concave lens and a convex mirror, achieved with only a single camera. Ref. [14]
proposed a rotating optics system consisting of prism sheets, circular or linear polarizing films, and a hyperboloidal mirror,
offering two operational modes corresponding to the left and right eye images. All these systems rely on mirrors or reflective
components, which inevitably increase the weight and structural complexity of the omnistereo imaging system.

The other approach involves capturing a series of images by rotating or moving a monocular camera [15]. By seamlessly
stitching these images, a panoramic view can be generated. The key challenges lie in the accurate matching and stitching [16]
of overlapping regions between adjacent images. The work in Ref. [17] presented an online-generated panoramic view of the
user’s environment, suitable for execution on current-generation mobile devices such as smartphones. Generally, these
methods are applicable only in static scenes and are not suitable for real-time applications. Ref. [18] proposed two possibilities
for capturing omnistereo panoramas using optics without any moving parts. They introduced a special mirror designed to
replicate the same rays produced by rotating cameras, as well as a lens for omnistereo panoramas based on curves whose
caustic forms a circle. In practice, several factors, such as visible seams, vertical disparities in moving objects, and uneven
camera motion, can degrade the quality of stitching, potentially leading to significant visual artifacts or distortions in the final
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panoramas [19].

Based on the above analysis, panorama acquisition using a monocular camera system generally requires the UAV to
possess stable hovering capabilities and relies on the consistent rotational performance of a mechanical platform. Furthermore,
to ensure high-quality image stitching, additional redundant information or sufficiently large overlapping regions between
images are necessary. This, in turn, can lead to increased energy consumption, which may be undesirable for UAVs with
limited power resources

2.2 Multiple Cameras-based Panoramic Vision Platform

The multiple cameras-based panoramic vision platform consists of several cameras mounted along the same horizontal plane,
surrounding the UAV. By combining images from different viewpoints, the FOV of the individual cameras can collectively
cover all directions. The key to implementing such a platform lies in achieving precise synchronization across all cameras.
Systems such as Google Jump or Stereo Panorama Modeler [20] employ electronic synchronization mechanisms to ensure
simultaneous triggering, enabling the capture of 360° environmental information in real time. In Ref. [21], a system was
developed using three wide-angle camera modules, each with a 132° FOV, allowing full 360° coverage. However, the device
is relatively large, structurally complex, and challenging to manufacture and deploy. A fundamental aspect of multi-camera
platforms is image stitching. In commercial software such as PanoramaStudio [22], PTGui [23], and Hugin [24], high-quality
stitching requires significant user expertise and repeated practice, making them less accessible to non-professionals. Moreover,
common artifacts—such as motion parallax, visible seams, and synchronization errors [18]—often appear in the final stitched
panoramas, especially under dynamic or high-speed conditions.

In addition, weather conditions play a critical role in the performance of obstacle detection systems. For example, the
Mavic 3 - a widely used UAV equipped with six fisheye cameras and two wide-angle cameras for omnidirectional obstacle
avoidance - demonstrates certain limitations in adverse environments. Practical experience has shown that its obstacle
avoidance capabilities are reduced in scenarios involving rain, snow, fog, or reflective surfaces such as water or ice. Moreover,
low ambient light conditions may cause the vision system to malfunction or perform unreliably.

As mentioned above, both monocular and multi-camera systems share certain similarities. First, multiple images covering
omnidirectional scene information must be acquired; Then, panoramic images are generated through image stitching
algorithms. In both cases, when the time interval between adjacent frames is sufficiently short - or when the number of cameras
is large - a significant amount of image processing is required. Consequently, this imposes high demands on the real-time
processing capabilities of onboard computing platforms.

Therefore, for any panoramic vision-based obstacle avoidance system, future development should focus on mitigating the
impact of adverse weather conditions, enhancing the quality and efficiency of image stitching, and reducing the technical
barriers to implementation.

2.3 Fisheye Camera-based Panoramic Vision

Generally, a single camera-based panoramic vision system generally requires a rotating head to capture panoramic image
sequences, which leads to a lack of synchronization in the acquired image sequences and makes it unsuitable for fast-moving
UAVs. In contrast, a multi-camera panoramic system increases in cost and payload, and the calibration accuracy of the multi-
view system decreases as the number of cameras increases. In practical applications, fisheye or wide-angle cameras are often
used due to their large FOV [25]. With a larger FOV, fewer fisheye cameras are needed to capture horizontal 360°xvertical
180° omnidirectional information compared to conventional cameras. This not only facilitates omnidirectional obstacle
detection but also reduces the payload requirements for UAVs. Recent studies on obstacle detection using panoramic vision in
low-altitude rotorcraft UAVs have increasingly focused on wide-angle cameras [21] and fisheye cameras [26].

To construct a fisheye cameras-based panoramic vision system suitable for obstacle avoidance, researchers around the
world have made numerous attempts. In systems such as AerialPro360 [27] and Ricoh Theta [28], two fisheye cameras are
used to build the panoramic vision system. These configurations provide maximum stereo information along the median line
(perpendicular to the baseline) but lack stereo information along the baseline. Moreover, the image resolution is often
insufficient to meet the requirements of image processing algorithms. Ref. [29] proposed geometry calibration, photometric
compensation and seamless stitching algorithms to address challenges such as fisheye distortion, luminosity inconsistency,
and non-collocated optical centres. The work in Ref. [30] introduced a camera setup capable of capturing omnistereo videos
using a minimum of three fisheye cameras without any moving parts. Ref. [31] employed a panoramic vision system composed
of four fisheye cameras. Increasing the number of cameras helped reduce distortion, thereby improving obstacle detection
performance. Furthermore, the study in Ref. [32] utilized six GoPro cameras (horizontal 220°x vertical 195°), each mounted
under a separate rotor arm, to construct a surround-view system. The wide FOV of the GoPro cameras ensures sufficient
overlapping regions between adjacent images, which is advantageous for generating artifact-free stitched panoramic images.

2.3.1 UAV Platform

To develop a panoramic vision obstacle detection system suitable for small quadrotor UAVs, we comprehensively consider
factors such as the payload capacity, operating environment, task requirements, computational demands, and cost control. As
a result, we selected the Raspberry PI 4.0B as the onboard processing unit, and mounted four fisheye cameras beneath the four
propellers to construct a panoramic vision hardware platform. This configuration provides a FOV that covers the full 360°
environment surrounding the UAV (Figure 1).
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Figure 3. Imaging process of a fisheye camera [33].
Figure 2. Transformation between Cameras and IMU.

As shown in Figure 1, the components highlighted in blue represent the quadrotor UAV. Co to Cs are the four fisheye
cameras, each with a FOV of 222°. Any two adjacent cameras share a certain overlapping visible area, referred to as the
binocular visual area, allowing them to be approximately treated as a binocular vision system. Figure 2 illustrates the
transformation relationships among the IMU (representing the UAV body), the fisheye cameras (using C, and C; as an
example), and a spatial point P. Xy, Y Zy, is the world coordinate; XzYgZp is the IMU coordinate; X,Y,Z,and X;Y;Z; are,
respectively, the camera coordinate of fisheye cameras C, and C;. P, and P; are, respectively, the imaging point of a space
point P in €, and C;.

2.3.2 Projection Model of Fisheye Camera

Fisheye lenses are capable of capturing incident light from a much wider range and projecting it onto a size-limited imaging
plane through varying degrees of refraction. The FOV of a fisheye camera can reach or even exceed 180°. As a result, unlike
the pinhole projection model used in conventional cameras, the fisheye model must incorporate distortion parameters to
accurately represent its imaging characteristics.

Figure 3 shows the distortion-based imaging process of a fisheye camera where 0, — XY-Z.: Camera coordinate system,
0, — xy: Physical image coordinate system, 0 — uv: pixel coordinate system, P: A point in the world coordinate system O; —
XwYwZy, p(x,y): The distorted imaging point P captured by the fisheye camera, p’(x’, y"): The undistorted projection points
of P using a pinhole camera model, 6: The incidence angle between the Z,. — axis and the incoming ray from P, r: the radial
distance from p to the principal point O,, ¢: The polar angle between the radial direction of p and the x — axis and f: The
focal length of the fisheye camera. The process can be described as follows:

e Firstly, according to the imaging process of pinhole model, a 3D point P(X,Y, Z) is projected onto the image plane as a

point p’(a, b) without distortion. The polar coordinates of p’ can be denoted as (7, ¢), where r is the radial distance from
the imaging point to the principal point, and ¢ is the corresponding polar angle. The angle of projected incidence ray,
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denoted as 6, can be calculated accordingly.

Due to lens distortion, the light ray exits at angle 6; # 6, and the actual imaging point on the distorted image plane
becomes p’(x',y").

Using the equidistant projection model, the relationship between the incident angle 6 and the radial distance » on the image
plane can be described as r = f - 8, where f is the focal length of the fisheye lens, and 6 is the angle between the optical
axis and the incoming light ray. To simplify the model or account for small-angle approximations, a Taylor series
expansion can be applied to approximate the projection function:

Hd = 6(1 + klez + k204 + k366 + k408) (1)

where, kq, k, ks, k, are high-order distortion coefficients, calculated by camera calibration.
Let r; = 64, then the polar coordinates of p are (84, @), and the corresponding Cartesian coordinates are

r_ ba r_ ba
x—ra,y—rb 2)

To convert the point p’(x',y") from the camera coordinate system to the pixel coordinate system, the camera intrinsic

parameters are applied. The transformation is given by:
u=fix'+c,
/ 3
{V = fyy t¢ ®)

where, f, f, are the focal lengths in the x and y directions (in pixels). c,, ¢, are the coordinates of the principal point
(optical centre) in the image.

3. KEY ALGORITHMS IN OBSTACLE DETECTION

As shown in Figure 4, the key algorithms involved in obstacle detection based on panoramic vision include system calibration,
omnidirectional information acquisition, distortion correction, feature matching, fisheye image stitching, obstacle recognition
and extraction, among others.

3.1 System Calibration

3.1.1 Parameters

According the Figures 2 and 3, in the process of projecting a 3-D point P(X, Y, Z) onto a 2-D image, the extrinsic parameters
T¢oc, = (R, T) and intrinsic parameters (Ko, ky, My, My, U, Vo, K3, k3, ks) must be calculated.

System Calibration ] [ Omnidirectional Info Capturing ]
L 1

System Parameters ] [ Image Preprocessing ]
[ I

—)[ Distortion Correcting ]<:) [ Features Matching ]
I

¥
Images Stitching ]
¥

Panoramic Image ]
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—)[ Images Segmentation ]

v

[ Objects Detection and Extraction ]
Flight Status w No
from IMU
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[ Obstacles Information ]
N

—)[ Obstacles avoidance ]

v

[ Previous flight status ](7

Figure 4. Flowchart of obstacle avoidance.
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For the extrinsic parameters, R is a 3X3 rotation matrix and T = (ty, t,, t,)T is a translation vector. Considering the
similarities with a binocular system, R and T can be obtained through binocular calibration [34]. Additionally, the extrinsic
parameters, including Rp¢,and tp(,, can be calibrated via Camera-IMU calibration. The intrinsic parameters are used to map
the camera coordinates onto the image plane. From the perspective of automatic calibration, the first five terms of the Taylor
expansion of r with respect to 8 are generally used to approximate the radially symmetric part of the fisheye camera model:

7(0) = ko + k.03 + k05 + k307 + k,0° 4)

From this formula, the radially symmetric part of the fisheye camera model contains the five parameters: kg, kq, ky, k3, ka,
which are the radical distortion parameters that need to be calibrated.
In the pixel coordinate system, the origin is located at the top-left corner of the image plane. The imaging pointp = (u, v)

can then be calculated as:
uy _ [my 0]x Ug
(v) - [ 0 m,,] (y) + (Uo) ®)

where (ug, v4)7 is the principal point, and m,,, m, are the number of pixels per unit distance in the horizontal and vertical
directions, respectively.

3.1.2 Parameters Calibrating

That is, obtaining the intrinsic and extrinsic parameters of a fisheye camera. Fisheye cameras are widely used in machine
vision due to their wide FOV. However, the distortion in fisheye images pose challenges to calibration accuracy [35]. The
work in Ref. [36] proposed a precise mathematical imaging model and implemented an adaptive automatic corner detection
algorithm, addressing some limitations of traditional methods, such as original constraints and the need for user intervention.
Building upon high-precise calibration of the intrinsic and external parameters of fisheye cameras with FOVs greater than
180°, Ref. [37] defined a loss function based on camera projection to effectively optimize extrinsic parameters (tilt and roll
angle) and intrinsic parameters (focal length). For setups involving three or more fisheye cameras, considering the error caused
by distortion in fisheye images, Ref. [38] proposed calibration and stereo measurement methods that introduce optimal baseline
weights to improve distance accuracy and ensure a more uniform error distribution.

In practice, the larger the FOV of a fisheye camera, the more serious the imaging distortion becomes, particularly for
objects near the edges of the image. In a panoramic vision system composed of fisheye cameras, high-quality, seamlessly
stitched panoramas can only be obtained after accurate calibration and distortion correction [36]. These panoramas are essential
for the reliable localization and extraction of omnidirectional obstacles.

To calibrate the parameters of our panoramic vision system, we followed the process outlined:

e Step 1. Monocular Calibration:

The intrinsic and distortion parameters of each fisheye camera were obtained individually. A checkerboard calibration

plate was placed at various positions and angles within the FOV of each camera to capture a sufficient number of

calibration images. An appropriate fisheye model and distortion model were selected. In our case, we adopted the intrinsic
and distortion parameters described above as the model parameters. The Camera Calibration Toolbox in OpenCV was
used to compute the intrinsic parameter matrix and distortion coefficients for each fisheye camera.

e Step 2. Extrinsic Calibration of Multiple Cameras:

To enable panoramic stitching, the relative pose—comprising the rotation matrix R and transfer vector T—between the

four fisheye cameras were calculated. The calibration board was positioned within the overlapping regions of the FOVs

of the adjacent cameras, and multiple images were captured simultaneously. Feature points on the calibration board were
extracted and matched across overlapping FOVs.

A binocular calibration tool was then used to estimate the relative poses between adjacent camera pairs.

3.2 Image Preprocessing

In natural environments affected by fog, rain, or snow, imaging quality deteriorates significantly, which severely impacts the
performance of visual perception algorithms. Addressing the influence of such harsh environmental conditions has long been
a key challenge in the field of machine vision.

Studies in Refs. [39], [40], and [41] have proposed algorithms to enhance the quality of real-time images. By collecting
the data under adverse weather conditions, corresponding neural network models can be trained to improve image robustness.
Additionally, UAV dynamics can serve as auxiliary information for self-state perception [42], further enhancing the
effectiveness of visual perception under challenging environmental conditions.

3.3 Distortion Correcting

In practice, distortion in fisheye images primarily includes radical distortion and tangential distortion. These distortions can
lead to significant geometric deformation of object images, making distortion correction essential to eliminate visual
degradation caused by such deformations.

For simple correction algorithms, polynomial models [43] can be used to fit the radical distortion parameters. The work
in Ref. [44] proposed a "smile"-based lens distortion correction (SLDC) method, which utilizes the Hough transform to
reconstruct distorted lines using key points along the smile-shaped Hough pattern. Ref. [36] extracted feature points from a
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calibration plate with a known pattern and completed the distortion computation and correction accordingly. Other commonly

used distortion correction models include the Equidistant Projection Model [45], the Double Sphere Model [46], methods

based on deep learning [47]. In practical applications, the severity of distortion determines the most suitable correction model

and parameters.
In our study, the distortion correction process for fisheye images is as follows:

e Step 1. Select the distortion model: We adopted the Isometric model, expressed asr = f - 6.

e Step 2. Select the projection model after correction: We used a planar projection model to produce a panoramic image
resembling a normal camera view after correction.

e Step 3. Compute the mapping matrix: We employed the cv2.InitUndistortRectifyMap( ) function from OpenCV to
calculate the mapping matrix based on the chosen distortion and projection models.

e Step 4. Apply the correction mapping: The original fisheye image was transformed into the corrected image using the
computed mapping.

3.4 Distortion Correcting

3.4.1 Choice of Overlapping Regions

Since feature detection and matching are computationally intensive processes, the appropriate selection of overlapping regions
between adjacent images can significantly improve the efficiency of image stitching. Taking spherical panoramas composed
of fisheye cameras as the research context, Ref. [48] adopted a 16% overlap threshold. The work in Ref. [49] suggested a
threshold of 15%. While Ref. [50] preferred an overlap in the range of 20%-25%. Considering both the FOV and full-coverage
distance, Ref. [51] estimated the optimal threshold to be 32%. Although these methods vary in the choice of overlap percentage,
all successfully produced panoramic images.

However, in UAV-based systems, constraints such as payload and power consumption necessitate an optimal and efficient
definition of the overlap threshold. In our study, we captured four fisheye images from four fisheye cameras almost at the same
time. Naturally, overlapping regions exist between any two adjacent images. Given the significant distortion present in fisheye
images, and in order to obtain more reliable feature points (i.e., potential matching points), we selected a 40% overlap
threshold, as illustrated in Figure 5. In the figure, starting from the left and right boundaries of the circular fisheye image, 40%
of the horizontal imaging region is selected as the overlapping area for feature detection and matching.

3.4.2 Feature Matching

In feature matching algorithms, commonly used methods include SIFT [52], SURF [53], and ORB [54]. SIFT extracts features
by applying a Gaussian filter and constructing Gaussian and Difference-of-Gaussian (DoG) functions. Although it offers high
accuracy and robustness, its high-dimensional descriptors and computational complexity result in limited real-time
performance. Ref. [52] proposed a method for extracting distinctive invariant features from images, which enables reliable
matching between different views of an object or scene, and further demonstrated its application in object recognition. The
work in Ref. [19] introduced a fisheye image stitching method based on colour calibration tools, effectively eliminating
luminance differences between fisheye lenses. In panoramic vision systems, feature point-based matching and stitching
methods [55] tend to be computationally expensive, while region-based methods [56] offer better real-time performance with
reduced computational load [57].

Additionally, during the image stitching process, matching errors may accumulate progressively [58], leading to air facts
such as waviness, tilt, or warping in the resulting panoramic image. Therefore, reducing matching errors is crucial for
improving the overall stitching quality [59]. Figure 6 show a case where SURF is used to detect and match the feature points
between adjacent images

Figure 6. Feature point matching.

Figure 5. Selection of overlapping regions.
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Figure 7. Image stitching.

3.5 Image Stitching

After feature matching is performed within the overlapping regions, the matched feature points in adjacent images are
identified and used for stitching, resulting in a seamless panoramic image as shown in Figure 7. The grey areas in the sky are
caused by interference from the propellers, and are primarily located along the seams of adjacent images. Due to differences
in focus or exposure settings between cameras, preprocessing the original images to ensure consistent resolution and brightness
is beneficial for improving both real-time performance and stitching quality.

Depending on the hardware platform, 360° panoramas are typically obtained through either traditional image stitching
[60-64] or fisheye image stitching methods [65-67]. For the former, conventional feature descriptors, such as SIFT, SURF, or
ORB perform well with standard images but struggle to handle the significant distortion present in fisheye images. Ref. [65]
introduced a method for aligning dual-fisheye images using interpolation grids based on rigid moving least squares, refining
control points before alignment and achieving good results in case with mineral parallax. Ref. [66] proposed a stitching model
that learns image distortion and incorporates professional image quality estimation to enhance stitching results. Similarly, Ref.
[67] employed an image quality estimation approach to accelerate the stitching process by a factor of six. Ref. [68] proposed
an Attention-based Nonlinear Activation Free Network to effectively deblur fisheye images.

Regardless of the specific method, image fusion remains the key step in the stitching process [69][70]. Most traditional
stitching techniques rely on weighted average fusion, which often results in blurred transitions in the overlapping regions and
fails to preserve complete object contours near stitching boundaries [71]. To address this, Ref. [59] presented an improved
Laplacian multi-resolution fusion method based on the Min-Cut/Max-Flow algorithm, which achieved high-quality, seamless
panoramic results. Ref. [72] introduced an algorithm based on discrete cosine transform (DCT) standards to fuse multi-focus
images in wireless visual sensor networks. Furthermore, Ref. [73] proposed a weighted fusion algorithm based on the arc
function, which provided smoother transitions, especially in the central region of stitched images.

4. OMNIDIRECTIONAL OBSTACLE DETECTION

Through the above processing steps, high-quality panoramic images have been successfully obtained. As the next stage, to
ensure the safe flight of low-altitude UAVs in complex environments [74], the ability to recognize obstacles quickly and
accurately becomes crucial. Currently, there are two primary approaches for achieving obstacle perception in low-altitude
UAYV systems.

4.1 Visual Ranging Methods

To obtain scene depth in the coordinate system of visual cameras, both active and passive vision techniques can be employed.
Common approaches include structural light systems [75] and binocular disparity estimation [76]. Using depth data acquired
from these methods, a local 3D obstacle map can be reconstructed, enabling obstacle localization and flight path planning.
However, these techniques often suffer from limited accuracy and depth range. Moreover, visual algorithms tend to be
computationally intensive, making real-time processing a significant challenge.

To address this, parallel computation using GPU hardware has been explored. Ref. [77] improved algorithm efficiency
significantly by offloading obstacle image processing to GPU resources. Ref. [78] developed an optical detection system that
effectively detects front-facing obstacles, providing information on distance, azimuth, and width in unknown environments.
Ref. [79] proposed a depth perception method that combines omnidirectional imagery with structured light encoding to obtain
full-scene depth information, while Ref. [80] presented a novel omnidirectional structured light system with a flexible
configuration that overcomes the rigidity of traditional setups.

In terms of passive techniques, Ref. [81] introduced a motion parallax-based depth estimation algorithm, which utilizes
both image sequences and known camera motion parameters. Ref. [82] developed BidNet, a binocular image dehazing Network
based on deep learning, which enhances the visibility of stereo image pairs without relying on time-consuming disparity
estimation. Ref. [83] proposed OmniVidar, a system employing four wide-FOV cameras to achieve high-resolution and high-
speed depth estimation. Ref. [84] presented a cascade architecture using a dynamic spherical sweeping method to refine depth
estimates progressively from coarse to fine. Lastly, Ref. [85] introduced a two-stage omnidirectional depth estimation
framework that utilizes spherical feature learning to handle panoramic distortion, delivering robust results in both synthetic
and real-world scenarios.
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4.2 Optical Flow Methods

When objects in the environment move relative to a visual system, the system perceives changes over time. By processing this
temporal information through neural networks or algorithmic models, the Time to Collision (TTC)—the time remaining before
an impact occurs—can be estimated [86]. This concept forms the basis of TTC-based obstacle avoidance algorithms, which
have been successfully applied in assisted driving systems. For instance, Mobile Eye products [87] utilize similar technologies
to provide real-time collision warnings.

Applying TTC-based methods to low-altitude UAVs, however, presents two primary challenges:

4.2.1 Optical Flow Calculation Quality and Efficiency

Accurate TTC estimation relies heavily on reliable optical flow data. While the Lucas-Kanade method [88] is computationally
efficient and widely used, it only calculates optical flow at sparse feature points, potentially missing important motion cues
from obstacles, particularly in texture-less regions. On the other hand, dense optical flow algorithms—which provide pixel-
level motion estimation—require intensive optimization procedures [89][90], making them unsuitable for real-time
applications on CPU-constrained UAV platforms.

Recent advances in CNN-based dense optical flow estimation have outperformed traditional methods in terms of accuracy
and robustness. These models can operate in real time when supported by high-performance GPU hardware. However, the
deployment of such deep learning models on small UAVs is currently limited by the capabilities of onboard Al computing
platforms. Ref. [91] introduced a phase-based method for optical flow estimation on omnidirectional images, demonstrating
improved robustness and accuracy over conventional approaches. Ref. [92] proposed a wavelet-based method leveraging a
decomposition of the Brightness Change Constraint Equation to efficiently compute optical flow in omnidirectional image
sequences, effectively addressing the challenges of locally non-uniform flows.

4.2.2 Accurate TTC Estimation from Optical Flow

Once optical flow is computed, the next challenge is to accurately derive TTC values. Two main approaches are commonly
used. Ref. [93] estimates TTC under the forward flight assumption, where the UAV is presumed to be moving straight ahead.
Ref. [94] proposes calculating TTC by analysing the area scaling of local image regions, a method that is less dependent on
the UAV's specific flight mode. While the second approach provides greater flexibility, both are approximate methods and
often introduce significant estimation errors, especially in complex or dynamic environments.

4.3 Research and Application Status

With the continuous advancement of hardware technologies, the performance and computational efficiency of obstacle
perception algorithms have significantly improved. Various approaches have emerged, each with unique strengths and
limitations:

4.3.1 Obstacle Recognition Algorithms

Typically, there are three categories of obstacle recognition algorithms:

1. Traditional Feature-Based Methods
An early approach involves the use of morphological Haar wavelets [95] to locate candidate obstacle regions, followed
by the extraction of HOG features. These features are then classified using a Support Vector Machine (SVM). While this
method provides a structured pipeline, the process of feature extraction is complex and prone to capturing ineffective or
irrelevant features, which may reduce recognition accuracy.

2. Region-Based Convolutional Neural Networks (R-CNN)
The second class of methods is based on region proposals, with the R-CNN series [96] being a representative example.
Faster R-CNN [97], in particular, has demonstrated excellent performance in detecting small, overlapping, and partially
occluded aerial targets under challenging conditions such as lighting variations and cluttered backgrounds. This makes it
highly suitable for UAV applications.

3. One-Stage Detection Models (Without Region Proposal)
A more recent trend is the development of single-shot detection models, such as the YOLO series [98], which bypass
region proposal steps and perform object detection in a single forward pass. These models offer high speed and efficiency,
making them well-suited for real-time onboard processing on UAV platforms.

4.3.2 Collaborative Perception in Multi-UAV Systems

In multi-UAV deployments, collaborative perception poses a significant challenge, particularly in terms of efficient
communication and mutual localization. Each UAV must be aware of the positions and task progress of others in the formation.
Several approaches to relative pose estimation have been proposed:

e Common Visual Feature Matching: Identifying shared environmental features visible to multiple UAVs [99].

e Visual Markers or Identification Tags: Placing markers or tags on UAV fuselages for easier recognition [100].
e Key Point Regression: Estimating the relative pose by regressing the key parts of other UAVs within an image [101].
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Figure 8. Obstacles detection.

Despite their potential, these above methods face challenges related to accuracy, robustness, and real-time reliability, especially
in dynamic or cluttered environments. Figure 8 shows the result of obstacle detection by YOLOvVS. Based on the UAV’s flight
height, several potential obstacles are extracted from the panoramic image. It can be observed that there are cases of
misjudgements, duplication and other issues in the extracted obstacles. Improving the accuracy of obstacle extraction will be
one of our future research directions. Further research is required to enhance their performance and adaptability in practical
scenarios.

5. CONCLUSION

5.1 Challenges
In summary, the panoramic vision-based obstacle avoidance system using fisheye cameras faces the following challenges:

1. Trade-off between perceptual range and resolution.
Panoramic vision systems are designed to cover a 360-degree FOV, often using fisheye lenses or multiple camera arrays.
However, this wide coverage often results in reduced resolution and a loss of detail, making it difficult to perceive distant
obstacles accurately. On the other hand, using high-resolution cameras significantly increases the computational
complexity of image processing, thereby affecting real-time performance.

2. Sensitivity to lighting conditions and adverse weather.
Variations in lighting—such as strong light, shadows, and night flight—as well as adverse weather conditions—such as
rain, fog, and strong winds—pose significant challenges to the stability and reliability of panoramic vision systems. For
example, the Mavic 3, which uses omnidirectional obstacle sensing, performs poorly when encountering uniformly
coloured surfaces, rapid light changes, or small-sized obstacles.

3. High computational demand.
Panoramic vision involves extensive image processing tasks, including panoramic image stitching, obstacle detection, and
depth estimation. These processes require substantial computational resources. However, the onboard computing power
of small rotary-wing UAVs is limited, making it difficult to support complex image processing and deep learning
inference. The delays caused by such processing make it challenging for the system to react promptly to dynamic obstacles.

4. Sensor failure and system robustness.
During flight, cameras may experience failure due to vibration, physical damage, or occlusion. Such failures can
compromise the robustness and safety of the obstacle avoidance system. Ensuring continued obstacle avoidance
functionality in the event of partial sensor failure remains a critical and unresolved challenge

Although a conclusion may review the main points of the paper, do not replicate the abstract as the conclusion. A conclusion
might elaborate on the importance of the work or suggest applications and extensions.

5.2 Development Direction

It can be concluded that the development directions of panoramic vision systems based on fisheye cameras for UAVs are as
follows:

1. Low-power, high-efficiency panoramic visual perception.
The adoption of lightweight deep learning models, such as Tiny-YOLO and MobileNet, enables real-time obstacle
detection under constrained computational resources. Additionally, the integration of transformer architectures or
reinforcement learning algorithms can enhance the system’s capability of dynamic scene prediction.
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2. Improved adaptability to diverse environmental conditions.
With the rapid development of machine vision hardware, high-resolution and wide dynamic range cameras are becoming
more accessible, allowing better adaptation to complex lighting environments. Moreover, the use of novel vision sensors,
such as event cameras, further enhances perception performance in low-light or high-speed scenarios.

3. Integration of multi-sensor intelligent systems.
By combining visual sensors with liDAR, infrared sensor, IMUs and other sensory modalities, and applying data fusion
techniques, such as Kalman filter or particle filter, the system can achieve higher fault tolerance, robustness, and overall
reliability through sensor redundancy.

4. Enhance autonomy and environmental adaptability.
Utilizing online learning and adaptive algorithms allow UAVs to dynamically adjust their perception and obstacle
avoidance strategies in real-time based on environmental changes. The development of simulation platforms, such as
AirSim and Gazebo enables effective training and testing in realistic virtual environments.

5. Cross-field technological collaboration, for intelligent and cooperative flight.
The integration of advanced technologies from fields such as autonomous driving and robotics—including reinforcement
learning, SLAM, and VIO (Visual-Inertial Odometry)—will further strengthen system intelligence. Additionally,
leveraging 5G communication and edge computing can enable cloud-based collaborative obstacle avoidance and real-time
path optimization.

In summary, panoramic vision-based obstacle avoidance systems using fisheye cameras in low-altitude rotary-wing UAV's
are evolving toward greater intelligence, lightweight design, and strong environmental adaptability. Despite existing
challenges, ongoing advancements in sensor technology, computational capabilities, and artificial intelligence are expected to
drive significant progress in this field, making it increasingly vital to future UAV applications.

Based on the review presented in this paper, we will carry out practical research on real-time obstacle detection in unknown
environments. With the continuous advancement of hardware and algorithmic development, it is anticipated that, in the near
future, lightweight and flexible Low-altitude Rotorcraft UAVs will be equipped with intelligent "eyes" capable of perceiving
and navigating complex environments autonomously
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