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Abstract 

Image stitching technique has many applications in computer vision. Traditional 

approaches have achieved much success under the assumption that the input images must 

have little or no parallax. However, this assumption cannot be guaranteed in real-world 

problems, for example, building images with ground under large viewpoint changes. The 

traditional methods only use a whole homography for alignment, which will result in 

severe distortions. To deal with the problem of stitching building images with ground 

under large viewpoint changes, we propose a robust multi-homography image 

composition method. It mixes multiple homographies for stitching building images with 

ground under large viewpoint changes. By calculating different homographies from 

different types of features, multiple homographies are then be blended with Gaussian 

weights to construct panorama. The chosen images under various conditions are used to 

evaluate our proposed method with other methods. The experimental results demonstrate 

that our proposed method performs higher alignment accuracy and more natural 

panorama than the traditional projective transformation and some representative state-

of-the-art image stitching methods. 
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1. Introduction 

Image stitching method is the process of integrating images with overlapping regions 

into an entire and seamless panorama with high resolution. It has been widely used in the 

field of computer vision. Furthermore, lots of commercial products of image stitching for 

computer, digital cameras and mobile devices are popular. However, these methods and 

products can only work well with the constraint that input images must be taken under 

little or no parallax. This constraint implies that images have to be taken by cameras with 

little rotation or under the condition that the camera is sufficiently far away from the 

scene. Otherwise, artifacts such as ghosting, seam, distortion or broken image structure 

will appear on the final panoramic images. 
To the best of our knowledge, most image stitching algorithms share the same pipeline: 

image matching, image alignment and image blending. Moreover, the most important step 

is image alignment, from which we can get the transformation model. Image alignment 

includes linear (rigid) methods and non-linear (non-rigid) methods [1]. Here, both the two 

methods have pros and cons of themselves. Such as, the linear transformation is often 

used in global warping methods. It can preserve global image structure but cannot handle 

projective deformation which introduced by large viewpoint changes. In contrast, non-
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linear transformation was often used in local warping models. It can deal with large 

parallax better than linear transformation, but cannot preserve global image structure. 
In general, existing methods have two ways to deal with the misalignment and 

distortions caused by the large parallax: 

(1) Improving alignment function. An intuitive approach to get more accurate stitching 

results is to construct a better alignment function. By combining the linear and non-linear 

transformation approaches, we can reduce the locally geometric distortion over the entire 

panorama [2] to get a more natural result. These non-linear transformations include mesh 

warping, local warping and image morphing. Several pieces of work have shown the 

validity of combining with global warping and local warping. For example, Rueckert et al. 

[3] divided the deformation function into affine projective transformation and B-spline 

transformation. Leventon et al. [4] added a pre-alignment process to elastic alignment. 

However, these methods have the same assumption that input images must be taken under 

little or no viewpoint changes. In addition, the union of warping methods introduce high 

computational complexity and discontinuity to image alignment. 

(2) Post-processing methods. Such as, seam cutting method [5], shape-preserving 

image resizing method [6] and other methods. They are used to optimize image stitching 

results. The seam cutting methods find the optimal seam line from overlapping regions to 

align images. A weighted blending strategy for pixels around the seam line is applied to 

smooth the stitching transition. However, it requires additional computing resource to find 

the optimal seam line. On the other way, image resizing methods [6] are attempted to 

ensure that the local regions of the input image undergo a geometric similarity 

transformation while preserving the edge structure. 
However, in practical use, it is hard to get convincing panoramas by these two ways of 

handling distortion on building image with ground under large parallax, as shown in 

Figure 1. It is also difficult to get convincing stitching results by traditional stitching 

method. Because the building parts have richer textures than the smoothed ground parts, 

the traditional transformation matrix can only be got from the matched features of the 

building parts. This results in distortion on the ground parts of the panoramas. Therefore, 

in this paper, we focus on building images with ground under large viewpoint changes. 

 

 

Figure 1. Building Image with Ground 

Here, for this type of images, a straight forward strategy is to improve alignment 

function. In this paper, we discuss how to deal with this case using the multi-homography 

method. The main contributions of this paper are summarized as follows: 
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(1) We present a robust image stitching method, which is based on non-linear 

transformation for image stitching. It can handle the case when the viewpoint of building 

image with ground changes dramatically. 

(2) The proposed method with multi-homography preserves more image information 

than the traditional projective transformations, which have advantage in stitching images 

like building images with ground. It can also be easily extended to input images which 

containing more than two predominant parts. 

(3) Different feature descriptors are used to describe image features on different image 

parts in this paper. More specifically, some feature descriptors are failed in extracting 

feature from smooth ground parts or failed in feature matching. By comparing the 

performances of several feature extraction algorithms, the one with the best performance 

is chosen as the feature descriptor for the ground part in this paper. 
This proposed method focuses on the multi-homograghy stitching method. It includes 

the following steps: content-based image segmentation, affine-invariant feature extraction 

and weighted warping with multi-homography. The rest of this paper is organized as 

follows: the related image stitching methods are reviewed in Section 2. Stitching process 

based on multi-homography is systematically introduced, then stitching on building 

images with ground are explained in details in Section 3. In Section 4 the proposed 

method is verified through three groups of experiments, and the final conclusion is drawn 

in Section 5. 

 

2. Related Work 

On the observation that arbitrarily non-linear transformation can be got by the non-

linear stitching methods, moreover, linearly projective transformations which used the 

global warping introduce severe projective distortion in size and shape. There is a strong 

motivation to combine these two alignment approaches to get a more robust image 

stitching method. Following this motivation, many local warping models have been 

proposed recently to reduce the image distortion caused by globally linear image stitching 

methods. For example, smoothly varying affine (SVA) approach [7] estimated a globally 

affine transformation and relaxed by EM formulation to get a smoothly varying affine 

model. As-projective-as-possible (APAP) warping method [8] was a locally projective 

transformation. It allowed local deviations for better alignment accuracy. Shape 

preserving half projective (SPHP) warping method [9] spatially employed projective 

transformation for overlapping regions and similarity transformation for non-overlapping 

regions. Chang et al. [10] combined the pixel-based method and feature-based method for 

image stitching, and followed by a shape preserving aggregation. Mesh warping was used 

to parameterize image stitching to alleviate distortion problem. Zhang et al., [11] 

proposed method for stitching stereo images by stitching the left input stereo images, the 

disparity maps, and the right input stereo images step by step. Zhang et al., [12] proposed 

parallax tolerant image stitching method by locally formulating image warping problem 

as a mesh warping problem. Lin et al., [13] used local projective transformation and a 

global similarity transformation on non-overlapping regions. All these models attempted 

to use locally non-linear warping to get more natural panoramas. 
For images containing two or more predominant parts, feature-based image stitching 

methods take no account of image content and feature distribution. Thus, Gao et al., [14] 

proposed the dual-homography warping to handle the special scene images. It contained 

two predominant planes. Different weights were provided by the moving direct linear 

transformation (DLT) method [15] for the pixels that close or far from the seam line. 

However, it is very difficult to alleviate projective distortion. In order to separate the 

feature points from the two planes (distant plane and ground plane [14]), Gao et al. took 

two seed points from the top and bottom of the image. After separating the two planes, the 
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corresponding feature points were got from the two planes separately and the outliers 

were removed by RANSAC (Random Sample Consensus) [16]. The whole procedure was 

complicated. It included the acquiring of spatially varying weights, post-processed seam 

line blending and image resizing. In addition, the way of getting the weights by scanning 

all the refined features resulted in low efficiency. These processes also resulted in high 

complexity. 
Therefore, a robust multi-homography method to stitch images containing two or more 

predominant parts is proposed in this paper. We take the building images with ground part 

under large viewpoint changes as an example and extend this method to the general case. 

For buildings with rich texture on the top of image and ground part with less or no texture 

on the bottom, it is reasonable to get different homographies, respectively. Hence, we 

exploit multi-homography to get more accurate alignment than projective transformation 

with single homography. The main difference between the dual-homography method [14] 

and our method is that we segment the image based on image contents before getting the 

corresponding homographies. Then, blend the entire images with a different strategy.  

Let =[ , ]Tp x y  and =[ , ]Tq x y   be the matched points from image pair 0 1
,I I . 

0
I  

and 
1I  can be written as the following equations: 

0 0

1 1

( ) = ( )

( ) = ( )

f f p

f f q




                                                          (1) 

where 2 2
f R
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In homogeneous coordinates = [ ,1]T Tp p
µ

, = [ ,1]
T T

q q
µ

and = [ ,1]f f . The alignment 

process is to transform 
0

I  to 
1I  with geometric transformation ( )T  :  

1 0
( ) ( ( ))f T f :                                                           (2) 

where : indicates equality up to scale and the transformation function 3 3T R  . The cost 

function M is to measure difference of image and the transformed image with varies 

strategies as follow:  

 
1 0

= min( , ( ))M f T f                                                       (3) 

or  

 
1 0

= max( , ( ))M f T f                                                      (4) 

Generally, there are two independent means about function M : (1) M is function of 

measuring diversity. Then, the parameters of geometric space can be got by searching for 

the globally minimized value. Hence, M is distance function, sum of squared difference 

(SSD) function or sum of absolute differences (SAD) function. (2) M is the function 

measures the similarity. Then, the parameters of geometric space can be got by searching 

for the globally maximized value. Hence, M also present by cross-correlation function or 

mutual information. Hence, in this paper, we use SAD function as shown in Equation 5 to 

get the minimized value for measuring the alignment accuracy. SAD method is to 

minimize the sum of absolute differences between the overlapping pixels. 

1 1

, , ,

0 0

( )
k k

x y x i y j i j

i j

SAD T ff
 

 

 

                                                 (5) 

Furthermore, the outline of the proposed method is shown in Figure 1. It consists of 

content-based image segmentation, invariant feature extraction and weighted warping 

with two homographies. The details are as follows. 
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Figure 2. The Framework of the Proposed Method 

3. Content-based Image Segmentation 

To solve the problem of how to detect the segmented line on the images, Gao et al. [14] 

adopted K-means clustering with two seed points based on spatial location to get the 

homographies. However, it took too much time to get homographies for projective 

transformation. Therefore, the initial idea of this paper is to segment the image into 

building part and ground part directly. Then, we get the homography, respectively. In this 

section, content-based image segmentation method for detecting the line to segment the 

building and the ground is presented. We only deal with images containing building on 

the top and the ground on the bottom. 

We begin with segmenting a pair of overlapping images 
0 1{ , }I I  into different parts 

0 0
{ , }

b g
I I  and 

1 1
{ , }b gI I  (the building part and the ground part, respectively) according to 

their contents. We project 
0

bI  (
1

bI ) and 
0

gI  (
1

gI ) from image 
0I  (

1I ) using forward image 

mapping method with bilinear transformation. The problem in Equation 2 can be rewritten 

in the following projective form  

=q H p
도

                                                              (6) 

where 3 3H R  . Homography
0

H  ( 3 3

0
H R


 ) can be got by matching the corresponding 

invariant feature transformation (SIFT) [18] from the building part. 
1

H  ( 3 3

1H R  ) can be 

computed by matching the corresponding Affine-SIFT (ASIFT) [18] features from the 

ground part. The process is simplified by segmenting the image into two different parts, 

rather than using a clustering method to group the feature points.  
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On the other way, we use the plentiful relationships in man-made structures for line 

detection. The geometric characteristics of architectural scenes, such as, the parallelism 

and orthogonality of lines [19-20] are exploited in this paper. Furthermore, the detection 

of line segment is an important and foundational issue in computer vision. The most well 

known feature extraction technique is Hough transformation (HT) [21-23]. It is concerned 

with the identification of lines in the image. It replaces line detection in Cartesian 

coordinate space with point detected in Hough space. We get the parallel line segments of 

the building by Hough transformation. Then, use the line l  which located at the bottom 

of the building as the segmented line. The experimental results in Section 6.1 have 

validated our supposition. 

 

4. Affine-invariant Feature Extraction 

Different feature descriptors are applied to detect features on the two predominate 

image parts. After we failed in testing many other affine-invariant feature 

descriptors, such as SIFT, MSER (maximally stable extremal regions) [24], SURF 

(speeded-up robust features) [25], SUSAN (smallest univalue segment assimilating 

nucleus) [26] and Harris [27], we chose SIFT and ASIFT as the feature descriptor of 

the building part and the ground part, respectively. The specific details are in Section 

6.2. 

 

5. Weighted Warping with Multi-homography 

To prevent the unstable distribution of the homographies in blending images, the 

weighting coefficient serves to regularize the process. The projective distortion from 

different transformations was greatly reduced. 

We model the homography H  for the pair of overlapping images 
0I  and 

1I  from the 

two homographies 
b

H  and 
d

H  as  

0 0= (1 ) b gH w H w H                                                      (7) 

The weighting factor 
0

w  is based on various distance from corresponding pixels of the 

two parts. It assigns low weights to pixels that far away from image segmented 

boundaries and high weights otherwise. The weight 
0

w  is given by the Gaussian weights 

as:  

 
2 2

0 0 1= exp( / )w x x                                                      (8) 

where 
0x  and 

1x  is the corresponding pixel coordinates come from 
0

I and 
1I .   is a 

scale parameter which chosen based on the experimental conditions. We set   as 10 in 

the experimental section. 

We further extend this two homographies example to general image stitching case, 

where the images containing two or more predominant parts, with multi-homography 

under a weights function as follow: 

 
0 0 1 1= ... n nH w H w H w H                                                 (9) 

where 0n  and 
0= / ( .. .. )i i i nw w w w w    . This equation is suitable for images 

containing 1n  predominant parts. The solution is the same as the process in this paper. 

Firstly, we segment image based on contents. Then, different features are extracted and 

multiple homographies can be obtained. Finally, seamless panoramas are got with weights 

function in Equation 9. 
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6. Experimental Results and Analysis 

Three experiments are designed to validate our proposed method from three parts of 

the entire stitching pipeline as follows: feature extraction, Hough transformation, 

comparing the results of our method with traditional projective transformation method 

and some representative state-of-the-art image stitching methods.  

In our experiments, we select input images with large viewpoint changes that due to 

large rotation and translation of camera. An extensive range of input images under large 

viewpoint changes are shown in Figure 3, which including different types of images as 

follows: 

(1) The ground planes with different types. Some images with smoothed ground plane 

(Figure 3(a), 3(b), 3(m), 3(n), 3(o) and 3(p)), some ground plane are covered with shadow 

(Figure 3(c), 3(d), 3(i) and 3(j)) and the others are lawn (Figure 3(e) and Figure 3(f)) or 

floor tiles (Figure 3(g) and Figure 3(h), Figure 3(k) and Figure 3(l)).  

(2) The buildings are different too. Some buildings have rich texture. The others are the 

smoothed wall (Figure 3(m), 3(n), 3(o) and 3(p)). 

The proposed method typically takes from 8 to 13 seconds on PC with 2.93 GHz CPU 

and 2G RAM to stitch images with resolution under Windows 7 OS and Matlab 2014a 

system platform. 

 

6.1. Experiment for Hough Transformation 

In this paper, we suppose that the images with building occupied the top position and 

ground plane located at the bottom. The building part contains rich texture in architectural 

scenes, but the smoothed ground part contains less or no texture. This reminds us to use 

the parallel line on the building as the segmented line. We employ constraints available 

from geometric relationships of the buildings, especially the parallelism. The parallel line 

which lies at the lowest location of the building is chosen as the segmented line of the 

image. 

To detect the lines effectively we employ Hough transformation. The detection results 

are shown in Figure 3. From all the detected lines, the green lines on each image (some of 

them are the stairs of buildings, some are the segmented line of ground and building) are 

selected as the separating line for image segmentation. The results have validated our 

supposition and meet the requirements of this proposed method for content-based image 

segmentation. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

 
(l) 

 
(m) 

 
(n) 

 
(o) 

 
(p) 

Figure 3. Hough Detection Results on Different Image Pairs 
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6.2. Experiment for Feature Extraction on Ground Parts 

The input images under various conditions are evaluated in these experiments. After 

segmenting the input images with the line segment detected by Hough transformation, we 

focus on testing the ground parts in this section, as shown in Figure 4. The experimental 

results on the left ground part (Figure 4(a)) with different algorithms are shown in Figure 

5. 

 

  
(a) (b) 

Figure 4. A Pair of Corresponding Ground Part. (a) Comes from the Left 
Image and (b) Comes from the Right Image 

  
(a) (b) 

   
(c) (d) 

  

(e) (f) 

Figure 5. Different Detection Results on Ground Plane by Algorithms. (a) 
SIFT, (b) ASIFT, (c) MSER, (d) SURF, (e) SUSAN and (f) Harris 

We tested different feature descriptor algorithms to extract features on the smoothed 

ground parts for image stitching in this section. The performances of all the six algorithms 

on a pair of input images (Figure 4(a)) are provided in a noticeable way in Figure 6. The 

results on all the eight pairs of ground parts are shown in Figure 8. Three fields are 

evaluated: (1) the number of extracted features on the ground part of the left images 

(Figure 8(a)) and (2) the corresponding right image (Figure 8(b)); (3) the number of 

matched features after removing the outliers (Figure 8(c)). The experiment results 

indicated that it is easy to extract features on the rich texture images, such as, the ground 

with floor tiles (the first and the fourth pairs of images in Figure 8) and the grass filed (the 

seventh pair of images in Figure 8). The performances on slippery terrain are much lower. 
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Figure 6. The Detected Features of Ground Plane 

Unexpectedly the performance of SIFT is the lowest. SIFT descriptor which is 

proposed by Lowe [17] is robust to the changes of rotation, scaling, illumination and local 

affine distortion. However, it cannot suitable for the applications on smooth regions in 

this paper. It is difficult to detect the main direction of the gradient in each pyramid level 

in such smooth images. ASIFT improves SIFT with the two left over parameters (the two 

camera axis orientation parameters) to become more robust to images with large 

viewpoint changes. We can see that the performances of ASIFT on feature extracting and 

feature matching achieve the highest value from all the six algorithms. Take Figure 4 as 

an example, the performance of ASIFT for feature extracting is shown in Figure 5(b) and 

the feature matching result is shown in Figure 7. SUSAN and ASIFT methods outperform 

the rest of other methods. SUSAN which is based on non-linear filtering has been used as 

edges and corners descriptor. It is not sensitive to images noise, but it may get false corner 

features if boundaries are blurry. SUSAN performs well in this test on the smoothed 

ground parts, but the performance of matched features is not as steady as ASIFT. 

 

 

Figure 7. The Matched Result after Using RANSAC 

From Figure 8, we can see that the rest of other methods have almost the same low 

performances. The reasons are as follows: MSER based on watershed segmentation is to 

find blob-like structures as the distinctive property, but it performs as low as SIFT on 

smooth images. Harris represents the gradient information with a structure tensor; 

therefore, it fails to get features in many pairs of input images with fewer gradients from 

the smoothed ground parts. It fails in the feature matching either. SURF descriptor is 

robust to common image deformations, but it fails in viewpoint changes and illumination 

invariant. 
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(a) 

 
(b) 

 
(c) 

Figure 8. Comparing Numbers of Extracted Features and Matched Features. 
(a) Extracted Features on the Ground Part of the Left Image, (b) Extracted 

Features on the Ground Plane of Right Image and (c) the Matched Features 
between Different Methods 
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The experimental results demonstrate that not all the feature descriptors are suitable 

for describing features in images with less or no texture. We employ SIFT as feature 

descriptor for the building parts and ASIFT as feature descriptor for the ground parts in 

this paper. 

 

6.3. Comparing of Different Image Stitching Methods 

SIFT and ASIFT feature descriptors are used to extract features on building and ground 

parts. Hence, after removing the outliers by RANSAC, the exact features matched by 

SAD algorithm. The homography is calculated through projective transformation stitching 

pipeline. Then, instead of stitching the segmented image parts respectively, we get the 

entire stitched image with the multi-homography which scored by Gaussian weights as 

described in Section 5. The results are shown in Figure 9. 

 

 
(a) 

                
(b) 

 
(c) 
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(d) 

 
(e) 

 
(f) 

 
(g) 
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(h) 

 
(i) 

 
(j) 

 
(k) 
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(l) 

 

(m) 

 
(n) 

 
(o) 
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(p) 

Figure 9. Comparisons of Various Stitching Methods 

In Figure 9, we compared the proposed method to the traditional global projective 

transformation image stitching method, which include the state-of-the-art methods, i.e., 

moving DLT method and SPHP method, on a range of challenging images with large 

viewpoint changes. All the results appear good at first glance. However, we highlight the 

noticeable regions where result from the global transformation, moving DLT and SPHP 

exhibit misalignment. 

Here, it should be note that most of the misalignment happen in the bottom part of the 

panoramic image, such as, the stairs and the ground part. This implies that the single-

homography based approach (i.e., the global method) is got with the matching features on 

the building part of image, resulting in misalignments in the ground parts. Moreover, 

because moving DLT method cannot align the stairs well, the stairs suffer from ghosting, 

as indicated by the red square in Figure 9(b), 9(d) and 9(f). We can see from Figure 9(b), 

9(d), 9(f), 9(h), 9(j), 9(l), 9(n), 9(p), the SPHP method with three steps in the stitching 

process can preserve the image contents well. However, it failed to preserve image 

structure. Therefore, comparing with these methods our method maintains high accuracy 

alignment and shows robustness to large viewpoint changes. 

 

7. Conclusion 

This paper has presented a multi-homography image stitching method under large 

viewpoint changes. Multiple homographies are employed for different image parts . 

Then, they blended with Gaussian weights to lessen projective distortion. We further 

extend the proposed method to stitch images with largely different blocks. 

Experimental comparisons to the traditional projective transformation and some of 

the state-of-the-art stitching methods show that the proposed method achieves 

higher accuracy alignment under large viewpoint changes. 
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