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Abstract—Warping-based image stitching methods often suffer
from perspective variations among multiple images and lead to
shape and perspective distortions in stitching results. Moreover,
they also quickly lose their efficiency in low-textured images,
due to the lack of reliable point correspondences. To solve
these problems, this paper presents a locally warping-based
image stitching by imposing line constraints. First, a two-stage
alignment scheme with line constraints is introduced to achieve
accurate alignment. More precisely, line features are adopted as
alignment constraints to jointly estimate local homographies with
point correspondences, which provides strong correspondences
especially in low-textured cases. Then line constraints are also
imposed to the content-preserving warping framework to further
reduce alignment errors and preserve image structures. Second,
in order to preserve shape and perspective information, a
global similarity transform is introduced to mitigate projective
distortions. Experimental results demonstrate the efficiency of
our method, which yields more encouraging image stitching
results in contrast with state-of-the-art methods.

I. INTRODUCTION

Image stitching, a process of warping a set of images
into a single while larger mosaic with a wider field of view
(FoV) [1], has been widely used in many tasks, such as
panorama [2], scene understanding [3], photogrammetry [4],
remote sensing [5] and many others.

A. Motivation and Objective

Recently warping-based methods are proposed to improve
image stitching performance. These methods can be roughly
classified into two categories: multiple homographies [6]–[9]
and mesh-based warping [10]–[13]. In contrast with global
models [1], [14], these methods are more flexible to handle
parallax due to higher degree of freedom (DoFs). However,
there are still some problems, as follows.

- Most warping-based methods suffer from projective dis-
tortions, especially shape distortion and perspective dis-
tortion. This is because these methods only focus on
alignment accuracy without considering distortions re-
sulted by projective transformation. As shown in Fig. 1,
the as-projective-as-possible (APAP) warping method [7]
and content-preserving warping (CPW) method [10] suf-
fer from some projective distortions, for example, the
chair in red box is obviously stretched, the perspective
of the stitched image faces unsatisfactory distortions.

Fig. 1. Illustration of the overview of our method. The point and line features
are detected and matched. The line feature is first adopted as another alignment
constraint to jointly estimate local homographies with points. Furthermore,
line constraints are integrated into mesh-based warping to improve alignment
and preserve image structures. Similarity transformation is introduced to
alleviate projective distortions. Observe that APAP [7] (one of the local
homography-based methods) and CPW [10] (one of the mesh-based warping
methods) produce misalignments and suffer from projective distortions. The
distortions of APAP and CPW can be seen in red boxes. The misalignments
of APAP and CPW can be seen in green and yellow boxes.

- These methods may fail to provide accurate alignment
in low-texture images. In low-texture or homogeneous
regions, such as white walls in indoor images, sky regions
in outdoor images, low-textured regions of man-made
structures, the key points are difficult to be extracted. It
is unlikely to provide sufficient and reliable correspon-
dences of local geometries [15] to estimate an accuracy
model for image alignment. This may also damage the
structures where local transformations are erroneously es-
timated. In Fig. 1, owing to the insufficient corresponding
information, the white lines on ground in green box in
APAP and CPW are obviously misaligned, the straight
line in yellow box in APAP is bended.
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From literature, some studies have been devoted to dealing
with the first problem, e.g. [8] and [9], among which simi-
larity transformation shows many advantages and promising
results in the reduction of projective distortions. But they are
incapable of handling low-texture images. Meantime, as far as
we know, few methods can handle the latter problems which
mainly resulted by the poor correspondences of low-texture
region. Recently, [16] and [17] introduced the line feature to
improve the alignment accuracy for image stitching. However,
they also suffer from projective distortions and may be weak
to handle parallax.

To deal with these problems discussed above, the locally
warping-based image stitching by imposing line constraints
is proposed in this paper. The line feature can not only
be regarded as another alignment constraint to provide rich
correspondences for accurate warping model estimation, but
also be employed as line constraints, such as line colinearity or
correspondence, to further improve alignment and preserve im-
age structures. In addition, similarity transformation is adopted
to reduce projective distortions in non-overlapping regions by
weight integration with local warping model. The outline of
our method is illustrated in Fig. 1.

B. Contributions

Our work is distinguished by the follow contributions.
- We propose a two-stage alignment scheme with line

constraints for image stitching. We first adopt the line
features as the alignment constraint to jointly estimate
the local homographies.Then with line correspondence
constraint, the mesh-based warping is employed to further
refine the alignment. This method combines the strength
of local homographies and mesh-based warping.

- We introduce line features as structure constraints to pre-
serve the image structures. The line correspondence and
line colinearity are integrated into mesh-based warping
framework to prevent the structural distortions.

The remainder of paper is organized as follows. Section II
describes the details of our approach. In section III the
experimental results are shown and discussed. Finally, we
conclude our work in Section IV.

II. OUR METHOD

A. Local Homography Estimation with Line Feature

Compared with other image stitching methods, the line
feature is adopted as another alignment constraint to jointly
estimate local homographies with point correspondences in
our method, which provides rich correspondences in low-
texture images. LSD [18] is employed for line detection.
Line-point invariants (LPI) matching [19] is adopted for lines
matching [20] [21].

Given a pair of matching points pi = [xi, yi, 1]
T and

p
′

i = [x
′

i, y
′

i, 1]
T

between image I and I
′

respectively, the ho-
mography H for pi to p

′

i can be expressed as: pi
′
= Hpi, and
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The equation can be rewrote as Api
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Given a pair of corresponding lines (lj , lj
′
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parameterized as lj = [aj , bj , cj ]
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T .

Besides, p0,1j = [x0,1j , y0,1j , 1]T denotes its two endpoints of lj .
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j for line-to-line mapping, that is: l
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where κj is a scalar factor for the balance with Api
, κj =

1/
√
a

′
j
2
+ b

′
j
2.

Simply stacking the coefficient matrices of points Api
and

lines Alj , i.e. A = [Ap(:);Al(:)], A ∈ R2(N+M)∗9, N is the
number of point correspondences and M is the number of line
correspondences. For numerical stability, the all entries of the
stacked matrix [Ap(:);Al(:)] should be normalized.The point-
centric normalization approach proposed in [22] is adopted.

Inspired by APAP, the local homographies can be jointly
estimated by points and lines. The input image is first parti-
tioned into meshes, and the local homography of each mesh
is estimated by:

h∗ = argmin
h

‖WAh‖2, subject to ‖h‖ = 1 (3)

where W = diag
([
wp, wl

])
denotes weight factor of point

and line correspondences, respectively.
The weight factor of point wp is computed with Gaussian

kernel defined in [7]. The line weight factor wl is computed
as:

wlj = max
(
exp

(
−dl(X∗, lj)

2
/σ2
)
, η
)

(4)

where dl(X∗, lj) is the shortest distance between X∗ and lj .

dl(X∗, lj) =

 min(‖X∗ −X1‖ , ‖X∗ −X2‖) (a)

|ajx∗ + bjy∗ + c| /
√
a2j + b2j (b)

(5)

where X1, X2 are the endpoints of lj . As shown in Fig. 2, if
X∗ is in the R1 or R2 region, the dl is calculated by (a), and
if X∗ is in the R3 region, dl is calculated by (b).

From (4) and (5), the weight is high when grid point is
closer to point or line correspondences, and nearly equal when
grid point is far from the matching points and lines.

B. Global Similarity Transformation Constraint

To mitigate the projective distortions, the global similarity
transformation [8] is employed as constraint to tweak the local
homographies to reduce distortions and preserve the image
shape and perspective.

The global similarity transformation is estimated by
RANSAC iteratively on matching points to find a group of
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Fig. 2. The shortest distance between the cell point X∗ and line segment lj .

points with the smallest rotation angle, see [9] for details.
Then it is combined with local homographies as below:

H
′

i = αHi + βS (6)

where Hi is the local homography in the ith grid, H
′

i is the
final local warping, S is the similarity transformation, α and
β are weight coefficients and α+ β = 1.

Accordingly, the reference image should take the corre-
sponding warping so that the two input images can be well
aligned. The warping is:

T
′

i = H
′

iH
−1
i (7)

where T
′

i is the local warping for reference image in ith grid.
Due to space limitations, the estimation of weight coeffi-

cients can refer to [9], [23].

C. Line Feature Constraints

Line feature constraints are adopted to extend the content-
preserving warping [10] framework so that it can further align
the pre-warping result as well as preserve image structures.
Line feature constraints mainly contain line alignment con-
straint and line collinearity constraint detailed below.

The input image I is first divided into m× n regular grid,
and the grid can be transformed to the pre-warping image
by local warping. The vertices of the mesh in pre-warping
image for solving denote V . For arbitrary point Pi in pre-
warping image, it can be represented by a linear combination
of four grid vertices Vi = [V 1

i , V
2
i , V

3
i , V

4
i ]

T in its locating
quad: Pi = wT

i Vi, and wi = [w1
i , w

2
i , w

3
i , w

4
i ]

T is calculated
by the inverse bilinear interpolation and sum to 1. The image
warping problem is then changed to a mesh warping problem.
The energy terms in this paper is detailed below.

1) Line alignment term: The line correspondences should
be aligned. Assuming that lj , l

′

j are a pair of line correspon-
dence. Line lj is cut into several short line segments by the
edges of mesh if lj goes across this mesh. {Pk} denotes all
endpoints of short line segments from lj . {P ′

k} denotes the
endpoints in the pre-warping image transformed from {Pk}
by local warping. The distance from all transformed endpoints
{P ′

k} to the corresponding line l
′

j should be minimized. So

El(V ) =
∑

j,k

∥∥∥∥(l′jT · wT
j,kVj,k)/

√
a

′
j
2
+ b

′
j
2
∥∥∥∥2 (8)

Lines are used to not only enhance the alignment for lines
but also preserve the straightness property of lines together
with the line collinearity term below.

2) Line collinearity term: It is used to preserve the line
structures as much as possible. Line l̂j is computed by the
head and tail endpoints of {P ′

k}. The term is expressed by the
distance from the transformed endpoints {P ′

k} to the line l̂j ,
that is

Ec =
∑

j,k

∥∥∥∥(l̂Tj · wT
j,kVj,k)/

√
â2j + b̂2j

∥∥∥∥2 (9)

3) Other terms: Point alignment term, global alignment
term and smoothness term are directly from [10]. See [10]
for detailed information.

The above five energy terms are combined as energy mini-
mization problem, the objective function is:

E = αEp + βEl + γEc + δEs + ρEg (10)

where α, β, γ, δ, ρ are weight factors of each term. In our
paper, α = 1, β = 1, γ = 0.001, δ = 0.01, ρ = 0.001. Since
the above function is quadratic, the function can be solved
by sparse linear solver. The final result is obtained through
texture mapping.

III. RESULTS AND ANALYSIS

A set of experiments are conducted to verify the effec-
tiveness of the proposed method on a range of challenging
images. Our method is compared with other algorithms, in-
cluding global method [14], APAP [7], SPHP with global
homography [8], and SPHP with APAP (SPHP+APAP) [8].

For better comparison, the post-processing methods like
blending or seam cutting detailed in [1] are avoided in case
of interference. The stitching results are simply blended by
intensity average so that misalignments remain obvious. The
parameters for other methods are set as the same suggested
in each paper. The parameters in our paper are: σ = 8.5, η =
0.01. To quantify the alignment accuracy of our method, the
root mean squared error (RMSE) suggested in [7] on point
and line matches is adopted.

Fig. 3 illustrates the performance of line constraints on the
image stitching. As can be seen in Fig. 3 (b), misalignments
are obvious at the roof of church and the handrail, owing
to the lack of point correspondences, which can be seen in
the results of feature detection in Fig. 3 (a). With the line
correspondences that provide strong alignment constraints,
there obtains a better result. But the handrail still suffers
from the slight misaligments. Thanks to the integration of line
feature constraints into content-preserving warping, there is
a clear improvement in alignment. Our method achieves an
encouraging image stitching performance. Table I depicts the
quantitative evaluation on the Church experiment. It is clear
that our approach provides the smallest errors.

Fig. 4 illustrates the original images for compared experi-
ments: Building, Temple, Desk and Wall images. Experimental
images include two categories: (a) outdoor images from public
available dataset [7], [12] and (b) indoor images captured by
ourselves. Each image pair is taken at different view points, so
they may be not fitted by global models. Furthermore, Build-
ing, Desk and Wall images are lack of textures, which bring

4175



line−point ransac im1 line−point ransac im2

(a) Church images and the results of feature detection (b) APAP

(c) Line-APAP (d) Stitching with line constraints

Fig. 3. The performance of line constraints on image stitching. (a) Original images of church and feature detection. (b) Stitching by APAP (one of the
keypoint-based approach). (c) Stitching by Line-APAP. The local homography is estimated jointly by line and point correspondences, i.e. the first-stage
alignment. (d) stitching by our method, i.e. the two-stage alignment. Other than alignment constraint, content-preserving warping framework with line feature
constraints is adopted. For better comparison, some local details are highlighted.

TABLE I
RMSE ON Church IMAGES

Method APAP Line-APAP Our method
RMSE (Point) 1.69 1.48 0.87
RMSE (Line) 2.69 2.04 1.56

RMSE 2.18 1.76 1.21

about some challenges for image stitching. Fig. 5 shows the
stitching results on the four pairs of images. Some details are
highlighted for better comparison. Red boxes show alignment
errors or distortions, and green boxes show the satisfactory
stitching. The enlarged views are shown below each stitching
result.

In Fig. 5, it is obvious that the global method is hard
to tackle parallax well for the defective model. It produces
obvious misalignments, which can be seen in four pairs of
the stitched results. In addition, because of the projective
transformation adopted by the global method, it inevitably
suffers from the projective distortions. This can be seen
in Building and Temple images, the tall buildings in non-
overlapping regions in Building are enlarged and become tilt,
the buildings in Temple are severely inhomogeneous stretched
and become parallelograms. The perspective of Temple images
is undesirely changed with serious incline.

Owing to higher DoF, APAP is more flexible to handle
parallax than the global method, it can reduce much alignment
errors in the overlapping regions. For Building, Desk and Wall
images, the misalignments of APAP are less than the global
method. For Temple images, we can see the striking perfor-
mance of alignment. It achieves accurate alignment owing to

the rich and exact point correspondences. However, because of
the insufficient and unreliable correspondences in low-texture
regions, it cannot completely handle alignment errors. Besides,
due to the simple extrapolation of projective transformation
to non-overlapping regions, APAP also produces projective
distortions in the non-overlapping regions. This can be ob-
viously discovered in Temple result. APAP may break the
image structures when there are rare correspondences for the
estimation of local homographies, especially line structures.
For instance, some straight lines in Building and Wall results
are bended, because of the lack of key point correspondences
around these lines.

Combined with similarity transformation, SPHP and
SPHP+APAP [8] are proposed to handle the shape distortion in
non-overlapping regions. They adopt three continuous warping
(homography, transition transformation, similarity transforma-
tion) from overlapping to non-overlapping regions to reduce
the shape distortion in non-overlapping regions. This can be
easily seen in the Temple results, the shape of distant buildings
experience less distortion and is preserved well. However,
due to the using of the global transformation, SPHP is not
flexible to handle parallax and thus produces misalignments.
The four pairs of stitched results suffer from alignment errors
at different extent, which are shown in red boxes. Owing
to the combination of SPHP and APAP, SPHP+APAP can
improve the alignment performance. For instance, the images
are aligned accurately in Temple result. But it is also unable
to deal with misalignments in low-texture images. Because
of the local estimation of APAP, it may also break the image
structures. For instance, some lines in Building and Wall results

4176



(a) Outdoor images (left: Building; right: Temple)

(b) Indoor images (left: Desk; right: Wall)

Fig. 4. The images for experiments.

TABLE II
QUANTITATIVE EVALUATION (RMSE) ON FOUR IMAGE PAIRS

Method Global Method APAP SPHP SPHP+APAP Ours
Building 4.87 3.35 4.58 3.27 1.81
Temple 8.16 2.25 7.30 2.05 0.74
Desk 9.29 7.51 9.42 7.68 1.52
Wall 7.53 5.08 7.47 5.19 1.95

become curving. Besides, these two methods don’t considering
perspective distortion, so it remians in stitched images, which
can be seen in Temple results.

Our method provides accurate alignment and preserves the
image content and perspective. The method adopts multiple
local homographies so that it is flexible enough to handle
parallax. Due to the use of line features, our method can esti-
mate an accurate warping model, so it provides the accuracy
alignment in the overlapping regions on four pairs of images.
For the line constraints, the image structures can be preserved,
lines maintain straightness in the four esperiments. Owing to
the integration of similarity transformation, it can significantly
mitigate the projective distortions. The proposed approach
preserves the image shape and perspective well. Table II shows
RMSE of compared methods on four image pairs. As we
can see, our methods consistently yields better accuracy than
other methods. From the comparison, our method achieves an
impressive image stitching results.

IV. CONCLUSION

This paper proposes a local warping-based image stitching
method by imposing line constraints. Our method introduces
the global similarity transformation to reduce the projective
distortions, including shape and perspective distortions, by
the way of combination with the locally warping model. Our

method adopts the line features to handle the low-textured
images. Line features are first used to provide rich and
reliable correspondences for the accurate alignment, especially
in low-texture cases that points are extracted with much
difficulty. Then line features compose two line constraints (line
collinearity and alignment constraints) integrated into content-
preserving warping framework to improve alignment as well
as preserve image structures. From experiments, an accurate
distortion-free image stitching is achieved with our method.
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