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A B S T R A C T

Unsupervised image stitching aims to align multi-view images with overlaps by
learning from unlabeled datasets. Although great progress has been made to
improve the robustness and generalization in recent years, most of them focus
on the natural warping, large parallax, etc., and neglect the boundary regular-
ity, which may undermine the wide-angle effects. To address the limitations
above, we propose BRecStitch, which further incorporates the boundary rec-
tification, achieving a good balance between content alignment and boundary
regularity. Considering that both stitching and boundary rectification are non-
trivial tasks, we propose a two-step unsupervised learning strategy. First, we
design a novel unsupervised network that integrates a global bidirectional ho-
mography decomposition strategy to encourage balanced warping across views,
and a local residual mesh motion regression to ensure precise alignment and
boundary regularity. With the output mesh warpings in the first step, we de-
sign a fine-tuning approach to further optimize the stitching results by iterative
alignment and rectangular boundary convergence. Extensive experiments and
evaluations demonstrate the effectiveness of our method and the advantages over
state-of-the-art methods.

© 2026 Elsevier B.V. All rights reserved.

1. Introduction

Image stitching, a fundamental and critical technique
in computer graphics and vision, aims to combine mul-
tiple images with overlapping fields of view (FoV) into a
single representation with a substantially larger FoV. It
has widespread applications in virtual reality, remote sens-
ing, autonomous driving, etc. Traditional image stitch-
ing methods [36, 17, 31] heavily rely on the quality of
hand-crafted feature matching and often perform poorly
in challenging scenes with large parallax, weak textures, or
significant illumination variations. Although optimization
methods based on global or local distortion alleviate these
problems to some extent, they often suffer from high com-
putational complexity and struggle to ensure both align-
ment accuracy and boundary regularity.

To address the challenges of traditional methods in im-
age stitching, deep learning-based approaches have been
widely studied by leveraging high-level semantic features

from large datasets. Specifically, these methods are cate-
gorized by how the dataset is utilized. Among them, super-
vised methods are designed to learn the geometric mapping
between input images and the labeled ground truth (GT).
However, it is difficult to obtain valid stitching labels for
supervised learning, and their generalization ability is dif-
ficult to guarantee, thus making it difficult to adapt to
complex real-world scenarios. To alleviate the reliance on
the labeled data and improve generalization ability, un-
supervised methods have been proposed to autonomously
explore the inherent patterns in large amounts of unlabeled
data. A recent representative work is a parallax-tolerant
unsupervised deep image stitching technique [23], which
can estimate a robust and flexible warp for the target view
to align with the reference view. Although effective and
robust, single-view stitching methods still suffer from un-
natural warping, which may produce extremely irregular
stitching boundaries, making it far more difficult to regu-
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larize these boundaries into rectangular shapes.
To obtain stitching results with rectangular boundaries,

Zhang et al. [35] proposed RecStitchNet, which pioneers
the combination of stitching and rectangling into a uni-
fied network. Although RecStitchNet performs well in
many challenging scenes, the required large number of
pseudo-labels generated by traditional methods introduce
artifacts, significantly affecting the data preparation and
training processes. In fact, RecStitchNet is not designed
as an end-to-end network, and the mesh motion regres-
sion is based on the pretrained stitching model (Unidirec-
tional Warping), which cannot ensure content alignment
and regular boundaries. The model also depends heavily
on pseudo-labels, which limits its effectiveness and gen-
eralization. In addition, the lack of a differentiable rect-
angling process that can be integrated into the network
architecture hinders the learning from achieving the final
fully rectangular stitching results. Evidence from the ab-
lation study confirms that the mask comparison scheme
proposed by Nie et al. [20] is ineffective. Although the
PolyUnion strategy proposed in RecStitchNet [35] works
well in unsupervised fine-tuning, the process of PolyUnion
is not differentiable, which limits its use in model training.

To address the challenges mentioned above, and improve
generalization while ensuring boundary regularity, we re-
visit unsupervised image stitching via efficient boundary
rectification. Specifically, we propose an end-to-end unsu-
pervised regression network, BRecStitch, which enhances
the approach in [35] by combining bidirectional warping
with a stitching boundary rectification strategy. The end-
to-end unsupervised network consists of global homogra-
phy regression and local mesh motion regression. In partic-
ular, the global homography aims to obtain initial stitching
results by introducing bidirectional warping in overlapping
views, while the local regression generates accurate mesh
motions to ensure accurate alignment and boundary recti-
fication. For effective boundary rectification, we creatively
propose a differentiable boundary rectification loss func-
tion, which includes an effective outer boundary extrac-
tion and a boundary loss calculation strategy based on a
flexible polygon structure. Considering that both stitching
and rectangling are non-trivial tasks, we further designed
a fine-tuning scheme based on the regressed mesh motion
described above, to iteratively refine alignment in the over-
lapping regions, and encourage the stitching boundaries to
converge toward rectangular shapes.

Our method is the first to successfully leverage an end-
to-end unsupervised network to solve the stitching and
rectangling problems. Extensive experiments and eval-
uations demonstrate the advantages of our method over
state-of-the-art methods [35, 27]. In summary, the main
contributions of this paper are as follows:

• We propose BRecStitch, the first unsupervised image
stitching network, which can ensure good alignment
and boundary regularity.

• We design an effective outer boundary extraction and
boundary loss calculation strategy for effective rect-
angular boundary preservation.

• We propose a novel pairwise fine-tuning strategy to
refine the feature alignment and boundary regularity
efficiently.

2. Related Work

The main goal of image stitching is to combine multi-
ple images with a limited field of view and overlapping
areas into a panoramic image with a wide field of view
and low distortion. In general, image stitching focuses on
two important problems: correct alignment and structural
fidelity.

2.1. Traditional image stitching

Early traditional methods centered on hand-crafted ge-
ometric features, mainly focused on key points and line
segments, and achieved global or local alignment by min-
imizing projection errors. Lou et al. [17] achieved im-
age alignment through piecewise planar region modeling
combined with iterative optimization of energy functions.
Brown et al. [3] took invariant features such as SIFT as
the core and minimize projection errors to calculate ho-
mography matrices for panoramic stitching. Zaragoza et
al. [31] dynamically adjusted image transformation pa-
rameters and locally minimized projection errors, ensuring
alignment smoothness and detail preservation. Methods
such as smoothly varying affine stitching [16], global sim-
ilarity prior [4], Thin-Plate Splines (TPS) [13] and quasi-
homography [14] , dual-homography [6] are all solutions
to minimize perspective distortion. Although these earlier
methods described above did improve alignment accuracy,
they mainly relied on the quality of manually crafted fea-
tures.

For structure and boundary preservation, traditional
methods attempt to balance alignment accuracy and
boundary regularity through energy functions. For exam-
ple, Zhang et al. [32] achieved a balance between alignment
accuracy and boundary regularity�by constructing a multi-
term energy function that includes alignment, regulariza-
tion, scale, etc. Jia et al. [9] integrated global colinear
structures into the energy function, combining point-line
alignment and distortion terms to balance alignment ac-
curacy and boundary regularity while reducing artifacts.

Although the aforementioned methods have achieved a
certain degree of success, their dependence on manually ex-
tracted features limits their generalization ability. Conse-
quently, the stitching performance degrades considerably
in complex scenarios such as weakly textured or poorly il-
luminated regions, motivating the development of methods
based on deep learning.
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2.2. Image stitching based on deep learning
Compared with traditional methods, the advantage of

deep learning technology lies in its reliance on data-driven
feature learning. This approach not only addresses the
challenges of feature extraction and matching but also en-
ables optimization in terms of robustness, alignment accu-
racy, and the naturalness of results even in complex sce-
narios. Specifically, the deep learning-based methods can
be classified into three categories: supervised, weakly su-
pervised and unsupervised, which complement each other
in terms of data dependence, generalization ability and
practical value respectively.

2.2.1. Supervised Learning
The edge-guided composition network proposed by Dai

et al. [5] adopted supervised learning, which applies deep
semantic features to address the limitations of traditional
hand-crafted features, thereby enhancing the edge in-
tegrity and stitching consistency. Following this, Nie et
al. [26] proposed a multi-scale deep homography network
that learns alignment relations through multi-scale super-
vision on a synthetic dataset containing true homography
matrices. They also proposed edge-preserving constraints
to prevent the distortion of edge structures.

Building upon these supervised approaches, Zhang et
al. [35] proposed RecStitchNet under the supervised learn-
ing framework, which improved the problem of insufficient
robustness of the previous method [36] in complex scenar-
ios. This method relies on datasets containing pseudo-real
labels and trains the network using a multi-constraint su-
pervised loss to achieve the collaborative optimization of
stitching and rectangling, thereby balancing the alignment
accuracy and boundary regularity.

Although, straightforward and effective, supervised
learning still has an inherent limitation, namely its high
dependence on large-scale high-quality annotated datasets.
Moreover, ground-truth annotation for image stitching
tasks is very difficult, and there is currently no widely
recognized method for generating labels.

2.2.2. Weakly Supervised and Unsupervised Learning
To overcome the challenges in dataset construction, la-

bel generation, and data annotation required in supervised
learning, numerous weakly supervised and unsupervised
learning approaches have been proposed.

Weakly supervised methods aim to reduce the reliance
on fully annotated data while still using limited supervi-
sion to guide network learning. Song et al. [28] proposed
a weakly supervised stitching network that avoids depen-
dence on ground-truth wide field-of-view images, which
effectively mitigates the limitations of supervised learning
arising from its strong dependence on high-quality anno-
tated data and exhibits greater advantages in adaptability
to real-world scenarios.

Unsupervised learning, on the other hand, completely
removes the need for manual data labeling, significantly
reducing the cost and workload of data preparation. Jiang

et al. [10] constrained unsupervised stitching with a global-
aware loss, and upgraded to the global-aware quadrature
pyramid regression architecture by [11]�which does not re-
quire manual annotation of spectral alignment labels. Sim-
ilarly, Nie et al. [23] proposed a parallax-tolerant unsu-
pervised image stitching method trained under an unsu-
pervised paradigm and leveraging the collaborative opti-
mization of homography matrices and TPS. This method
enables robust stitching in large-parallax scenarios even
without any ground-truth supervision.

2.3. Image Rectangling and Rectification

Image rectangling and rectification, the key technology
for addressing irregular boundary in stitching results, aims
to correct irregular boundary into regular rectangle or ap-
proximate rectangle while retaining the effective content.
In this field, He et al. [7] proposed a warping method
based on mesh optimization to rectify panoramic images
into rectangular ones, laying an important foundation for
traditional image rectangling and rectification techniques.

Benefiting from the ability of the learning framework to
extract high-level semantic features, deep image stitching
methods exhibit better robustness and higher efficiency.
Mei et al. [18] proposed a solution that achieves image
stitching by estimating the homography matrix. Nie et
al. [20] proposed a one-stage deep learning baseline model
for rectangling constraints, which optimizes mesh accu-
racy using a residual progressive regression strategy and
achieves relatively higher robustness in image stitching.
They further address the rectangling of wide-angle images
by Thin-Plate Spline model and DoF-based Curriculum
learning [15]. Inspired by [20], Zhou et al. [37] further
proposed RecDiffusion, which firstly applies the diffusion-
based learning framework to rectangling, and Zhang et
al.[35] proposed a unified supervised learning framework
that combines image stitching and rectangling. Com-
pared with the mesh regression-based rectangling [20], it
achieves superior performance and establishes a new state-
of-the-art (SOTA). Although effective and convincing, the
diffusion-based method is computationally intensive, and
the generalization can not be ensured due to the reliance
on labels.

For smarter and more robust rectification, Nie et al. [22]
proposed a neural network to predict optical flows that can
help warp the tilted images without angle priors. More re-
cently, Nie et al. [24] proposed a Semi-Supervised Coupled
TPS Model for Rotation Correction, rectangling, etc. To
achieve a more flexible and powerful transformation, they
proposed an iterative search scheme to predict new control
points according to the current latent condition.

3. BRecStitch

As shown in Fig. 1, BRecStitch is designed as an end-
to-end regression network. It takes a reference image and
a target image as input, and the output corresponds to
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Fig. 1: The overall architecture of our network, which takes a reference image and a target image as inputs. The output consists of the
predicted meshes of the input, which are further used to guide the warping of the input images.

the predicted meshes for the input images, which are fur-
ther used to warp the input image for stitching with the
target image using the TPS transformation. Specifically,
we adopt a bidirectional decomposition strategy and de-
sign a novel loss function to encourage content alignment
in the overlapping regions and ensure well-shaped rectan-
gular boundaries in the stitching result. To ensure the
effectiveness and robustness of the approach, we further
develop a fine-tuning scheme to iteratively refine the stitch-
ing result. We detail our algorithm in this section.

3.1. Initial Stitching Stage

The unidirectional warping employed in the stitching
process may induce excessive distortion in certain regions
of the input image. This issue should be addressed during
the unsupervised initial stitching stage to ensure bound-
ary regularity and accurate alignment of overlapping areas.
Drawing on typical distortion patterns from global to lo-
cal in UDIS++ [23] and the bidirectional decomposition in
StabStitch++ [25], the global homography decomposition
is applied in this stage for overall alignment. Meanwhile,
the local mesh deformation is employed to tackle paral-
lax issues. Additionally, a dedicated boundary constraint
term is incorporated into the loss function to produce more
regular stitching boundaries.

As shown in Fig. 1, we take a pair of partially overlap-
ping images as input (Iref, Itgt), and we obtain the warped
meshes for both views as output after the Feature Extrac-
tion, Global Homography Decomposition, and Local Mesh
Deformation Prediction steps.

Feature Extraction. To extract discriminative and
generalizable semantic features that are critical for un-
supervised alignment, we adopt a Siamese feature ex-
tractor based on the pretrained ResNet-18 [8] , a back-
bone network with four stages that gradually extracts fea-
tures evolving from structural to semantic representations.
Specifically, we employ the intermediate layers (Stages 2
and 3) of ResNet-18 [8] for feature extraction, where Stage

3 is used to extract semantic features for global homogra-
phy estimation, and Stage 2 is used to extract structural
features for local alignment.

Global Homography Decomposition. Inspired
by [25], we employ a bidirectional decomposition mod-
ule for more flexible warping in image stitching. We
first calculate the contextual correlation [21] between two
high-order feature maps to quantify the pixel-level fea-
ture similarity. With this correlation matrix (Corr) as in-
put, our homography regression network GLNet(·), which
is composed of a convolutional feature encoder and a
fully connected parameter predictor, regresses the dis-
placements of the four corner points for each input im-
age Hmotion = GLNet(Corr). After that, global homog-
raphy H can be obtained by combining the four cor-
ners of input image S and their displacements Hmotion

through the Direct Linear Transformation (DLT) [2], us-
ing H = DLT (S, S + Hmotion).

We further construct a virtual intermediate plane us-
ing bidirectional decomposition to balance the warping
between the two views. Similar to [25], we obtain
the displacement of Itgt towards the intermediate plane
Htgt

motion = α · Hmotion through a decomposition coefficient
α ∈ [0, 1]. Then, the homography matrix Htgt can be ob-
tained through the same DLT, and Href = H−1 · Htgt.

Local Mesh Deformation Prediction. Based on the
global homography, we further introduce a local mesh de-
formation prediction sub-network, which aims to handle
large parallax and achieve precise local alignment while
ensuring global geometric consistency.

First, we place a rigid grid Mrigid on each input im-
age, which is used to control the warping of input images.
Then, we warp the rigid grid onto the virtual intermediate
plane using the bidirectional homography matrices Href
and Htgt to generate the initial meshes M ref

ini and M tgt
ini .

To ensure correct alignment and structure preservation,
we further design a local mesh deformation network to
estimate the residual mesh offsets relative to the initial
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Fig. 2: Illustration of the boundary loss. We take the predicted meshes of the reference image and the target image as input, and then
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reference and target images, respectively, and the red and blue points are the extracted vertices from those predicted meshes.

mesh. To obtain the input of the network, we first warp
the low-order feature maps (F (128)

ref , F
(128)
tgt ) according to

the global homography matrices Href and Htgt. The final
warped meshes are then obtained by adding the residual
offsets to the corresponding initial meshes, as defined be-
low. {

Mref = M ref
ini + LocNet(H(F (128)

ref , Href ))
Mtgt = M tgt

ini + LocNet(H(F (128)
tgt , Htgt)),

(1)

where LocNet(·) refers to the output of the local mesh
regression network, and H(·, ·) represents the warping of
the feature map based on the homography transformation
matrix.

At last, based on the final meshes Mref and Mtgt, we
obtain the warped results for both views using the TPS
transformation and blend these warped results to produce
the final stitching result, denoted as Γ. The definitions are
given below.

Γ = B(W(Iref, Mref), W(Itgt, Mtgt)), (2)

where W(·, ·) refers to image warping based on the TPS
transformation, and B(·, ·) is used to combine the results of
both warped views. We prefer to use the “Average Blend-
ing” scheme, which achieves a balance between efficiency
and visual quality.

3.2. Boundary Rectification

We propose a novel boundary rectification approach.
However, it is non-trivial to define an effective and efficient
boundary rectification constraint, due to the complexity of
mesh overlap across different views.

In [20], the boundary constraint is simply defined as the
difference between the stitched mask and the all-one mask
as in Eq. 3. In our experiments, we find that incorporating
this constraint into our network has no significant effect
on the boundaries while incurring a substantially higher
computational cost.

L′
bdy = ∥E − W(m, Mref ) ∪ W(m, Mtgt)∥1, (3)

Here, E denotes an all-one matrix with the same dimen-
sion as the stitched mask, while m represents the initial
mask of the corresponding input image. However, the ab-
lation study presented in [20] and Table 1 demonstrates
its deficiency in preserving rectangular boundaries.

Furthermore, Zhang et al. [35] proposed a novel bound-
ary constraint term during the fine-tuning step. The main
idea of their method is to extract the outer boundary
points of the two overlapping meshes using the polygon
Boolean union operation [1]. With the extracted outer
boundary, the loss term can be directly defined as the
sum of the differences between all vertices and their target
positions, where two attributes (constraint direction and
target value) are assigned to each vertex. Although [35] ef-
fectively rectified irregular boundaries, the Boolean Union
operation used for outer boundary extraction is computa-
tionally expensive and non-differentiable, thereby limiting
its applicability during model training. Additionally, this
method is less efficient than ours, as shown in the runtime
comparison in Table 4.

To address the aforementioned efficiency and training is-
sues, we propose a novel solution for more effective and effi-
cient boundary rectification, characterized by efficient and
differentiable outer boundary extraction. As illustrated in
Fig. 2, taking the predicted meshes Mref and Mtgt as in-
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put, we first normalize their coordinates, and then extract
the boundary points of the two meshes. As shown in the
2nd row of Fig. 2, the red and blue points denote the ex-
tracted boundary points. The next step is to identify the
outer boundary points of the stitched images. The main
idea is to collect the boundary points of each mesh that
are not enclosed by the polygons of the other mesh, and
these points are defined as outer boundary points. Let Oref
and Otgt denote the outer boundary points of each mesh.
The outer boundary of the stitched image is defined as
O = Oref ∪ Otgt. The definitions are provided below.

{
Oref = {u | u ∈ ∂Mref ∩ u < int(Mtgt)}
Otgt = {v | v ∈ ∂Mtgt ∩ v < int(Mref)},

(4)

Here, ∂M refers to the boundary points of mesh M , while
int(M) denotes the region enclosed by the boundary. The
vertices u and v are located on the boundaries of Mref and
Mtgt, respectively.

We describe the outer boundary extraction process in
Alg. 1, which includes extraction from the reference and
target images, and we take the reference image part as an
example. The double loop in Alg. 1 represents the Carte-
sian product of “point × edge”. For each point u ∈ ∂Mref,
we check whether it intersects each edge formed by ver-
tices v ∈ ∂Mtgt, as illustrated in Fig. 3b. This can be
achieved by casting a horizontal ray to the right from each
point u, which essentially identifies intersections between
the line y = uy and polygon edges lying to the right of u.
Next, we count the number (ninter) of intersections and
use the odd-even rule to verify whether u is inside the poly-
gon, and retain the points where ninter is even to obtain
Oref. Finally, the outer boundary can be represented by
O = Oref ∪ Otgt. As illustrated in Fig. 3a, we assume that
there are two meshes, Mesh A and Mesh B, with points
Pi and Po both belonging to Mesh A. From Pi and Po, we
cast horizontal rays to the right and count the number of
intersections (ninter) between these rays and the boundary
of Mesh B. If ninter is even, it indicates that the point is
outside the polygon (as shown in Po in Fig. 3a).

To clarify the algorithm, we further provide a detailed
analysis of the outer boundary determination. We first
discuss the polygonal approximation of our mesh. In our
warping-based learning framework, we apply rigid meshes
to the reference and target images, and only update ver-
tex coordinates through mesh motion regression. Thus,
the mesh boundary can be approximated as a polygon in-
stead of a curved contour, which facilitates the aforemen-
tioned ray-intersection-based outer boundary extraction.
As shown in Alg. 1, a boundary vertex of a mesh is iden-
tified as a point on the global outer boundary by verifying
the number of intersections between a horizontal ray cast
from the vertex and the polygon boundary of the other
mesh. For the special cases in Fig. 3c, when the horizon-
tal ray intersects a vertex of the other mesh, the number
of intersections can also be correctly determined using the

original logic of Alg. 1. In addition, when the ray cast
from a vertex is collinear with an edge of the other mesh,
we directly skip this vertex and do not count it as an in-
tersection.

We further analyze the differentiability of Alg. 1. It is
evident that most operations involved are differentiable.
In particular, although the “modulo” operation appears
non-differentiable during boundary extraction, it does not
affect the differentiability of the overall algorithm. In our
opinion, the modulo operation is equivalent to the “if”
conditional statement. In the forward propagation step,
only the operations in the selected branch appear in the
computational graph. In the backpropagation step, the
network only computes derivatives for the operations along
the actual path traversed during forward propagation, and
propagates the gradients back along this path. Indeed, op-
erations such as the Oref update support gradient propa-
gation.

Given the outer boundary vertices of warped meshes
after stitching, we compute their maximum and minimum
coordinates to obtain the minimal bounding rectangle. We
then constrain each vertex on the outer boundary to be
close to the nearest side of the smallest bounding rectangle.

Algorithm 1 Outer boundary extraction algorithm
1: Input: ∂Mref, ∂Mtgt ▷ The boundary points of the two meshes
2: Output: Oref ▷ The extracted outer boundary from ∂Mref
3: Oref ← ∅
4: R[ ]← ∂Mref, T [ ]← ∂Mtgt
5: for each u in R do
6: ninter ← 0 ▷ Initialize the number of intersection points
7: for k from 1 to n do
8: v ← T [k] ▷ Start point of the edge
9: vnext ← T [(k + 1) mod n] ▷ Next point of the edge

10: if vy = vy
next then

11: continue
12: end if
13: if uy > min(vy , vy

next) and uy ≤ max(vy , vy
next) then

14: Let δ = vvnext ∩ (y = uy)
15: if ux ≤ max(vx, vx

next) and ux ≤ δx then
16: ninter ← ninter + 1 ▷ Intersections to the right of u

17: end if
18: end if
19: end for
20: if (ninter mod 2) == 0 then
21: Oref ← Oref ∪ {u}
22: end if
23: end for
24: return Oref

3.3. Loss Function
The loss function of the local deformation network con-

tains three constraint terms: alignment loss, shape preser-
vation loss, and rectangular boundary loss. We define the
total loss as Eq. (5):

Ltotal = φaLalign + φsLshape + φbLbdy, (5)
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Fig. 3: Outer boundary extraction. (a) Shows how to determine the
internal points of the polygon; (b) Provides details for judging the
intersection point in Alg. 1; (c) Describes the special cases of the
outer boundary extraction.

where φa, φs, and φb denote the corresponding weights.
Alignment Loss. To ensure accurate feature align-

ment in the overlapping regions, we propose a coarse-to-
fine scheme to define the alignment loss. Specifically, this
constraint is defined as a combination of the alignment
losses from global and local warping, as defined below.

Lalign = φhLh + φtLt, (6)

where φh and φt are corresponding weights.
We define the global alignment loss based on the pixel-

level differences between overlapping regions of warped im-
ages guided by the global bidirectional homography [23],
as defined below.

Lh = ∥H(Iref , Href ) · Ph − H(Itgt, Htgt) · Ph∥1, (7)

where Ph = H(m, Href ) ∩ H(m, Htgt) is used to extract
the overlapping regions from the warped images.

Similar to the global loss, we define the local alignment
loss based on the pixel-level differences between the over-
lapping regions of warped images guided by the predicted
local deformation mesh, as detailed below.

Lt = ∥W(Iref , Mref ) · Pt − W(Itgt, Mtgt) · Pt∥1, (8)

where Pt = W(m, Mref ) ∩ W(m, Mtgt) denotes the mask
corresponding to the overlapping area.

Shape Preservation Loss. To prevent excessive de-
formation in non-overlapping areas, the shape preservation
loss imposes intra-grid and inter-grid constraints on the fi-
nal mesh, as defined below.

Lshape = Lintra + Linter. (9)

Similar to [20], the intra-grid constraint prevents exces-
sive stretching by limiting the maximum size of each mesh
cell, and enforces that the edge length does not exceed

twice the original length of the rigid grid edge. The inter-
grid constraint is formulated to preserve the local smooth-
ness of the grid structure. This is achieved by calculating
the cosine of the angles formed by horizontally and ver-
tically adjacent edges within the grid. The angle error
derived from these calculations serves as the inconsistency
metric. Please refer to [20] for details.

Rectangular Boundary Loss. With the outer bound-
ary O and the minimal boundary rectangle defined in Sec-
tion 3.2, we define the rectangular boundary loss as follows.
For each outer boundary point (xk, yk) ∈ O, we compute
the minimum distance from the point to the four edges
of the rectangle. The sum of these minimum distances is
taken as the boundary loss, as defined below.

Lbdy =
N∑

k=1

min
(
|xk − Ox

min|, |xk − Ox
max|,

|yk − Oy
min|, |yk − Oy

max|
)
,

(10)

where Ox
max, Ox

min, Oy
max and Oy

min refer to the four bound-
ary coordinates of the bounding rectangle, and N is the
total number of vertices on the outer boundary.

3.4. Fine-tuning

To further improve the alignment accuracy and bound-
ary regularity of the overlapping regions, we conduct a
pairwise fine-tuning process. The results are presented in
Fig. 4. In the fine-tuning stage, we design a weighted align-
ment loss to ensure that the features of the two images are
well aligned within the overlapping area. Specifically, it is
formulated by assigning weight ω to Eq. 8, where ω denotes
the overlap proportion weight, as given below.

ω = λ · max
(

0.1,
|Φ|

H × W

)
. (11)

Here, |Φ| represents the total number of pixels in the over-
lapping region, and λ is a scaling factor that amplifies the
influence of the overlap weight.

The significance of the weight design is that when the
overlapping region is very small, a minimum weight of 0.1
is assigned to avoid training instability caused by an ex-
cessively small weight. When the overlapping region is rel-
atively large, the weight increases linearly with the overlap
ratio. This approach reinforces the alignment constraint
and facilitates the adaptation to image pairs with varying
degrees of overlap.

In this stage, the total loss function is a linear combina-
tion of weighted alignment loss and rectangular boundary
(see Section 3.3), as defined below.

Lft = φoωLt + φbLbdy, (12)

where φo and φb are the corresponding weights that con-
trol their relative importance.



8 / Computers & Graphics (2026)

Stitching Result Refined Stitching – 10 epoch Refined Stitching – 30 epoch

PSNR: 19.3334 SSIM: 0.7421  MASK: 0.9880 PSNR: 22.2968 SSIM: 0.8526  MASK: 0.9897 PSNR: 23.7953 SSIM: 0.9124  MASK: 0.9923

R
e
fe

re
n

c
e 

Im
a

g
e

the Predicted Mesh 
on the Reference Image

the Predicted Mesh 
on the Target Image

Legend

Zoom-in views

T
a

rg
et

 I
m

a
g
e

Fig. 4: Pairwise fine-tuning process. Given a pair of images as input, the image stitching parameters are iteratively optimized via a pretrained
neural network using weighted alignment loss and rectangular boundary loss, yielding the refined stitching result. Columns 2 to 4 present the
stitching result of BRecStitch, as well as the results after 10 and 30 epochs, respectively. The overlapping regions are highlighted in yellow
for clearer and more intuitive illustration.

4. Experiments

4.1. Implementation Detail
Our implementation was based on PyTorch using a sin-

gle NVIDIA A40 GPU for training and inference. In the
data preparation and training stages, we uniformly set the
resolutions of the input image and the mesh to 512×512
and 11×11, respectively. Our network was trained for
260 k iterations using the Adam optimizer [12] with an ex-
ponentially decaying learning rate initialized to 10−4. We
set the batch size to 4 and used ReLU as the activation
function.

For the decomposition coefficient, we conducted com-
parative experiments using the values (0.3, 0.4, and 0.5)
respectively. Finally, we set α = 0.4 to achieve improved
boundary regularity. In the training stage, we set φa = 1,
φs = 1, φb = 0.0001, φh = 3, and φt = 1. In the fine-
tuning step, we set λ = 10, φo = 3, and φb = 0.001 to
achieve effective boundary rectification. We set the max-
imum number of iterations to 50 for each example, and
most examples converged rapidly, with an average of 30
iterations.

We further analyze the setting of the loss weights in de-
tail. In our experiments, the alignment loss, shape preser-
vation loss, and boundary loss at the beginning of training
are 0.8022, 0.0001, and 80.3288, respectively. Notably, the
shape preservation loss is initially very small because the
mesh undergoes negligible deformation at the beginning
of training, and it gradually increases throughout train-
ing. Since alignment and shape preservation constitute
the core objectives of high-quality stitching, we set their
weights to 1 to ensure both constraints are sufficiently en-
forced. In contrast, the boundary loss is orders of magni-
tude larger, so a comparable weight would dominate the

total loss and severely degrade the alignment and shape
preservation. Thus, we set the weight of boundary loss
to 0.0001 so that it serves as a weak regularizer, balancing
the three terms and stabilizing training. At the fine-tuning
stage, the total loss is formulated as a linear combination of
the local alignment loss and the boundary loss. We intro-
duce a scaling factor to further enhance alignment within
overlapping regions. Accordingly, we increase the weight
of the boundary loss to 0.001 for better regularization of
the global stitching boundary.

We use two datasets to evaluate our method: the UDIS-
D dataset [19] and an out-of-domain dataset. The former
contains 10,440 training image pairs and 1,106 test im-
age pairs, whereas the latter comprises 143 image pairs in
total, including 119 captured by us and 24 selected from
traditional datasets. This dataset is designed to evaluate
the generalization capability of our model across diverse
scenes, including challenging cases such as low-texture
(9.09%), low-contrast (4.20%), low-light (7.69%), and low-
overlap (9.79%).

4.2. Evaluation
To evaluate the effectiveness of our method, we con-

ducted extensive quantitative and qualitative evaluations,
as well as a user study.

4.2.1. Quantitative and Qualitative Comparison
We first compare our method with RecStitchNet[35], a

state-of-the-art learning-based method for image stitching
and rectangling, which is highly relevant to our work. For
a more comprehensive evaluation, we combine state-of-the-
art learning-based stitching methods[25] with rectangling
methods [20] to generate stitching results with rectangular
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Fig. 5: Qualitative and quantitative comparison with RecStitchNet [35]. The inputs of the first three lines are from the UDIS-D dataset [19]
and the remaining inputs are from our collected dataset. The first column presents the input images to be stitched. The 2nd and 3rd columns
provide the stitching results of RecStitchNet [35] and its results after fine-tuning. The last two columns show the results of our method and
its fine-tuning results.
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Fig. 6: Comparison with StabStitch++ [25], Rectangling [20] and traditional Rectangular Stitching [36]. The first column shows the input
images for stitching. The 2nd and 3rd columns present the results of StabStitch++ [25] and their results after rectangling [20], respectively.
The 4th column shows the results of the traditional rectangular stitching method [36]. The last two columns present the results of our method
and our refined results. The red boxes and yellow arrows highlight artifacts produced by other methods.

Table 1: Ablation study and quantitative evaluation on the UDIS-D testing dataset [19]. The metrics used in the ablation study include
PSNR, SSIM, and MASK, where “Mask” denotes the ratio of valid pixels within the bounding box. Columns 2–5 report the metrics of the
stitching results without alignment, shape preservation, boundary constraints, and bidirectional decomposition, respectively; Columns 6–7
present the metrics of our method before and after fine-tuning; Columns 8 and 9 further report the metrics of [35] before and after fine-tuning;
The last column presents the metrics of the stitching results when the boundary loss is replaced by the one proposed in [20].

w/o Align. w/o Shape w/o Bdy. w/o BiDir. Ours Ours+FT [35] [35]+FT L′
bdy

PSNR 13.0821 23.9570 27.1685 24.4752 25.0359 25.9178 21.3263 24.3630 26.6716
SSIM 0.3221 0.8130 0.8844 0.8205 0.8347 0.8603 0.7015 0.8094 0.8745
MASK 0.9940 0.9881 0.9349 0.9871 0.9911 0.9935 0.9858 0.9874 0.9382

boundaries. Specifically, we first employ the bidirectional
decomposition-based stitching method [25] to obtain the
initial stitching result and its corresponding mask, and
then apply the rectangling method in [20] to rectify the
irregular boundary. To evaluate the stitching quality in
overlapping regions, we adopt PSNR and SSIM as evalua-
tion metrics. To evaluate boundary regularity, we design
the “MASK” metric to measure the closeness of the warped
mask to the all-one matrix, where the warped mask de-
notes the corresponding 0-1 mask of the stitching result.
We also present stitching results after fine-tuning and com-
pare them with the fine-tuning results of RecStitchNet [35]
over 30 iterations.

Fig. 5 presents extensive quantitative and qualitative re-
sults of our method, together with comparisons with Rec-
StitchNet [35]. The first three inputs are from the UDIS-
D dataset [19], and the last three examples take inputs
from a self-built dataset. For a fair comparison, we com-

pare our results with those of RecStitchNet [35] before and
after fine-tuning. Both quantitative metrics and qualita-
tive results confirm the advantages of our method in terms
of alignment and boundary regularity before fine-tuning.
We further refine the stitching results through a pairwise-
image fine-tuning process. Experimental results show that
although fine-tuning improves stitching quality for both
our method and RecStitchNet [35], a comparison between
their fine-tuned outputs still clearly demonstrates the su-
periority of our approach.

As shown in Fig. 6, we further compare with the SOTA
works [25, 20] and the traditional rectangular stitching
method [36]. By applying the bidirectional warping tech-
nique, StabStitch++[25] achieves stitching results with
more balanced warping across both views, and the stitch-
ing boundary is rectified through the rectangling opera-
tion described in [20]. Although well-aligned thanks to the
frozen initial stitching result, the boundary is not correctly
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Table 2: Comprehensive quantitative evaluation on the UDIS-D
dataset [19], as well as comparison with the state-of-the-art method
[35]. To evaluate alignment in the overlapping regions, we use
FSIM [33] to quantify alignment accuracy, RMSE to compute the
root mean square of pixel differences, and LPIPS [34] to measure
perceptual visual similarity. We further employ LBE to evaluate ge-
ometric fidelity based on LSD [29], and use GMSD [30] to measure
the consistency of edge structures and fusion smoothness.

FSIM↑ RMSE↓ LBE↓ LPIPS↓ GMSD↓

Ours 0.9175 19.7144 0.8796 0.1499 0.1259
Zhang[35] 0.8652 30.9369 0.8804 0.1550 0.1697

and robustly rectified because of the limitation of the sin-
gle mesh regression scheme. The 4th column shows results
of the traditional rectangular stitching method [36]. Al-
though [36] achieves comparable performance on common
evaluation metrics, including PSNR, SSIM, and MASK,
its performance in structure preservation and alignment is
less stable, as shown in the regions marked with red boxes.
In addition, different from deep learning frameworks, this
method usually requires solving a computationally expen-
sive optimization problem. Furthermore, it may fail to
obtain correct stitching results under conditions such as
“Low Texture” and “Low Light” scenes, as illustrated in
Fig. 4.2.1. Both the quantitative and qualitative compar-
isons indicate that our method achieves a favorable bal-
ance between alignment and boundary regularity. Results
in the last two columns demonstrate that our results are
visually pleasing and acceptable even without a fine-tuning
scheme.

To evaluate our method more comprehensively, we
adopt a richer set of evaluation metrics, including
FSIM [33], RMSE, and LPIPS [34], to assess alignment
in overlapping regions across the frequency, spatial, and
visual perception domains, as well as LBE and GMSD [30]
to quantify geometric fidelity and structural consistency.
The results in Table 2 clearly indicate that our method
outperforms the most closely related state-of-the-art ap-
proach [35].

To validate the effectiveness and generalizability of our
method, we conducted more experiments on challenging
examples characterized by low texture, low contrast, low
light, and low overlap. As shown in Fig. 4.2.1, our method
can robustly stitch images and produce results with im-
proved alignment and rectangular boundaries. Quantita-
tive metrics and highlighted regions clearly demonstrate
that the refinement step significantly improves stitching
quality.

4.2.2. Evaluation of Boundary Rectification
Our method prioritizes boundary rectification to en-

hance the wide-angle effect of stitching results in an unsu-
pervised framework. Therefore, we conduct separate eval-
uations of boundary rectification by comparing with SOTA
methods [20, 35].

To compare with [20], we redesigned the training scheme
by replacing our boundary loss Lbdy with L′

bdy, as de-

fined in [20] (see details in Section 3.3). Experimental
results indicate that this solution has two main drawbacks.
First, owing to the requirement for stitching mask genera-
tion, the computational overhead increases, and the actual
training time is more than twice as long as ours. Second,
the results generated by the retrained model are similar to
those without the boundary loss, as shown in the last col-
umn of Table 1, indicating that the boundary constraint
defined in [20] has no significant effect on boundary rectifi-
cation. In comparison, our boundary loss function, which
constrains the outer boundary of the stitching meshes, is
more intuitive and effective, enabling efficient training and
boundary rectangularization.

We further compare our method with RecStitchNet [35],
a state-of-the-art learning-based method for image stitch-
ing with boundary rectification. In [35], the boundary rec-
tification constraint is employed in the fine-tuning scheme,
and irregular boundaries can be effectively rectified within
30–40 iterations. However, the Boolean union operation [1]
used to extract the outer boundary of the stitched mesh
is computationally expensive. As shown in Table 4, our
method achieves a significantly convergence speed during
the fine-tuning than RecStitchNet [35]. Furthermore, the
Boolean union operation is non-differentiable, and thus
cannot be incorporated into the training pipeline..

4.2.3. Ablation Study
To evaluate the effectiveness of each constraint, we re-

trained the model by removing one constraint at a time
and then conducted an ablation study on the UDIS-D
dataset [19]. Fig. 8 shows the stitching results without
alignment, shape preservation, boundary constraints, and
bidirectional decomposition. It is evident that, without the
alignment constraint, the stitching result exhibits severe
ghosting, and important structures are distorted without
the shape constraint. Moreover, we observe that without
the boundary constraint, our method degenerates to Stab-
Stitch++ [25]. Additionally, the stitching results without
bidirectional decomposition fail to achieve a balance be-
tween alignment quality and boundary rectification.

Table 1 presents further quantitative results for our
ablation study. The metrics include PSNR, SSIM and
MASK, where MASK denotes the ratio of valid pixels
within the bounding box. Columns 2–5 report the metrics
of the stitching results obtained without alignment, shape
preservation, boundary constraints, and bidirectional de-
composition, respectively. Columns 6–7 and 8–9 show the
results obtained by our method and [35] before and after
fine-tuning, respectively. Both the visual comparison and
the evaluation metrics demonstrate that each constraint is
essential for producing satisfactory stitching results.

4.2.4. User Study
To explore user preference for image stitching, we con-

ducted a user study with college students with basic com-
puter skills, including students majoring in digital media,
liberal arts, and design. Similar to Fig. 5, we present the
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Table 3: A user study on the UDIS-D dataset [19] based on the
preferences of 30 participants for the two methods before and after
refinement.

Content Alignment Shape Preservation

RecStitchNet µ(3.67)σ(0.66) µ(3.57)σ(0.57)
Ours µ(4.03)σ(0.61) µ(4.00)σ(0.53)
p-value 0.014 0.002

RecStitchNet+FT µ(4.07)σ(0.45) µ(4.13)σ(0.35)
Ours+FT µ(4.43)σ(0.57) µ(4.46)σ(0.51)
p-value 0.005 0.010

Table 4: Average runtime of different methods. The 1st column
presents the average runtime of the combination of bidirectional
stitching [25] and rectangling; the 2nd and 3rd columns show the
average runtime of stitching by RecStitchNet [35] and BRecStitch,
and the fine-tuning time in each iteration. All the experiments are
carried out on the UDIS-D dataset [19].

Stitch&Rect. RecStitchNet BRecStitch
Stitch Rect. w/o FT Iter. w/o FT Iter.
0.092s 0.094s 0.151s 0.656s 0.095s 0.075s

stitching results produced by RectStitchNet [35] and our
BRecStitch, along with the corresponding results after fine-
tuning. In the user study, each participant evaluated 30
groups of stitching results, divided into two categories: the
results before fine-tuning and the results after fine-tuning.
To ensure effective and fair user ratings, each group of
results was displayed on a separate page, with the pre-
sentation order randomized for each participant. Addi-
tionally, users can zoom in/out on the stitching results to
facilitate their evaluations. Each example was rated on
a 5-point scale (“1 = poor, 5 = excellent”) by partici-
pants according to two core metrics: Content Alignment
and Shape Preservation. To validate the statistical relia-
bility of user preferences, we conducted a two-tailed paired
t-test on the collected rating data. As shown in Table 3,
our method achieves higher mean scores (µ) across all di-
mensions. Since the p-value of each comparison group is
less than 0.05, these differences are statistically significant.
This confirms that users prefer our method and demon-
strates the effectiveness and robustness of our framework.

4.3. Performance
To test the effectiveness of our method, we report the

performance of our BRecStitch and compare it with [25]
and RecStitchNet [35] on the UDIS-D dataset [19]. As
shown in Table 4, the first column refers to the runtime of
separate stitching [25] and rectangling [20]. The 2nd and
3rd columns show the time cost of RecStitchNet [35] and
our BRecStitch, as well as their fine-tuning stage which
contains 30 iterations. Specifically, “w/o FT” and “Iter.”
denote the average stitching time without fine-tuning and
the average duration of each iteration during fine-tuning,
respectively. It is clear that our method (w/o FT) is much
faster than [35] and the combination of stitching [25] and

rectangling [20]. In addition, our fine-tuning scheme is
more efficient than that of RecStitchNet [35]. We believe
that the high performance lays an important foundation
for the subsequent research on video stitching.

4.4. Discussion
In this paper, we focus on the boundary rectification

problem in image stitching and propose a novel boundary
rectification constraint, which is successfully integrated
into an unsupervised image stitching framework. Instead
of relying on the Boolean union operation [1], we design
a novel and efficient solution to extract the outer stitch-
ing boundaries via a parallelized point-in-polygon check.
Our boundary term is formulated by constraining the ver-
tices of the outer boundary to remain close to their mini-
mum bounding rectangle. Both experimental results and
ablation studies clearly demonstrate the effectiveness of
our boundary constraint within the unsupervised learning
framework, which helps achieve a good balance between
alignment and boundary regularity, and produce stitching
results with satisfactory boundaries and more immersive
effects.

The effectiveness of our unsupervised stitching also de-
pends on the feature selection from the backbone network.
To validate our selection of intermediate features from
Stages 2 and 3 of ResNet-18 [8], we conduct additional
comparative experiments on the UDIS-D dataset [19]. We
compare the results from our selected intermediate layers
with those from shallow layers (Stages 1 and 2) and deep
layers (Stages 3 and 4) of ResNet-18. As shown in Fig. 9,
the zoom-in view and the quantitative metrics indicate the
superiority of our method in terms of feature alignment
and structural preservation. The performance reported in
Table 5 further demonstrates that our strategy achieves
superior stitching performance while requiring lower com-
putational cost.

Our method has several limitations. As shown in
Fig. 10, the top of the building is severely distorted af-
ter the stitching with boundary rectification. The reason
for this is the failure to preserve salient structures, such as
straight lines. In fact, the local distortion and misalign-
ment are more likely to manifest when a significant por-
tion of content is missing due to large parallax, occlusion,
etc. In such cases, the rectangular boundary constraint
requires more aggressive mesh deformation to converge to
a rectangle, which may stretch local structures or slightly
compromise the pixel-level alignment in non-critical over-
lapping subregions. As a long-standing and challenging
issue in image stitching, the trade-off between local struc-
tural fidelity and global boundary regularity still calls for
more effective and practical solutions.

5. Conclusion

This paper proposes BRecStitch, an end-to-end network
that is the first to successfully incorporate the bound-
ary rectification constraint into the unsupervised stitching
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Fig. 9: Comparison of results obtained using features from the se-
lected intermediate, shallow, and deep layers of ResNet-18. The
zoom-in view and the metrics indicate the superiority of our method
in terms of feature alignment and structural preservation.

Table 5: Metrics of the stitching results and average runtime ob-
tained using our selected intermediate layers, as well as the shallow
and deep layers of ResNet-18, on the UDIS-D dataset [19].

Ours Shallow-layer Deep-layer

PSNR 25.0359 24.9542 24.4412
SSIM 0.8347 0.8344 0.8186
MASK 0.9911 0.9911 0.9918
AvgTime 0.091s 0.093s 0.099s

framework. To achieve more balanced distortions between
two views, we first incorporate the bidirectional warping
strategy from [25] into our global homography. Based on
the global warping, a local regression network is further
designed to generate local mesh motions for more accurate
feature alignment and more regular stitching boundaries.
Specifically, the highlight of local regression lies in the
newly proposed rectangular boundary loss, which is fea-
tured by efficient outer stitching boundary extraction and
effective boundary constraint in the training step. Exper-
imental results demonstrate that our end-to-end network
can stitch images effectively and efficiently, achieving a fa-
vorable balance between feature alignment and boundary
regularity. To improve stitching results, we further design
a fine-tuning scheme that can efficiently enhance align-
ment and boundary regularity within 10–20 iterations. In
the future, we will investigate effective solutions for pre-

OursInput Ours + Refinement

Fig. 10: Our method may fail to preserve salient structures such
as straight lines when seeking to achieve both good alignment and
rectangular boundaries.

serving salient structures (e.g., straight lines) and explore
the feasibility of unsupervised video stitching with bound-
ary rectification.
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