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  Abstract 
Image stitching is one of the core technologies for virtual scene construction in 
virtual reality technology, and there are always artifacts, ghosting, distortion and 
other problems in the panoramas obtained by image stitching. In order to quickly 
and robustly stitch images and obtain high-quality panoramas, an image stitching 
method based on content optimisation is proposed. The optimisation rules of local 
content similarity preservation and linear similarity preservation can ensure the in-
variance of the basic content as well as the line segments in the image before and 
after stitching, so as to minimise the generation of artifacts, ghosting, and distortion 
in the panoramia. The method is based on the framework of coarse matching + fine 
matching, which firstly obtains the image homography transform model according 
to the matching feature points to achieve the initial alignment of the image, and 
then performs the content optimisation according to the optimisation rules to reduce 
the generation of artifacts and distortion to obtain a high-quality panorama. The 
experimental comparison results with similar methods show that the proposed 
method can quickly obtain high-quality spliced images with less artefacts and dis-
tortions. 
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Introduction 

According to the Action Plan for the Integrated Development of Virtual Reality and Industrial Applications (2022–
2026) issued by the Ministry of Industry and Information Technology of China, virtual reality technology represents 
an important frontier of next-generation information technology and a key emerging field in the digital economy, 
with the potential to profoundly transform human production activities and lifestyles. Virtual reality technology in-
tegrates computer hardware, software, and various interaction techniques to enable users to interactively perceive 
and manipulate virtual environments, providing immersive and multi-sensory experiences including visual, auditory, 
and tactile perceptions (Ministry of Industry and Information Technology, 2022). 

As one of the key technologies in image-based scene rendering, image stitching technology can rapidly and effi-
ciently generate omnidirectional panoramic images, thereby satisfying the requirements of scene modeling in virtual 
reality applications. 

Image stitching aims to combine two or more narrow field-of-view images with overlapping regions into a single 
wide field-of-view panoramic image by establishing the corresponding relationships and transformation mappings 
between adjacent images. Existing image stitching techniques can generally be categorized into feature-based 
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methods and region-based methods. 
Region-based methods perform image matching through local or global similarity measurements. However, these 

methods typically suffer from high computational complexity and are sensitive to variations in illumination, scaling, 
rotation, and image distortion. 

In contrast, feature-based image stitching methods construct transformation models between images by detecting, 
describing, and matching salient image features. These methods can effectively handle geometric deformations and 
therefore exhibit higher flexibility and robustness. In feature-based stitching approaches, the key challenge lies in 
extracting reliable feature points and achieving accurate image alignment through feature matching. 

To further improve alignment quality, mainstream image stitching methods usually adopt a coarse-to-fine strategy, 
namely coarse matching followed by fine alignment optimization. Among these methods, the parallax-tolerant image 
stitching approach proposed by Zhang and Liu (2014) combines homography transformation with local warping to 
address parallax and local distortion problems. Specifically, a random search algorithm is employed to obtain local 
alignment through iteratively expanded feature correspondences, while a seam generation strategy is designed on 
edge maps to determine coarse alignment results by evaluating the costs of different alignment hypotheses. Subse-
quently, a structure-preserving mesh optimization method is applied to achieve fine alignment. 

To alleviate artifacts introduced by global alignment, the SEAGULL method (Lin et al., 2016) employs estimated 
stitching seams to guide the optimization of local alignment and iteratively improves seam quality during the optimi-
zation process. Initially, a superpixel-based feature grouping strategy is adopted to obtain preliminary alignment, 
followed by structure-preserving image deformation and seam estimation based on color edge maps to achieve accu-
rate alignment. 

Shen et al. (2020) proposed a parameterized feature extraction and matching framework to perform coarse align-
ment and subsequently conducted pixel-level optimization based on mesh representation for refined image registra-
tion. To address alignment issues in regions lacking sufficient feature correspondences, Chen et al. (2022) proposed 
a two-stage mesh optimization algorithm with homography diffusion constraints. The method first estimates an image 
homography model using regions with abundant matched feature points and then propagates the homography param-
eters to neighboring grids for optimization, thereby improving alignment accuracy and stitching quality. 

The aforementioned methods improve image alignment accuracy and alleviate problems such as stitching artifacts 
and seam distortions by introducing additional optimization strategies after coarse alignment. Inspired by the ad-
vantages of these approaches, this paper first performs global coarse matching using all detected feature points to 
establish an image transformation model. Subsequently, the overlapping region is represented by a mesh structure, 
and an optimization framework based on mesh vertex functions is introduced to further improve alignment accuracy 
while reducing geometric distortions. 

1. Proposed Method 

1.1 Construction of the Global Homography Model 

Assume that 1I  denotes the target image to be stitched and 2I  represents the reference image. The objective is to 
establish an image transformation model based on the correspondence relationship between matched feature points 
located in the overlapping regions of 1 1 1[ , ]Tp x y=  and 2 2 2[ , ]Tp x y= . 

The geometric relationship between corresponding feature points can be represented as: 

2 1( )p h p=                                          (1) 
where (\mathbf{x}=(x,y,1)^T) and (\mathbf{x}'=(x',y',1)^T) denote the homogeneous coordinates of correspond-

ing feature points in the target and reference images, respectively, and (\mathbf{H}) is the homography transfor-
mation matrix. 

The homography matrix can be expressed as: 

1 1 4 7[ , , ]Th h h h= , 2 2 5 8[ , , ]Th h h h= , 3 3 6 9[ , , ]Th h h h=  
Expanding the homography matrix column-wise yields: 



Wuxia Yan, Rongxin Zhu, Yan Cui 
 

 

DOI: 10.26855/ojipcv.2026.12.003 15 Open Journal of Image Processing and Computer Vision 

 

1 2 3
1

7 8 9

4 5 6
1

7 8 9

( )

( )

x

y

h x h y h
h p

h x h y h
h x h y h

h p
h x h y h

+ +
=

+ +
+ +

=
+ +







                                   (2) 

Taking the vector cross product on both sides of Eq. (1) gives: 
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Since only two rows of the resulting coefficient matrix are linearly independent, the homography parameters can 
be estimated from the matched feature point pairs using the Direct Linear Transformation (DLT) algorithm. Given 
(N) matched feature point pairs, the homography vector can be estimated by solving the following optimization 
problem: 

2
2,1

,21

arg min arg min
N

i

ih hi

ah h Aha
=

= = 
  ∑                         (4) 

Because a homography matrix possesses eight degrees of freedom, an additional normalization constraint is im-
posed: 

2 1h =  
To further improve robustness under local geometric variations, the Moving Direct Linear Transformation (Mov-

ing DLT) method proposed in (Zaragoza et al., 2013) is adopted to estimate locally adaptive homography matrices 
through weighted optimization: 

2
2,1

,
,21

arg min arg min
j

N
i

j i j j
ih hi

ah w h W Aha
=

= = 
  ∑                        (5) 

where (w_i) denotes the spatial weighting coefficient associated with the (i)-th matched feature point, and nearby 
feature correspondences are assigned larger weights to preserve local geometric consistency. 

1.2 Content Optimization Strategy 

Although the global image transformation model established through feature matching can achieve initial image 
alignment, the resulting panoramic images often suffer from ghosting artifacts and geometric distortions due to par-
allax and local structural inconsistencies. 

To improve the stitching quality, a content optimization strategy is introduced after global alignment. In order to 
maintain geometric consistency in regions with insufficient feature correspondences, similarity transformation con-
straints are incorporated into the optimization framework (Liu et al., 2009). 

Meanwhile, to reduce computational complexity, only the overlapping regions are partitioned into mesh grids, and 
the deformation of each mesh cell from its initial position to the transformed position is evaluated using local simi-
larity constraints. 

Each mesh cell is divided into two triangles. Within a local coordinate system, the position of a vertex (v) in a 
triangle can be represented as a linear combination of its neighboring vertices (v_1) and (v_2): 

90( ) ( )a b c b c bV V u V V vR V V= + − + −                                 (6) 
where (\alpha) and (\beta) are local barycentric coordinates. 
To ensure that every mesh element participates in the similarity transformation process, the transformed vertex 

should preserve the same local coordinate relationship after deformation. Therefore, the local content similarity pre-
serving constraint is defined as: 

2

1 1 2 3 2 90 3 2
1

ˆ ˆ ˆ ˆ ˆ ˆ ˆ( ) ( ( ) ( ))
tN

i i i i i i

i

E V V V u V V vR V V
=

= − + − + −∑                          (7) 

where (N_t) denotes the total number of triangular mesh elements. 
However, local similarity preservation alone cannot guarantee the preservation of global image structures after 

transformation. Consequently, an additional linear structure preservation constraint is introduced to maintain the 
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straightness of line segments during image deformation (Lin, Jiang, & Liu, 2017). 
Line segments are first detected in the target image using line segment detection techniques, and feature points are 

uniformly sampled along each detected line segment. Under a one-dimensional coordinate system defined by the two 
endpoints of a line segment, every sampled point can be represented by an interpolation parameter. 

To preserve line straightness after transformation, the transformed feature points should maintain the same inter-
polation relationship with respect to the transformed endpoints. Therefore, the linear structure preservation constraint 
can be formulated as: 

2,
2

1 1

ˆ( ) ( ( ))
l kN N

i j i i i
key b c b

i j

E V L L u L L
= =

= − + −∑∑                          (8) 

where (N_l) denotes the number of detected line segments, (M_i) represents the number of sampled feature points 
on the (i)-th line segment, and (s_i') and (e_i') denote the transformed endpoints of the corresponding line segment. 

Finally, the panoramic image optimization problem can be formulated as the weighted combination of feature 
matching constraints, local similarity preservation constraints, and linear structure preservation constraints: 

1 1 2 2
ˆ ˆ ˆ( ) ( ) ( )E V E V E Vλ λ= +                                   (9) 

where (E_m) represents the feature matching error term, (E_c) denotes the local content similarity preservation 
term, and (E_l) corresponds to the linear structure preservation term. The weighting parameters (\lambda_c) and 
(\lambda_l) control the relative importance of content preservation and structural consistency during optimization. 

By minimizing the objective function in Eq. (9), the proposed method effectively reduces ghosting artifacts and 
geometric distortions while preserving local image content and global structural information, thereby producing 
higher-quality panoramic images. 

2. Experiments and Analysis 

2.1 Experimental Dataset and Environment 

To evaluate the effectiveness and robustness of the proposed method, comparative experiments were conducted 
against two representative image stitching approaches, namely APAP [6] and SEAGULL [3]. 

To ensure the fairness and reproducibility of the experiments, all test images used in this study were obtained 
directly from the original publications of the corresponding methods. As illustrated in Figure 1, image pairs 01–08 
were adopted from the APAP dataset [6], whereas image pairs 09–16 were selected from the SEAGULL benchmark 
dataset [3]. 

Figure 2 presents the visual comparison results obtained using image pair 09. The right column shows enlarged 
views of representative local regions in the corresponding stitched images, allowing a more intuitive evaluation of 
ghosting artifacts, structural distortions, and seam quality. 

All experiments were conducted on a ThinkPad laptop equipped with an Intel Core i7 processor, 16 GB RAM, and 
a 64-bit operating system. 

01-04 

 

Figure 1. Schematic diagram of image data in the experiment. 

 

Figure 2. Comparison of experimental results for image 

09. 

02-08 

09-12 

13-16 
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2.2 Experimental Results and Analysis 

Unlike image restoration or image super-resolution tasks, image stitching generally lacks corresponding ground-truth 
panoramic images for objective comparison. Therefore, this study evaluates stitching quality by measuring the local 
similarity of matched feature correspondences within overlapping regions. 

Since the correctness of matched feature pairs in overlapping regions must be determined under highly imbalanced 
positive and negative sample distributions, the F1-score was adopted as the primary evaluation metric for assessing 
the performance of the proposed method and competing approaches. 

The F1-score is defined as: 
21 P RF

P R
× ×

=
+

                                    (10) 

where (P) denotes Precision and (R) represents Recall, which are respectively defined as: 
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P
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R
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=
+
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+
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                                     (11) 

Here, (TP), (TN), (FP), and (FN) correspond to the numbers of true positives, true negatives, false positives, and 
false negatives, respectively. 

For each stitching method, the values of Precision and Recall were first computed based on the matching accuracy 
of feature correspondences within overlapping regions, and the resulting F1-score was subsequently calculated ac-
cording to Eq. (10). 

For the APAP and SEAGULL methods, the parameters recommended by the original authors were adopted to 
achieve their best possible stitching performance. 

The quantitative comparison results are presented in Table 1. 

Table 1. Comparison of Stitching Performance Among Different Methods 

Image 
Pair 

APAP Preci-
sion 

APAP Re-
call 

APAP 
F1 

SEAGULL Preci-
sion 

SEAGULL Re-
call 

SEAGULL 
F1 

Ours Preci-
sion 

Ours Re-
call 

Ours 
F1 

01 93.35 92.71 93.03 92.58 93.54 93.06 93.73 94.19 93.96 

02 94.38 95.43 94.90 95.43 96.73 96.08 97.47 96.24 96.85 

03 97.56 96.83 97.19 95.71 96.65 96.18 97.13 95.37 96.24 

04 95.26 93.96 94.61 96.76 97.14 96.95 96.54 98.82 97.67 

05 94.18 95.26 94.72 96.43 90.53 93.39 98.17 95.37 96.75 

06 96.71 95.78 96.24 96.54 95.78 96.16 92.25 93.63 92.93 

07 97.36 97.27 97.31 97.93 96.57 97.25 96.39 97.14 96.76 

08 96.25 95.23 95.74 94.35 95.54 94.94 95.73 96.42 96.07 

09 96.58 95.78 96.18 96.84 97.16 97.00 97.41 96.46 96.93 

10 94.15 94.62 94.38 95.43 96.18 95.80 95.74 97.43 96.58 

11 92.55 91.65 92.10 94.76 92.42 93.58 92.54 96.65 94.55 

12 95.34 94.24 94.79 96.46 97.31 96.88 97.34 96.24 96.79 

13 97.27 85.32 90.90 95.43 95.98 95.70 95.40 96.73 96.06 

14 95.23 96.17 95.70 97.32 97.50 97.41 95.87 97.41 96.63 

15 87.46 89.43 88.43 90.43 89.54 89.98 90.37 92.53 91.44 

16 92.45 94.23 93.33 96.54 97.14 96.84 93.15 92.67 92.91 
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As can be observed from Table 1, the proposed method achieves competitive or superior performance in most 
experimental scenarios. 

The APAP method performs particularly well on image pairs 03, 06, and 07. This is mainly because these image 
pairs exhibit relatively simple global structures and can be approximately divided into two dominant regions, namely 
buildings and ground surfaces. APAP groups feature correspondences according to different image regions and esti-
mates locally optimal projective transformations, which is particularly effective under such structural conditions. 

The SEAGULL method achieves the highest F1-scores on image pairs 09, 12, 14, and 16. This advantage can be 
attributed to its superpixel segmentation strategy and its use of curve and line constraints to preserve structural con-
sistency during local alignment. 

The proposed method further improves stitching quality by introducing local content similarity preservation and 
linear structure preservation constraints on top of global transformation estimation. Consequently, it effectively re-
duces ghosting artifacts and structural distortions while maintaining both local appearance consistency and global 
geometric structures. 

Overall, the experimental results demonstrate that the proposed approach achieves favorable trade-offs between 
alignment accuracy, structural preservation, and computational robustness, thereby producing high-quality pano-
ramic images under a wide range of imaging conditions. 

3. Conclusion 

This paper proposed a feature-based image stitching method for virtual reality applications. On the basis of construct-
ing an image transformation model using matched feature correspondences, the stitching results were further opti-
mized through local content similarity preservation and linear structure preservation constraints. 

The proposed optimization strategy effectively reduced ghosting artifacts and geometric distortions while main-
taining both local image content consistency and global structural integrity, thereby generating high-quality pano-
ramic images suitable for virtual reality scene construction. 

Comparative experiments with representative image stitching methods demonstrated that the proposed approach 
exhibits favorable performance in terms of alignment accuracy, artifact suppression, and structural preservation. 
Moreover, the method showed strong effectiveness and robustness under various image acquisition conditions, indi-
cating its potential applicability to most practical panoramic image stitching scenarios in virtual reality systems. 
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