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Abstract

Panoramic images, prized for their capacity to capture a comprehensive 360-degree field of view, find extensive applications across
various domains. However, the challenge arises when attempting to seamlessly stitch together images captured by multiple cameras
onto a spherical surface, particularly in cases where the cameras lack concentric alignment. To mitigate this misalignment issue, our
paper introduces a novel method that integrates depth information into panoramic image stitching, aiming to enhance registration
accuracy and seamline detection. The proposed method encompasses two pivotal steps. Firstly, depth information is employed to
rectify the image’s placement on the panoramic sphere, facilitating a two-dimensional registration process. This initial step tar-
gets the elimination of misalignment problems between images while preserving image clarity. Subsequently, depth information is
seamlessly integrated into the smoothing term of the Markov random field energy function to guide seamline detection. Leveraging
depth information aids in circumventing foreground obstacles and directs the search through spatially smooth areas, thereby redu-
cing the likelihood of misalignment issues. Experimental results substantiate the effectiveness of employing depth information for
image correction on the spherical surface, especially in scenarios where cameras approximate concentric alignment. Furthermore,
the integration of depth information into the stitching network construction markedly diminishes misalignment, leading to a notable
improvement in panoramic image quality. This signifies a crucial advancement in the domain of panoramic image stitching from an
academic perspective.

1. Introduction

360-degree panoramic images play a pivotal role in photogram-
metry and remote sensing, serving as indispensable data and
information resources for societal development. Providing a
comprehensive 360° view, these images are essential for various
applications. Central to the generation of panoramic images is
the core technology of image stitching, involving critical steps
such as image registration [Brown and Lowe, 2007, Zaragoza
et al., 2013, Turner et al., 2012],seamline detection [Kwatra et
al., 2003, Yan et al., 2006, Li et al., 2019], and image color
blending [Park et al., 2016, Shen et al., 2017, HaCohen et al.,
2013, Yang et al., 2021]. These steps are crucial for creating
images with a wider field of view and higher resolution.

The equipment employed for capturing panoramic images typ-
ically comprises two or more cameras. However, inherent chal-
lenges arise due to variations in the projection centers of indi-
vidual cameras and the use of a fixed-radius projection sphere
during image projection. Achieving perfect geometric align-
ment in the images becomes unattainable, leading to inevitable
misalignment issues.

In the field of photogrammetry and remote sensing, most meth-
ods are based on orthophoto correction, using auxiliary data
such as Digital Elevation Model (DEM), Digital Surface Model
(DSM), Ground Control Point (GCP), and Global Positioning
Sys tem (GPS) to correct the image to a coordinate system
[Deng and Yang, 2020,Laliberte et al., 2011,Turner et al., 2012,
Xiang et al., 2019].There are also many image stitching al-
gorithms based on transformation models. These algorithms
initially derive point correspondences between images through
feature extraction and matching. Subsequently, they compute
a transformation matrix for each image based on the matching
information, followed by transforming the images to a common

coordinate system to complete the image stitching process. For
instance, methods based on homography matrix, such as single
homography [Brown and Lowe, 2007] ,APAP [Zaragoza et al.,
2013] ,AANAP [Lin et al., 2015] ,GSP [Chen and Chuang,
2016] and Progressive Stitching [Xia et al., 2015], exhibit high
precision in natural image registration.Some articles also use
multiple registration models for hierarchical registration based
on degrees of freedom. Models with smaller degrees of freedom
reduce the deformation of the results, while models with higher
degrees of freedom ensure registration accuracy [Caballero et
al., 2007, Xia et al., 2015, Cheng and Zhang, 2016, Moussa and
El-Sheimy, 2016, Tian et al., 2020].

However, these methods are primarily suitable for scenarios in-
volving small data volumes and small disparities. In the pres-
ence of substantial disparities, such methods may still encounter
considerable misalignment and shape distortion issues.When
applied to 360-degree panoramic stitching, further image de-
formation is often required [Nie et al., 2022] to achieve the pro-
jection from a planar to a spherical surface. Nonetheless, this
additional deformation may exacerbate the image distortion.

To address misalignment issues, seamline detection has emerged
as an exceptionally effective approach. This method involves
identifying a seamline in the overlapping region of two images
and utilizing pixels from the respective images to fill the areas
on either side of the seamline. Notably, when the seamline
traverses regions with weak texture or high alignment preci-
sion, misalignment issues are significantly mitigated. Seam-
line detection is a pivotal component in generating high-quality
panoramic images and has found widespread application in re-
mote sensing [Li, 2019].Seamline detection techniques can be
broadly categorized into three main types: pixel-based seam-
line detection methods, auxiliary information-based methods,
and object-based methods.There are also many algorithms for
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constructing concatenated networks [He et al., 2019, Li et al.,
2019,Mills and McLeod, 2013,Pan et al., 2009,Pan et al., 2013,
Zhu et al., 2018], which usually first construct a low precision
concatenated network, and then use concatenated line search al-
gorithms for optimization. Because this is not the focus of this
article, it will not be elaborated here.

Pixel-based methods primarily determine the optimal seamline
by analyzing pixel-level information. These methods typically
involve computing difference maps between images and identi-
fying the path with the minimum weighted cost. Common op-
timization techniques include ant colony algorithms, the twin-
snake model [Kerschner, 2001] , dynamic programming [Yu et
al., 2012] , and graph cut algorithms [Kwatra et al., 2003, Yan
et al., 2006] . Standard evaluation metrics encompass grayscale
differences, gradient disparities, texture discrepancies, and nor-
malized cross-correlation coefficients.While pixel-based meth-
ods are straightforward and flexible, they often struggle to dif-
ferentiate between foreground and background objects. Fur-
thermore, foreground objects, such as buildings, may exhibit
weak textures that are challenging for pixel-based methods to
handle. Moreover, these methods demonstrate reduced effi-
ciency when dealing with high-resolution orthoimages, limit-
ing their applicability. To enhance efficiency, some techniques,
such as the introduction of superpixels and triangulation [Yan
et al., 2006], have been adopted.Methods based on auxiliary
information utilize supplementary data sources such as digital
surface models (DSM) [Zheng et al., 2017] , digital line draw-
ings [Wang et al., 2017] , and point clouds [HaCohen et al.,
2013] to guide the seamline detection process. These meth-
ods can efficiently and accurately determine the optimal seam-
line by leveraging features like roads and buildings. However,
the reliance on additional data limits the applicability of these
methods and increases their complexity. To enhance efficiency,
techniques like block processing, parallel computation, image
pyramids, and rapid stitching algorithms can be employed. Nev-
ertheless, the dependence on additional data may constrain the
suitability of these methods in certain scenarios.Methods based
on objects [Li et al., 2017, Li et al., 2018] utilize techniques
such as image segmentation, semantic analysis, and superpixel
segmentation to predict and segment objects on the ground.
This guidance helps the seamline avoid areas where objects
are present. However, the effectiveness of object-based meth-
ods is heavily reliant on the accuracy of image segmentation.
Traditional segmentation methods may have limited accuracy,
while deep learning methods may exhibit poor generalization,
which constrains the applicability of such methods.In a paper
by Pan [Pan et al., 2015] , a new approach for orthoimage stitch-
ing seamline detection was proposed using Region Change Rate
(RCR). This method enhances the algorithm’s accuracy by in-
corporating RCR information into seamline feasibility region
segmentation, built upon meanshift. Reference [Li et al., 2017]em-
ployed deep convolutional neural networks for image segment-
ation. Subsequently, energy costs for each pixel in the over-
lapping region were defined based on the classification prob-
abilities for each specified category. Finally, Graphcut optim-
ization was applied to obtain the final seamline. The advant-
age of this method is that, compared to meanshift, CNN offers
higher segmentation accuracy, and when combined with Graph-
cut, it can produce high-quality seamlines. However, pixel-level
seamline detection is inefficient and not suitable for large-scale
high-resolution datasets. Additionally, because deep learning
methods are utilized, a substantial amount of semantic data is
required for network training.Addressing these issues,reference
[Li et al., 2018] introduced a gradient domain seamline detec-

tion algorithm based on superpixels. This algorithm does not
seek the optimal seamline in the overlap area among the entire
pixel set via graph cut but instead begins by searching within su-
perpixels created from input images and then refines them at the
pixel level. This approach significantly improves the efficiency
of global graph cut algorithm energy optimization, as the num-
ber of vertices in the graph cut model sharply decreases. Never-
theless, object-based methods depend on the precision of image
segmentation, and both traditional segmentation methods and
some deep learning-based methods exhibit limitations in accur-
acy and generalization, thereby restricting the scope of their ap-
plication.Furthermore, there are stitching network construction
algorithms, typically following a two-step strategy: initially
creating an initial stitching network using Voronoi polygons and
then optimizing each edge of the network using the seamline
detection algorithm mentioned above. These algorithms heav-
ily depend on the initial quality of the stitching network and the
effectiveness of the seamline detection algorithm.

Seamline detection algorithms, while effective to a certain ex-
tent in mitigating misalignment issues, still struggle to handle
severe misalignment problems resulting from significant dis-
parities. To address this problem, a depth-assisted panoramic
image stitching method has been proposed. This method com-
bines depth information to improve registration accuracy and
seamline detection.Firstly, by utilizing depth information, the
images are rectified onto a spherical surface and unfolded into
a two-dimensional representation. This process effectively re-
duces misalignment issues between images and maintains im-
age clarity. Additionally, integrating depth information into the
construction of the seamline network and optimizing it based
on a Markov random field helps guide the seamline through
regions with weak textures and gentle curvature. This further
minimizes misalignment problems and significantly enhances
the overall quality of panoramic images.

Figure 1. Overview of proposed method.

2. Method

Multi-lens panoramic cameras, with non-concentric shooting
centers, often struggle with seamline challenges when project-
ing onto a spherical surface. Despite most cameras having ap-
proximately concentric centers, introducing depth information
in the stitching process of 360-degree panoramic images sig-
nificantly reduces seamlines. Our proposed algorithm employs
depth information to improve image registration and seamline
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detection, enhancing overall image quality.The algorithm, de-
picted in Figure 1, involves two key steps. Firstly, depth inform-
ation corrects image positioning on the panoramic sphere, min-
imizing alignment errors within a narrow range. Subsequently,
depth information seamlessly integrates into the Markov ran-
dom field’s energy optimization, guiding the seamline through
areas with weak textures and smooth regions, avoiding abrupt
disparities. This strategic integration mitigates alignment inac-
curacies, ultimately elevating the panoramic image quality.

3. Image registration

Currently, with the aid of various sensors such as LIDAR, struc-
tured light, binocular vision, MVS algorithms, and more, it
is convenient to obtain depth information of the scene. This
depth information is then used to directly project images onto
a panoramic sphere, facilitating the stitching process. Even in
cases where the image sequence is approximately concentric,
minor errors in the depth information do not lead to signific-
ant misalignment problems. This approach, which considers
both depth information and visual data, offers substantial ad-
vantages over purely visual-based image stitching. In this study,
we leverage this principle by introducing depth information to
rectify images onto the projection sphere, achieving success-
ful image registration.Our research utilized a 7-camera GoPro
panoramic camera (GoPro, Inc., San Mateo, CA, USA) to cap-
ture panoramic images. Subsequently, we processed the images
using PhotoScan (Agisoft LLC, St. Petersburg, Russia) to gen-
erate a 3D model of the scene and calculate depth values for
the images. It’s important to note that depth information can be
easily obtained through various sensors such as time-of-flight
(TOF) cameras, RGBD cameras, LIDAR, and stereo matching
methods. As a result, the approach proposed in this paper can
be extended to scenes captured using these devices.Following
the calibration of multiple cameras, it becomes possible to de-
termine the pose of each camera. The average position of the
photographic centers of the n cameras is considered as the cen-
ter O of the panoramic sphere. The formula for calculating the
center O of the panoramic sphere is as follows:

O =

∑
oi

n
(1)

Once the center of the panoramic sphere is determined, it be-
comes possible to project the spatial three-dimensional points
from the captured scene onto the panoramic sphere, resulting
in a depth map of the panoramic sphere. However, devices like
LIDAR and TOF cameras provide discrete point cloud data. To
address this issue, our study employs interpolation methods to
calculate the depth value of a pixel point p. The formula for
calculating the depth value of a pixel point p is as follows:

Cg = exp

(√
sobel (mX)2

)
(2)

Among these, pi refers to the i−th pixel of the captured image,Q
is the pi set of neighboring n pixel points, pjrepresents the
j − thpixel adjacent to pi , and wi denotes the weight coef-
ficient of pj .

Let the pixel point p correspond to a point P on the image,
where the coordinates are (x, y). The spherical coordinate sys-
tem coordinates of p are represented as (r, θ, φ), where θ de-
notes the zenith angle and φ represents the azimuth angle. Spe-
cifically, θ = y/r, φ = 2π − x/r.

Figure 2. Sequence images corrected by depth information.

The spherical coordinates of the projected point p on the pan-
oramic sphere (in other words, in Cartesian rectangular world
coordinates) are given by:

q =

r

 sin θ cosφ
sin θ sinφ

cos θ

+O

 (3)

After obtaining the three-dimensional coordinates, it is possible
to use the camera model and vectors to calculate the object co-
ordinates corresponding to pixel point p in space. This informa-
tion can be used to calculate the image coordinates correspond-
ing to pixel point p, which in turn allows for the determination
of the corresponding pixel value. This process completes the
projection of the captured image onto the panoramic sphere.
Finally, by unwrapping the panoramic sphere, a registered se-
quence of images can be obtained. Figure 2illustrates the pro-
cess of image projection onto the panoramic sphere.

4. Seamline detectionn

Once the images are projected onto the panoramic sphere to
form a sequence of images, they are already registered on the
spherical surface. However, using depth information for stitch-
ing alone does not fully exploit the advantages of depth in-
formation. Moreover, due to the presence of depth informa-
tion errors and image pose errors, it is necessary to further em-
ploy seamline detection methods to eliminate stitching seams
and achieve higher-quality images. Therefore, this paper pro-
poses a method that utilizes depth information to assist seam-
line detection, aiming to enhance the quality of stitching. Be-
fore delving into the detailed discussion of seamline detection
implementation, the theoretical foundations of seamline detec-
tion were introduced. This included Markov Random Field the-
ory and Graph Cut Model theory. In computer vision research,
there are many situations where objects in a model need to be
labeled. For instance, in foreground-background segmentation,
each pixel needs to be labeled as foreground or background; in
stereo vision, each pixel needs to be labeled with a disparity
value; in image segmentation, each pixel needs to be labeled as
belonging to the object or the background, and so on. Graph
Cut Models are highly effective tools for solving these types of
problems. Seamline detection involves selecting which image
provides the pixel values for each pixel, making it suitable to
use Graph Cut Models to address this challenge.
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Figure 3. Schematic diagram of graph cut.

In real-world scenarios, the problem is represented as an undir-
ected graph G(V,E). This graph differs slightly from a typical
graph. In graph G, the vertices V represent labels and objects
(e.g., pixels), and the edges E are divided into two categories:
s-links and n-links. S-links connect label vertices to regular ver-
tices, and their weights measure the quality of selecting a label.
N-links connect regular vertices to each other, and their weights
represent the cost of choosing different labels. Each edge in the
graph has a non-negative weight. A graphical representation of
a graph cut problem with two labels is shown in Figure 3 . In the
graph cut problem, a cut refers to a subset of edges in the graph,
with a cost equal to the sum of the weights of the selected edges.
When a cut divides the vertices into two disconnected subsets,
each containing a label, it is referred to as a graph cut. If this
cut has the minimum cost among all cuts, it is called the min-
imum cut. Ford-Fulkerson’s theorem demonstrates the equi-
valence between the minimum cut and maximum flow. There-
fore, the minimum cut can partition the vertices into two parts,
thereby solving the label segmentation problem. When dealing
with multiple labels (≥ 3), alpha-expansion or swap algorithms
can be used to find a solution. This problem can be expressed
using the pairwise Markov Random Field energy formula. The
Markov Random Field energy formula is as follows:

E(L) = Edata(L) + Esmooth(L) (4)

In this formulation, Edata measures the cost incurred when a
vertex selects a specific label, while Esmooth measures the cost
when two adjacent vertices select different labels. These two
components are commonly referred to as data and smoothness
terms, respectively. The challenge lies in designing appropriate
data and smoothness terms to achieve specific objectives. In the
context of seamline detection, the ordinary vertices correspond
to pixels, while the labels represent different images.

In this example, we illustrate the process of searching for a
seamline between two sequential images. To begin, we gen-
erate a depth map from the images and then employ a graph
cut algorithm to search for the seamline within the depth map.
Each pixel in the sequential images is treated as a vertex within
the graph, and we establish edges between adjacent pixels, as-
signing them appropriate weights. These weight values are de-
termined based on color differences and gradients. The degree
of color difference minimizes noticeable seamlines in the final

composite image, while the gradients ensure that the seamline
follows the smoother areas within the depth map, avoiding ob-
ject regions. In the overlapping area of the two sequential im-
ages, corresponding positions are regarded as nodes, and each
node is assumed to have four potential neighbors: up, down,
left, and right.

The process of searching for a seamline involves classifying
the pixels in the overlapping region into two categories: one
belonging to image A and the other to image B. This method
is based on constructing a weighted graph structure from the
depth map, where the edge weights represent the cost of the
energy function. Subsequently, the maximum flow/minimum
cut algorithm is employed to find the minimum cut within the
graph, which represents the optimal seamline. Here, ’p’ repres-
ents all the nodes in the graph, ’N(p)’ denotes the adjacency
relationships between nodes, and ’M(p)’ represents the image
labels for all nodes. The ultimate objective is to discover an
image label mapping function that assigns each element ’p’ to a
label in such a way that it minimizes the energy value in equa-
tion (4).

In this study, for efficiency enhancement, the following data
terms are set: If the ’i-th’ triangle face is visible in the target
image sequence ’L’ (meaning the triangle face is covered by
the sequence image ’L’), the data term is set to 0; otherwise, it
is set to infinity. The formula for setting the data terms is as
follows:

Edata (Fi, L) =

{
0 if (Fi ∈ L)
∞ if (Fi /∈ L)

(5)

The smoothness term addresses adjacent pixels with different
labels, and the gradient reflects the smoothness level of the im-
age area. To encourage the seamline to pass through smooth
regions, the smoothness term should be related to the gradient.
Smoother regions have smaller gradients. Therefore, the gradi-
ent (depth gradient) for each pixel position in the overlapping
region of the two sequence images is computed using the Sobel
operator and used as the cost for the smoothness term. The cost
formula for each pixel is as follows:

Cg = exp

(√
sobel (mX)2 + sobel (mY )2

)
(6)

where sobel() represents the Sobel operator, exp is a smoothing
function, mX is the depth gradient in the X direction, and mY

is the depth gradient in the Y direction. For each pair of adja-
cent pixels (x′, y′), its smooth energy cost is defined as the sum
of the costs of the two pixels, and the calculation formula is as
follows:

Esmooth
(
x′, y′) = Cg

(
x′)+ Cg

(
y′) (7)

The Markov random field energy term is ultimately minimized
through α-expansion to obtain the optimal solution. This in-
volves selecting an image label for each pixel to obtain the final
seamline.

5. Results and Discussion

In this section, the effectiveness of depth-assisted panoramic
image seamline is analyzed from two perspectives. This study
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Figure 4. Comparison between the results of the algorithm proposed in
this study and the results of the PhotoScan. (a) displays the output of the

PhotoScan algorithm, while (b) exhibits the outcome of our proposed
algorithm. Notably, regions annotated with numerical labels represent

detailed areas

Figure 5. Comparison between fixed projection radius and dynamic
radius in two scenarios. (a) depicts the experimental results with a fixed

depth value, while (b) showcases the outcomes of our proposed
algorithm. It is important to note that these comparisons pertain to the

choice of projection radius and its impact on the results.

used a panoramic camera consisting of seven GoPro cameras
to capture panoramic image data. The images were processed
using PhotoScan software to obtain a 3D model of the scene,
and then the depth values of the images were calculated based
on the model. It is worth noting that the acquisition of depth
information has become possible with the emergence of TOF
cameras, RGBD cameras, LIDAR, and stereo matching meth-
ods. Therefore, the method proposed in this paper is applic-
able to scenes captured using these devices.Since indoor scenes
have relatively small distances between the camera centers and
the scenes, errors may lead to misalignment, so we selected two
scenes with distinct line structures.

In traditional panoramic image stitching, it is typically assumed
that the image depth is fixed. In some open scenes far from
the camera, a fixed radius may not significantly affect image
alignment. However, in narrow indoor settings, image mis-
alignment becomes more pronounced. Figure 4 illustrates a
comparison between fixed depth and dynamic depth in the ex-
periments conducted in this study. At the end of the exper-
iments, the images were merged into a single image using a
linear blending method. When there is significant registration
error between images, it can lead to blurriness in the overlap-
ping regions.From the comparison results of (a) and (b), it can
be seen that a has significant misalignment issues in some edge
areas, because stitching with a fixed stitching radius cannot ad-
apt to situations with large parallax, which is particularly com-
mon in indoor scenes. The problem of misalignment in the res-
ults of the algorithm proposed in this article has been greatly
reduced, as the introduction of depth information can improve
the registration accuracy between images. Even if there is some
error in depth information, the registration accuracy is still high
because the camera is roughly concentric, resulting in minimal

misalignment. This proves that the introduction of depth in-
formation can improve the quality of panoramic stitching.

We further analyzed the impact of the radius results in a nar-
row space, that is, conducting experiments in a tunnel scene.As
shown in Figure 5, the experimental results using a fixed depth
exhibit significant blurriness in some details, indicating a con-
siderable error in the registration results. In contrast, the al-
gorithm employed in this paper, which uses actual depth for
registration, results in images without noticeable blurriness at
the same locations. This demonstrates that the algorithm pos-
sesses a higher level of registration accuracy. Moreover, in the
areas highlighted in Figure 5, where there are notable depth er-
rors, the experimental results do not exhibit significant blurri-
ness. This suggests that when the image sequence is roughly
co-centric, even with some depth errors, the impact on the re-
gistration accuracy of panoramic images is relatively minor,
and it does not lead to noticeable misalignment or blurriness
issues,which can improve the quality of panoramic images.

Figure 6. Results of the seamline detection assisted by depth
information. (a) shows the images after correction with depth

information, while (b) presents the corresponding depth map. (c)
displays the resulting seamline. This approach leverages depth

information to refine the image alignment and seamline
detection process, leading to improved results in panoramic

image stitching

Figure 7. Comparison of results achieved by various methods.
(a) represents the results obtained by Kwata et al. using the L1

color difference norm, while (b) corresponds to their results
using the L2 color difference norm. (c) displays the outcomes

obtained by integrating both color difference and gradient
difference. (d) showcases the results achieved by our method,

which utilizes depth information. This visual comparison
highlights the performance differences among these methods

While the use of depth information can assist in the registra-
tion of panoramic images and significantly reduce misalign-
ment issues, there may still be some misalignment problems
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between images due to errors in depth information and non-
collinear photographic centers in sequential images. Therefore,
it remains necessary to employ panorama seamline detection
algorithms to composite sequential images into panoramic im-
ages. This allows the seamline to navigate around foreground
objects such as tables and pedestrians, minimizing misalign-
ment. Depth information not only aids in the registration of
sequential images but also guides the seamline detection during
the image stitching process. Figure 6 shows the results of em-
ploying depth information to assist in the seamline detection. It
is evident that the seamline perfectly avoids the table, prevent-
ing misalignment. This is because we utilize the gradient of
image depth as a smoothing term in this work. In regions with
foreground objects such as tables, the depth undergoes signi-
ficant changes, leading to larger gradient values. In contrast,
regions such as walls and floors exhibit relatively smooth depth
changes, enabling the seamline to pass through without causing
noticeable distortions.

Furthermore, we compared our algorithm in this paper with
methods that solely rely on pixel information. Figure 7 illus-
trates how our approach incorporates depth information into the
energy function’s smoothing term, enabling the seamline to tra-
verse smooth areas like walls and floors while bypassing fore-
ground objects like tables for optimal stitching results. On the
other hand, the other three methods consider only color inform-
ation, and they fail to entirely circumvent foreground objects.
The seamline passes through the table, resulting in misalign-
ment. This is because real-world foreground objects may also
possess textured regions with small gradients, which cannot be
reliably identified as foreground areas based solely on color in-
formation. Hence, these methods have limitations and may be
ineffective. Currently, depth information can be easily extrac-
ted from images and reflects the geometric structure of the real
world. Significant depth changes occur in foreground regions.
Therefore, the incorporation of depth information enables the
seamline to smoothly navigate around these areas, preventing
misalignment and enhancing the stitching quality.

6. Conclusions

This paper introduces a novel panorama image stitching method
that leverages depth information to enhance stitching quality
from two critical angles: image registration and seamline op-
timization. Initially, images are registered onto the panoramic
spherical surface using depth information. Subsequently, an en-
ergy function based on a Markov Random Field (MRF) frame-
work is constructed, employing depth gradient values as a smooth-
ing term. This ensures that the seamline navigates regions with
minimal depth variation, effectively avoiding foreground ob-
jects in the panorama. Experimental results demonstrate a sig-
nificant improvement in alignment accuracy when depth inform-
ation is incorporated, particularly in co-centered image scen-
arios, thereby mitigating image misalignment.Furthermore, the
depth information is harnessed to guide the seamline detec-
tion, enabling it to adeptly circumvent foreground objects and
smoothly traverse regions with low texture variations. This
strategy further reduces misalignment in the final results, res-
ulting in a remarkable enhancement in panorama quality, which
can improve the visual experience of 360-degeee panoramic im-
ages and be important for the applications based the panoramic
images.
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