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Abstract: A feature-based sequence-to-sequence alignment method was proposed by Caspi at al., which can align 

multiple sequences in space-time. But this method can not be very effective and precise in spatial alignment, due to a 
small number of moving objects in the scene, limit coverage of the trajectories and the temporal duration of the trajectories are 
short. In order to solve this problem, we proposed a new sequence-to-sequence alignment method, combining the method 
proposed by Caspi at al. with a feature-based image registration method. In this paper, we made a comparison between 
our method and that of Caspi at al. Experimental results show that the presented method improves alignment precision 
both on X-axis orientation and on Y-axis orientation. The PSNR value is approximately improved by 13.5dB. At the same 
time, the time needed by Our-method will be slightly increased but can be ignored。When the results of the alignment are 
applied in space-time super-resolution reconstruction, the effect also proves the validity of our-method. 
 

Keywords: sequence-to-sequence alignment, image registration, super-resolution reconstruction, psnr, alignment accuracy, 

alignment time. 

 
1. Introduction 

 
In the past decades, scholars have done a lot of researches on image registration have been done [1]. 

Image registration is the process of overlaying two or more images of the same scene taken at different 
times, from different viewpoints, and/or by different sensors. It geometrically aligns two images: the 
reference and sensed images. Suppose that there is a pixel (x, y) in one image, and its corresponding 
pixel in another image is (x′, y′), that (x′, y′) = (x + u, y + v), thus, (u, v) must be the parameters of 
spatial transformation.  
    This paper focuses on sequence-to-sequence alignment. As a matter of fact, taking pictures of the 
same dynamic scene with two cameras separately and we can get two video sequences,  andS S  . 
Different factors (such as the shooting angle, starting time and sampling frame rate etc.) will result in 
temporal and spatial displacement in the two video sequences. The aim of sequence-to-sequence 
alignment is to establish the temporal and spatial correspondence between the two video sequences. 
That is to say, for each pixel ( , )p x y  at frame  in sequence , there must be a corresponding 
pixel 

( )F t S
( ', ')p x y  in sequence . Let S  ( , , ' , ' )) ( , 'x y t u y v wx t    ，where (u, v, w) is the 

spatial and temporal displacement. 
So far, many scholars have been studying sequence-to-sequence alignment [2-10]. Stein [6] proposed 

a new method, which gets the alignment parameters of two video sequences based on the alignment of 
the trajectories in the two sequences. Caspi and Irani aligned two video sequences using a 
feature-based sequence-to-sequence method [7] and an area-based sequence-to-sequence method [2], and 
they also offered a detailed introduction about the sequence-to-sequence alignment in [3]. According to 
the method of Caspi and Irani[8], two video sequences with few same scenes can also be aligned but on 
condition that the two cameras must be static or moving identically (relatively static). While Omer 
Shakil in [4] improved the method proposed by Caspi at al, and their method allows two cameras to 
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move freely. Sand and Teller [9] presented a method for spatio-temporal alignment of videos captured 
at different time by moving cameras. 

The rest part of this paper is organized as follows: The second chapter introduces the 
feature-based sequence-to-sequence alignment method proposed by Caspi et al, and comments on the 
merits and demerits of this method. In the third chapter, we proposed an improved method so as to 
overcome the defects of the method proposed by Caspi et al. The fourth and fifth chapters are 
demonstration of the experiment result of video sequences alignment with our method and its 
effectiveness in super resolution reconstruction. The last chapter summarizes the whole paper.  

 

2. Feature-Based Sequence-to-Sequence Alignment Method and Its Shortage 

 
Caspi et al proposed a sequence-to-sequence alignment method, in which moving trajectories can 

be well used for spatio-temporal alignment of video sequences. Assume that there are one or more than 
one moving objects in each video sequence. For the sake of convenience, each object can be denoted 
by its centroid. The assemblage of the location of each centroid in each frame in a video sequence can 
be regarded as the trajectory of the centroid. As we can see, in Fig.1, A, B, C, D represent four 
trajectories of four moving objects in a video sequence. The overlapping square frames denote a series 
of consecutive frames in a video sequence.  

These trajectories can help us to work out the temporal and spatial parameters which are important 
to sequence-to-sequence alignment. Therefore, by establishing corresponding trajectories, we can 
realize spatio-temporal sequence-to-sequence alignment, using the feature-based sequence-to-sequence 
alignment method. Fig.2 shows how one trajectory in video sequence 1 is aligned with another 
trajectory in video sequence 2. 
 

 

Fig.1 Four trajectories in a video sequence 

 

   
(a) Video sequence1               (b) Video sequence2         (c) Align sequence1 to sequence2 

Fig.2 Align sequence1 to sequence2 
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For better understanding of readers，we cited the detailed steps of Caspi’s method, which is as 
follows[3]: 
(1)  Construct feature trajectories (i.e., detect and track feature points for each sequence). 
(2)  For each trajectory estimate its basic properties. 
(3)  Based on basic properties construct an initial correspondence table between trajectories. 
(4)  Estimate candidate parameter vectors P = (Pspatial; Ptemporal) by repeatedly choosing (at 

random) a pair of possibly corresponding trajectories. At each trial compute the parametric 
spatio-temporal transformation P which best aligns the two trajectories. 

(5)  Assign a score for each candidate P to be the number of corresponding pairs of trajectories 
whose distance after alignment by P is smaller than some threshold. 

(6)  Repeat steps (4) and (5) N times.  
(7)  Choose P which has the highest score. 
(8)  Refine P using all trajectory pairs that supported this candidate. 

We minimize the following error function (Step 4 and Step 8): 

2

,

( ( ) ( ( )arg min
T t TH t

)p s t t H p tp




      ) 

In above formula, P(t) = [x(t), y(t),1]T is the spatial position (i.e., pixel coordinates) of a feature 

point along the trajectory at time t (in homogeneous coordinates), H is a homography matrix, 

and is the location of the corresponding feature point in the corresponding trajectory in 

the other sequence at time ( t s ). This is just a brief introduction about the method 

proposed by Caspi et al. For further details, please refer to [3].  

(p s t t    )

tt t    

Then, we would like to point out some disadvantages of Caspi’s method. With regard to the 
method proposed by Caspi et al., three conditions should be met so as to achieve the desired effect:  

(1) There are many trajectories;  
(2) The motion of the objects should last long enough so that the trajectories can cover many 

frames;  
(3) The coverage of each trajectory should be as large as possible in a video scene.  
The more conditions are met, the more accurate alignment result can be achieved.  

 
In fact, however, the three conditions can not always be met at the same time when we take 

pictures in reality. That is why high level of accuracy in sequence-to-sequence alignment can hardly be 
gained if we use the method proposed by Caspi et al. If less conditions are met, that means the low 
level of accuracy of the alignment result will be. As what is shown in Fig.3, the overlapping square 
frames denote a series of consecutive video frames, and the curve in the square frames denotes one 
trajectory. It is clear that there is only one trajectory in the scene, and the coverage of this trajectory is 
limit and it lasts a very short time in the video sequence.  

 

 
Fig.3 The trajectory is not ideal 
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3. An Improved Feature-Based Sequence-to-Sequence Alignment Method 

 
Sequence-to-sequence alignment is very important in many researches, because the accuracy of 

the alignment may directly determine the effect of some follow-up works. For instance, the accuracy of 
the alignment has great impact on the effect of the video super-resolution reconstruction. A poor 
alignment often leads to failure in reconstruction. Our purpose is to improve the accuracy of 
sequence-to-sequence alignment so that a solid foundation can be laid for follow-up video 
super-resolution reconstruction.  

Based on the analysis and the experiment of Caspi’s method, we found that when the trajectories 
of the moving objects can not meet the requirement of the experiment, we can still obtain accurate 
temporal alignment, although accurate spatial alignment can be hardly achieved. Such a situation 
reveals that we can get an accurate temporal alignment and a preliminary spatial alignment of two 
video sequences by utilizing the method proposed by Caspi at first. Then we can obtain an accurate 
alignment on the basis of the refinement of the preliminary alignment result by using feature-based 
image registration method. Based on such a notion, we proposed an improved method which will be 
fully discussed in the following part. 

With regard to our method, S1 is taken as a reference sequence, and S2 as sequence to be aligned. 
To align S1 and S2 is actually to establish both temporal and spatial correspondence between the two 
sequences. When the distance between the camera projection centers is far shorter than the distance 
between the cameras and the scene, or if the scene is roughly planar, we take 2D homography matrix H 
as spatial alignment parameter, and 1D t  as temporal alignment parameter. 
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Therefore, the spatio-temporal alignment parameters can be denoted as P = [ h11 h12 h13 h21 h22 h23 
h31 h32 h33 △t]. 

Note that although the inter-sequence transformation is a simple 2D parametric transformation, the 
intra-sequence changes (i.e., changes between consecutive frames) can be very complex. 

 

Our method involves fives steps: 
Step1.  To align S1 and S2 temporally and spatially, using the method of Caspi et al., so that an 

accurate temporal alignment parameter t  and preliminary spatial alignment parameter 
H1 can be obtained; 

Step2.  To randomly choose Frame1 from video sequence S1, and choose Frame2 from video 
sequence S2, which corresponds with Frame1, according to t ; 

Step3.  To transform Frame2 by using H1, and then the transformed image Frame2′ is obtained. 
Step4.  To align accurately Frame1 and Frame2′ with feature-based image registration method to get 

the alignment parameter H2; 
Step5.  To carry out accurate spatio-temporal alignment of S1 and S2 by using  and H

（H=H2*H1）, so the final aligned sequences of S1 and S2′ can be got. 
t

 
The above five steps can help us to obtain accurate spatio-temporal alignment of the two 

sequences.  
 

In step 4 of our method, the procedure of the feature-based image registration is described as 
follows: 
(1) Firstly, the feature points are extracted from the two corresponding frames (Frame1 and Frame2′) 

by using SIFT (Scale-invariant feature transform) algorithm. Then the feature points are matched 
preliminarily. (For example, Fig.4. shows the two corresponding frames. Fig.5. (a) shows the 
extracted feature points and the result of the preliminary matching. Each pair of matched feature 
points is linked by a blue line. Many mismatches can be seen in the Fig.5 (a)) 

(2) We utilize RANSAC (Random Sample Consensus) algorithm to carry out the preliminary matching. 
(The advantage of using the RANSAC algorithm is that the mismatches can be removed easily. 
Fig.5. (b) shows that all of the mismatches are removed after using the RANSAC algorithm.) 
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(3) To calculate the transformation parameter H2 of the two images relying on the matching points 
obtained in step (2). (X1 and X2 represent the sets of coordinates of the matched feature points 
respectively. We figure out the transformation parameter H2 between the two images by equation: 

221 XHX  .(X1 represents the coordinates of the matching points in the image to be aligned, 
and X2 represents the coordinates of the matching points in the reference image.) 

            

  (a) Frame1                                    (b) Frame2′ 

Fig.4 Two corresponding frames 

(a) Preliminary matching after using                          (b) Matching result after using 

         the SIFT algorithm                                         the RANSAC algorithm. 

Fig.5 Preliminary matching after using the SIFT algorithm and 

matching result after using the RANSAC algorithm. 

 
explanation for our method： 

We just conducted alignment on a couple of corresponding frames, because when the two cameras 
keep stationary or relatively static to each other, all the corresponding frames taken from S1 and S2 are 
subject to the same spatial transformation. Therefore, if we can achieve the registration of the two 
corresponding frames respectively from S1 and S2, and get the spatial alignment parameter H, the other 
corresponding frames of the two video sequences must share the same parameter H. 

When the object is moving beyond the borders of frames, the discontinuities of detected 
trajectories of same object in two sequences (camera) may be quite different, but we can still get 
accurate alignment. The reason is explained as follows: Registration is to match the common scene of 
two video sequences. During registration, firstly the SIFT algorithm is used to extract feature points, 
and then the mismatched feature points are removed by RANSAC. After the two operations, all 
matched feature points converge in the common regions of the two images. So even there are objects 
that move beyond the borders in some frame, which doesn’t reduce the precision of the registration. 
Because the objects that move beyond the borders don’t locate in the common scene of the two images 
and will be ignored by the registration algorithm. Fig.5 (b) shows an example of it. In Fig.5 (b), a 
moving object goes beyond the border of the frame in the left figure, and the object doesn’t go beyond 
the border of the frame in the right figure (please see the top regions of the frames). In the case, there 
aren’t matched pairs of feature points in the moving object region. Hence the moving object isn’t 
included in the computation of H2. 

An example is shown as follows: given two video sequences, S_a and S_r, we pick the 75th frame 

and 112th frame in S_a (Represented as S_a(75) and S_a(112)). The corresponding frames are picked in 

S_r (Represented as S_r(75) and S_r(112)), which is shown in Fig.6 (a) and Fig.6 (b). Aligning S_a(75) 

and S_r(75) (the reference frame) by using the method in step 4, we got the alignment parameter H(75), 
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the result of registration is Registration(75), which is shown in Fig.6(a).   

(H(75)= ). 
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2324.889397.03421.0

1989.1533419.09397.0

Aligning S_a(112) and S_r(112) (the reference frame) by using the method in step 4, we got the 

alignment parameter H(112), the result of registration is Registration(112), which is shown in Fig.6 (b). 

(H(112)= ). 
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S_a(75)                      S_r(75)                    Registration(75) 

(a) The result of registration of S_a(75) and S_r(75) 

   

S_a(112)                    S_r(112)                      Registration(112) 

(b) The result of registration of Sa(112) and Sr(112) 

    

Common(75)                                    Common(112) 

(c) The common regions of the two videos 

Fig. 6 The result of registration of two corresponding frames 

During the registration of S_a(112) and S_r(112), the moving object goes beyond the border in 
S_a(112), but the registration result isn’t influenced. The reason is that implementation of the 
registration algorithm is only based on the common scene of the two images. From the results, the 
Registration (75) and Registration (112) are proved valid. 

For superposition of the common regions of the two images after registration, Registration (75) 
should be transformed into the coordinates of S_r(75) and Registration(112) into the coordinates of 
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S_r(112). 
As shown in Fig.6(c), where Common(75) represents the common regions of S_r(75) and 

Registration(75) and Common(112) represents the common regions of S_r(112) and Registration(112), 
the common regions of the two video sequences don’t change under any circumstances of the 
movement of objects. Furthermore, the transform parameters of the two registration processes are 
identical by comparing the H (75) with H (112). Above analysis proves that the registration result will 
not be influenced though objects go beyond the borders in some frame. 

The detailed description about SIFT and RANSAC doesn’t appear in the contents because of the 
page limitation of the paper, while the description of those algorithms can be found in the websites 
below: 
(SIFT: http://en.wikipedia.org/wiki/Scale-invariant_feature_transform)  

(RANSAC: http://en.wikipedia.org/wiki/RANSAC) 
 

4. Alignment experiments 

 
We experimented on simulation situation and real world, applied part of the experiment result in 

video super-resolution and certified the validity of our method. For the sake of convenience, we label 
the method proposed by Caspi as Caspi-method, and the method proposed by us as our-method. 
 

4.1 Alignment experiment 1 

 
We take a video sequence S by taking pictures of a scene with a moving object. The following two 

steps are used to form two video sequences.  
1. We made each frame in sequence S go through some transformation by means of affine 

transformation, then we took the first 29 frames from the transformed sequence; hence a new sequence 
S1 came into being, which was regarded as a reference sequence (it is shown in Fig.7). For this 
sequence, the affine transformation matrix is 






















5783.00003.00002.0

7813.635406.01976.0

5652.02021.05400.0

H
. 

2. Taking frames 6-29 from sequence S we got video sequence S2, which was regarded as a video 
sequence to be aligned (as is shown in Fig.8). 

From the two steps above, we obtained two video sequences S1 and S2, with S1 going through 
some affine transformation and S1 is five-frames-delayed compared with S2 in time. In the experiment, 
we aim to achieve spatio-temporal alignment between S1 and S2. We only took 29 frames from S1 and 
24 frames from S2 just to simulate the situation in which trajectories of moving objects are not long 
enough. There is only a moving car in the scene, and we randomly chose two feature points from the 
car, the trajectories of which were used to estimate our temporal and spatial alignment parameters. 

 

 

      Frame 1        Frame 5        Frame 10        Frame 15       Frame 20      Frame 24 

Fig.7 Some frames of S1 

 

 

Frame 1      Frame 5        Frame 10      Frame 15        Frame 20       Frame 24 

Fig.8 Some frames of S2 
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First，Caspi-method is used to align the two video sequences, and the result is shown in Fig.9. 
Fig.9 shows frames 1, 5, 10, 15, 20 and 24 of sequence S2-C which results from the temporal and 
spatial alignment of S2. They respectively correspond to frames 6, 10, 15, 20, 25 and 29 of S1 in terms 
of time. It is obvious that this process enabled us to get a high-quality temporal alignment (with an 
offset of 5 frames）and a relatively accurate spatial alignment. 

Then, our-method was used to align the two video sequences, the result of which is shown in 
Fig.10. Fig.10 just shows frames 1, 5, 10, 15, 20 and 24 of S2-O, which results from the temporal and 
spatial alignment of S2. They respectively correspond to frames 6, 10, 15, 20, 25 and 29 of S1 in terms 
of time. It can be seen that after the process, our-method can help us to get an accurate temporal 
alignment (with an offset of 5 frames）and a more accurate spatial alignment compared with that of 
Caspi-method. 

Frames 6, 10, 15, 20, 25 and 29 of S1 are shown in Fig.11 for the sake of comparison. 
 

 

Frame 1        Frame 5         Frame 10       Frame 15     Frame 20      Frame 24 

Fig.9 Some frames of -C 2S

 

 

Frame 1        Frame 5        Frame 10      Frame 15      Frame 20      Frame 24 

Fig.10 Some frames of -O 2S
 

 

Frame 6        Frame 10        Frame 15       Frame 20        Frame 25     Frame 29 

Fig. 11 Some frames of S1 

 

It is true that we can hardly find remarkable differences between the alignment results of the two 
methods from Fig.9 and Fig10. But quantitative comparison can show us the different effects, which 
can be seen in table 1. 

The data in table 1 shows our method has obviously improved the accuracy of the spatial 
alignment. 

 
Table 1.  A comparison between the Caspi-method and our-method in terms of accuracy of alignment 

Frame 

number 

Error on X-axis 

orientation 

(Caspi-method) 

Error on Y-axis 

orientation 

(Caspi-method) 

Error on X-axis 

orientation 

(our-method) 

Error on Y-axis 

orientation 

(our-method)  

  1   1.1503 0.7869 0.5795 0.4919 

   3    1.1750 0.7980 0.5535 0.4135 

   5   1.1017 0.7774 0.4951 0.3917 

8   1.1395 0.7504 0.4963 0.3686 
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10   1.2283 0.7660 0.3689 0.3694 

13 1.2287 0.7434 0.4074 0.4623 

15 1.2663 0.7540 0.3794 0.3559 

18 1.2354 0.7744 0.4207 0.3768 

20 1.2541 0.7387 0.4237 0.4997 

23 1.2629 0.7289 0.3702 0.3517 

 
After aligned sequences with the two methods, we can get a differential image sequence of S1 and 

S2-O. Similarly, we can get a differential image sequence of S1 and S2-C. Fig.12 shows the respective 
frames 1, 5, 15 and 23 of the two differential image sequences for comparison. In Fig.12, c(1), c(5), 
c(15), c(23) respectively denote the differential images of frames 6, 10, 20, 28 of S1 and frames 1, 5, 15, 
23 of S2-C. o(1), o(5), o(15), o(23) respectively denote the differential images of frame 6, 10, 20, 28 of 
S1 and frames 1, 5, 15, 23 of S2-O. For better visual effect, the differential images have received 
anti-color processing. 

When two video sequences are more accurately aligned, the differential images are less obvious, 
and they will reveal less information. In Fig.12, the incomplete black line and the small dark area 
denote that the differential images reveal little information, which in turn, proves the method used in 
this process is effective. 

Fig.12 shows that compared to the method proposed by Caspi et al, ours can achieve more 
accurate alignment. 

 

 
c (1)                    o (1)                     c (5)                    o (5) 

 

 
c (15)                    o (15)                   c (23)                    o (23) 

Fig.12 The comparison between the differential image sequences 

 

4.2 Alignment experiment 2 

 
We got two video sequences S3 and S4 by taking pictures of the same scene with two different 

cameras, of which the frame frequency is set at 15 frames per minute. Fig.13 shows frames 1, 10, and 
20 of the two sequences. S4 is taken as the reference sequence and S3 is taken as the sequence to be 
aligned.  

Then, the Caspi-method and our-method are used respectively to align the two video sequences, 
and the alignment results are shown in Fig.14. Fig.14 shows S3-C, the alignment result by 
Caspi-method, and S3-O, the alignment result by our-method. Frames 1, 10, 20 of both S3-O and S3-C 
are respectively shown. They correspond to frames 9, 18, and 28 of S4 in terms of time. 
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 (a) The first frame of S3         (b) The tenth frame of S3     (c) The twentieth frame of S3 

     (A) The 1st, 10th, 20th frames of S3 

       

 (a) The first frame of S4         (b) The tenth frame of S4      (c) The twentieth frame of S4 

 (B) The 1st, 10th, 20th frames of S4 

Fig.13 The 1st, 10th, 20th frames of S3 and S4 

 

             

(a) The first frame of S3-C       (b) The tenth frame of S3-C      (c) The twentieth frame of S3-C 

 (A) The 1st, 10th, 20th frames of S3-C 

             

(a) The first frame of S3-O        (b) The tenth frame of S3-O       (c) The twentieth frame of S3-O 

 (B) The 1st, 10th, 20th frames of S3-O 

             

 (a) The 9th frame of S4            (b) The 18th frame of S4           (c) The 28th frame of S4 

 (C) The 9th, 18th, 28th frames of S4 

Fig.14 The alignment results of the two methods 
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It is true that we can hardly find remarkable differences between the alignment results of the two 
methods from Fig.14. But quantitative comparison can show us the different effects, which can be seen 
in table 2. 

The data in table 2 show that neither of the two methods can bring about high level of accuracy in 
alignment, because the scene captured by the camera are not planar (the mobile object and the setting 
are not on the same plane). But the data in table 2 shows that our-method can result in a higher level of 
accuracy in spatial alignment compared to Caspi-method.. 

 

Table 2. A comparison between the method of Caspi et al and our-method  

in terms of accuracy of alignment 

Frame number Error on X-axis 

orientation 
(Caspi-method) 

Error on Y-axis 

orientation 
(Caspi-method) 

Error on X-axis 

orientation 

(our-method) 

Error on Y-axis 

orientation 

(our-method) 

   1   4.6302 2.9342 1.6775 2.3889 

   5   4.8815 2.1649 1.5660 0.9625 

10   4.2769 2.3868 2.4714 2.4960 

15 4.6531 2.3812 1.7326 2.2594 

20 3.5938 1.1763 1.8280 1.6341 

 

5. The alignment accuracy of the two methods and their respective influence on the 

super resolution reconstruction. 

 
To verify the effect of the super-resolution reconstruction by using our-method, we carried out 

alignment on four video sequences, between which there exist both temporal and spatial offset, using 
both the Caspi-method and our-method. Then we conducted super-resolution reconstruction on the 
aligned video sequences. 

In our experiment, after processing a video sequence S, we got four sequences, between which 
there exist both spatial and temporal offset. It was processed as follows: 
1. Conducting spatial rotation on sequence S (rotate 20 degrees clockwise), then taking frames 6-24 

from the transformed sequence, we got a new sequence S1. 
2. Conducting spatial affine transformation on sequence S, [the matrix of transformation 

is ], then taking frames 8-26 from the transformed sequence, we got a new 

sequence S2. 

1.2 0.3 0

0.3 0.8 0

0 0 1

H

 
 
 
 






3. Conducting spatial affine transformation on sequence S, [the matrix of transformation 

is ], then taking frames 11-29 from the transformed sequence, we got a 

new sequence S3. 

1.2 0.2 0

0.3 0.9 0

0 0 1

H

 
  
 
 

Processing sequence S in such ways, we got four sequences S, S1, S2 and S3, among which there 
exist temporal and spatial transformation. There is only one moving object in the four sequences, and 
the object did not move long enough. Fig.15 shows some frames of the four sequences. 
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(a) The 1st frame of S               (b) The 10th frame of S            (c) The 19th frame of S 

(A) The 1st, 10th, 19th frames of S 

      

 (a) The 1st frame of S1               (b) The 10th frame of S1          (c) The 19th frame of S1 

(B) The 1st, 10th, 19th frames of S1 

   

(a) The 1st frame of S2               (b) The 10th frame of S2          (c) The 19th frame of S2 

(C) The 1st, 10th, 19th frames of S2 

   

(a) The 1st frame of S3              (b) The 10th frame of S3          (c) The 19th frame of S3 

(D) The 1st, 10th, 19th frames of S3 

Fig.15 The 1st, 10th, 19th frames of the four sequences 

 

5.1 A comparison of the two methods’ alignment accuracy 

Taking S as the reference sequence, at first, we carried out alignment on S1, S2, and S3 by using 

the method proposed by Caspi et al, then we got aligned sequences S1-C, S2-C, and S3-C. Then after 

carrying out alignment on S1, S2, and S3 by using our-method, we got aligned sequences S1-O, S2-O, 

S3-O. The result is shown in Fig.16. Owing to the limit space, it is impossible for us to show all frames 

of the four video sequences. Because all frames in the same sequence have undergone the same 

transformation, it is justifiable for us to show the result of the transformation with some frames from 
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each sequence. Frames 5, 10, 15 of both S1-C and S1-O, fames 3, 8, 13 of S2-C and S2-O, and frames 1, 

6, 11 of S3-C and S3-O are respectively shown in the figure. They correspond to frames 11, 16 and 21 

of sequence S in terms of time. At the same time, frames 11, 16, and 21 of S are shown for the sake of 

comparison. The comparison of (A)(B)(C)(D)(E)(F) with (G) in Fig.16 shows that our-method can 

result in a higher level of accuracy in spatial alignment compared to Caspi-method.  
 

   

 (a) The 5th frame of S1-C            (b) The 10th frame of S1-C         (c) The 15th frame of S1-C 

(A) The 5th, 10th, 15th, frames of S1-C 

   

(a) The 5th frame of S1-O            (b) The 10th frame of S1-O          (c) The 15th frame of S1-O 

(B) The 5th, 10th, 15th, frames of S1-O 

   

(a) The 3rd frame of S2-C            (b) The 8th frame of S2-C          (c) The 13th frame of S2-C 

(C) The 3rd, 8th, 13th, frames of S2-C 

   

(a) The 3rd frame of S2-O            (b) The 8th frame of S2-O           (c) The 13th frame of S2-O 

(D) The 3rd, 8th, 13th, frames of S2-O 
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(a) The 1st frame of S3-C              (b) The 6th frame of S3-C          (c) The 11th frame of S3-C 

(E) The 1st, 6th, 11th, frames of S3-C 

   

(a) The 1st frame of S3-O            (b) The 6th frame of S3-O           (c) The 11th frame of S3-O 

(F) The 1st, 6th, 11th, frames of S3-O 

   

(a) The 11th frame of S            (b) The 16th frame of S       (c) The 21st frame of S 

(G) The 11th, 16th, 21st, frames of S 

Fig.16 The alignment result 

Next, we calculated the PSNR values between one frame respective from S1-C，S2-C，S3-C，

S1-O，S2-O，S3-O and the corresponding frame in sequence S. The result is shown in Fig.17. In Fig.17, 

the red curve indicates the PSNR values resulting from our-method, and the blue curve indicates the 

PSNR values resulting from Caspi-method. The data in Fig.17 shows that our-method has apparently 

improved the accuracy of the spatial alignment. 

     
(A) The comparison between the PSNR values  

of S1-O and those of S1-C  
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        (B) The comparison between the PSNR            (C) The comparison between the PSNR  

values of S2-O and those of S2-C                 values of S3-O and those of S3-C  

Fig.17 The comparison between the PSNR values resulting from our-method  

and those resulting from Caspi-method. 

 

5.2 The influence of alignment accuracy on effect of super resolution reconstruction 
 

To testify how the accuracy of the alignment affects the effect of super-resolution 
reconstruction[11], we conducted super-resolution reconstruction on the aligned sequences brought 
about by two different alignment methods. The result of the reconstruction is shown in Fig.18. 
 

   
                 C (1)                                           C (10) 

   
O (1)                                       O (10) 

Fig.18 The influence of alignment accuracy on effect of super resolution reconstruction 

 

What we want to show is the difference between reconstruction effect that the two alignment 
methods may bring rather than find the optimal reconstruction method, so we just selected common 
POCS(Projection Onto Convex Sets)[11] method in reconstruction of multiple sequences. Besides, we 

 15

http://www-geo.phys.ualberta.ca/saig/CSEG2007/CSEG2007_POCS.pps


just used four low resolution input sequences. Adopting better reconstruction method and more low 
resolution input sequences, the reconstruction effect can be better, but it is not the focus of this research. 
In Fig.18, C(1) and C(10) respectively denote frame 1 and 10 of the reconstructed video sequence 
brought about by the Caspi-method. O(1) and O(10) respectively denote frame 1 and 10 of the 
reconstructed video sequence brought about by our-method. Fig.18 shows that using our method, the 
effect of reconstruction is much better. 
 

5.3 A comparison of alignment time 

What is more, we worked out how much time is needed in the process of alignment in section 5 so 

that we are able to make a more comprehensive comparison between the two methods. The time 

needed will be affected by the number of the frames in a video sequence, the speed of the calculation of 

the computer, etc. Therefore, in order to guarantee the validity of our comparison, we conducted 

alignment on the same video sequence in the same computer. In the experiment, we took 19 frames 

from the sequence to be aligned. The average time for us to conduct alignment by the Caspi-method is 

about 560 seconds. While using our method, the average time is 596 seconds. Experiments show that it 

takes roughly the same time in sequence alignment, using either Our-method or Caspi-method. It takes 

a slight more time (approximately 36 seconds), using Our-method, because of one more image 

registration. But so far as the total time in the sequence alignment is concerned, the increased time 

needed by Our-method can be ignored. Assume in the experiment, the time needed by Caspi-method is 

CTM, and that needed by Our-method is OTM, then the Ratio of the two should be 
OTM

CTM

（ 1
OTM

Ratio
CTM

  ）. If the value of the Ratio is big, that means our-method needs more time; on 

the contrary, a small value of the Ratio indicates that the two methods need approximately the same 

time. In general, when the number of the frames involved in alignment is bigger, the value of the Ratio 

is smaller (close to 1). 
 

6. Conclusion 

 
In this paper, we proposed a new method of sequence-to-sequence alignment, which can 

contribute to satisfactory temporal and spatial alignment of video sequences when the trajectories in a 
scene are few, the trajectories do not last long, and the coverage of the trajectories is limited. The 
experimental results prove that compared with the Caspi-method, our-method can improve spatial 
alignment accuracy. As a matter of fact, how much the alignment accuracy can be improved is affected 
by the scene and the motion of the object. In our experiments, we carried out sequence-to-sequence 
alignment by respectively using the Caspi-method and our-method, and then we conducted 
super-resolution reconstruction on the aligned sequences. The experiment results show that our method 
can apparently improve the alignment accuracy and the reconstruction effect. At the same time, the 
time needed by our-method will be slightly increased but can be ignored. Therefore, Our-method is 
valid. 
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