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Abstract. Incomplicated computer vision tasks, the multi-camera system is more
effective than a single camera owing to the image fusion of multiple cameras,
in which the image alignment is the essential first step. Especially, the cross-
resolution image alignment caused by focal length difference has been extensively
studied. A usual solution is using pyramid based local feature matching to create
the mapping between input images with high and low-resolution. However, this
kind of algorithm has high time and space complexity and is not applicable to front-
end equipment such as the multi-camera system. Therefore, this paper proposes a
fast and novel cross-resolution image alignment method based on the approximate
focal length difference, including the coarse feature matching in low-resolution
and the matching model estimation in high-resolution. At last, two types of test
experiments are carried out using the industrial camera and SLR camera respec-
tively. And the experimental results show that the proposed method performs well
for cross-resolution image alignment, which can be widely used for multi-camera
system.
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1 Introduction

Powered by computer vision and artificial intelligence technology, more visual infor-
mation and higher-quality images can be obtained by multi-camera system [1], which
has been widely used in medicine, industry, remote sensing and other fields. By reason-
ably fusing the image information between different cameras, higher-quality composite
images can be obtained, and panoramic imaging, high dynamic range imaging, extend
depth of field imaging, night vision and so on can be realized with multi-camera system
[2,3].

In the process of image fusion between different cameras, the image alignment is the
essential first step, which is limited by the possible differences between cameras, such
as attitude difference, focal length difference and spectral difference [4]. Currently, the
general solutions are pixel based, patch based and local feature based methods [5], among
which the most flexible one is local feature based matching. It has a robust alignment
effect.
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This paper focuses on cross-resolution image alignment, which is image alignment
between the long-focus camera and the short-focus camera. For this problem, benefiting
from the image pyramid technology, accurate feature points can be extracted on the
cross-resolution images by feature detection algorithms such as Scale-Invariant Feature
Transform [6] (SIFT), Speeded-Up Robust Features [7] (SURF) and Oriented Fast and
Rotated Brief [8] (ORB). Then the final homography matrix can be estimated by using
inlier filtering algorithms such as Random Sample Consensus [9] (RANSAC).

However, in order to achieve scale invariance, the existing technologies have
designed a complex feature description method, which leads to high time and space
complexity. Therefore, this paper studies a novel cross-resolution image alignment
method.

2 Related Work

To realize cross-resolution image alignment, local feature detection and outlier removal
technologies are involved. This paper briefly discusses the related works of these two
aspects.

For local feature detection, many excellent algorithms have been developed. For
example, SIFT detects the sub-pixel feature point using difference of Gaussians on
pyramids with different scales, and generates the robust feature descriptor by gradient
histogram. But its time complexity and space complexity are extremely high. There-
fore, SURF uses box filtering, wavelet transform, lower dimensional vector and other
techniques to reduce the complexity of SIFT. But there are still some shortcomings in
real-time performance. While ORB effectively combines the detection of local extremum
feature and binary descriptor and realizes real-time local feature matching. However, to
deal with the cross-resolution problem, a complicated pyramid structure is still required.

In the aspect of outlier removal, a global transformation is usually used to judge
inliers or outliers, such as RANSAC, in which similar transformation, affine transfor-
mation, projective transformation and so on can be used. There are also a series of later
improvements of RANSAC [10, 11]. Or the probability of sampling inliers is increased,
the speed of iteration is accelerated, and the threshold of inlier discrimination is opti-
mized, etc. In addition, with the development of deep learning technology, there are
many excellent feature detection and outlier removal algorithms based on deep learning,
such as LF-Net [12], Superpoint [13] and SuperGlue [14], which can only achieve high
real-time performance on GPU at present, and cannot meet the application requirements
of multi-camera system which needs edge computing.

Inspired by the related works, this paper focuses on the image alignment of long-
focus camera and short-focus camera. According to the approximate ratio of spatial
resolution between multi-camera images, the high-resolution images are downsampled
to the low-resolution scale to realize coarse matching. Then the feature points are filtered
and matched iteratively on the high-resolution scale to achieve final accurate alignment.

3 The Proposed Method

As shown in Fig. 1, a narrow field-of-view image with high-resolution is captured by the
long-focus camera, defined by I;, and a wide field-of-view image with low-resolution is
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captured by the short-focus camera, defined by I,.. Considering the difference in image
resolution caused by focal length, this paper designs a method consisting of matching
feature point on the low-resolution scale and estimating the alignment model on the high-
resolution scale. It is worth mentioning that in the practical application of multi-camera
imaging, the non-overlapping areas of images /; and I, can be marked in advance to
reduce their influence on the final alignment. The approximate ratio of spatial resolution
between images caused by focal length can be estimated by geometric measurement and
defined by integer k.

In this paper, the image /; is downsampled to the image /; 4, and the feature points
are extracted without complex pyramid structure, as shown in Fig. 1. In order to realize
more accurate alignment result, the feature points of the image I; 4 are restored to a
high-resolution scale after the coarse feature matching, and then the alignment model is
estimated in high-resolution.

Normally, restoring feature points from low-resolution scale to high-resolution scale
involves two aspects: image texture and spatial coordinate. For the former, it still requires
reconstructing the missing image information under high-resolution, which consumes
a lot of time and space. Therefore, this paper only restores the spatial coordinates of
feature points to high-resolution, which greatly reduces the time and space complexity.
And then finds the best alignment in the alignment model estimation stage. For specific
implementation methods and steps, please refer to Sect. 3.1 and Sect. 3.2 respectively.

Fig. 1. The flow chart of proposed cross-resolution image alignment. The upper half is the
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pyramid-based solution, and the lower half is the proposed solution.

3.1 Coarse Matching in Low-Resolution

Firstly, the high-resolution image I, is downsampled by k to obtain the low-resolution
image I 4, where k is an integer. And the downsampling process does not need interpo-
lation and has high time efficiency. Then, on the low-resolution scale, the feature points
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onimage I 4 and image I, can be detected using any one fast detection operators without
scale invariance. And then the feature point sets Ps; 4 and P, are obtained respectively.
Although the true resolution ratio of images /; and I, is not equal to integer k absolutely,
which may cause mismatch in sets P; 4 and P,, it can be compensated in Sect. 3.2.

According to the practical application of multi-camera system, descriptor without
scale can be used flexibly to get the feature vectors Vi 4 and V, corresponding to the
feature point set Ps 4 and P,. Following the general steps of feature matching, the
matching quality is measured by the ratio of maximum and submaximum of feature
vector distance, and the search process is accelerated by kd-tree, and then the matched
point pair {P; 4 P/r} of image I; 4 and image I, is obtained. It only represents the
correspondence of input images on the low-resolution scale. So, in this paper, the feature
point P; 4 of image Iy 4 is upsampled k times on the spatial coordinate to get P;, as
shown in Fig. 2, which represents the coarse matching of images on the high-resolution
scale.

Low-resolution image

High-resolution image

Fig. 2. Coarse matching result. A feature point on low-resolution image is corresponding to a
patch on high-resolution image.

3.2 Model Estimation in High-Resolution

As shown in Fig. 2, due to the difference of spatial resolution, coarse matching in low-
resolution establishes the correspondence between a feature point of 7. and a patch of
;. In order to estimate the accurate alignment model, it is necessary to find the pixel-
wise correspondence between high-resolution image /; and low-resolution image I,.
Therefore, this paper designs the following iterative algorithm to estimate the alignment
model.
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Algorithml

I.: Wide field-of-view image with low-resolution
I;: Narrow field-of-view image with high-resolution
k: Approximate ratio of spatial resolution

Downsample high-resolution image
Feature detection using FAST and others

1.
2
3
4.
5. Function:
6.
7
8 Feature descriptor using BRIEF and others

9. Get the initial matched pomt palr {Ps a P}
10. Upsample feature point Ps_d to PS
11. fori=1to T do
12. Select randomly m feature points in Py, and the
corresponding m patches in P,
13. Select one feature point for each patch
14. Estimate the alignment model H;
15. Find all inlier sets P;,, and projection error E;
16. If the number of P;, is large enough and the
value Ej,, is small enough
17. Update current alignment model H;
18. Update current projection error E;
19. Update T
20. Output:
21. H: Optimal cross-resolution alignment model

In order to solve the optimum solution, this paper designs an iterative approach
to estimate the alignment model inspired by RANSAC. Specifically, firstly randomly
select m matched points on the low-resolution image /, and corresponding m patches
on the high-resolution image /;. And then estimate an alignment model H; according
to these m matching relationships. Decide whether all feature points meet the current
mapping relationship of model H;, except the selected m points, and obtain the inlier
set P;, and the projection error E;, based on a threshold. Because a feature point in
the low-resolution image /, is corresponding to a patch in the high-resolution image I,
this paper selects the smallest projection error point in a patch as the inlier point. After
getting the set of inliers, decide whether to update the alignment model according to the
inliers number and projection error until the end of the iteration process, and output the
optimal cross-resolution alignment model H .

4 Experiments

In order to verify the validity of the proposed method, this paper designs three test
experiments. In test experiment No. 1, a multi-camera system is built, including a 5-
megapixel Daheng industrial camera with an 8 mm focal length lens, and a 12-megapixel
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Daheng industrial camera with a 16 mm focal length lens. Five groups of wide field-of-
view images with low-resolution and narrow field-of-view images with high-resolution
images are captured, with resolution ratio 7.4, named as H1, H2, H3, H4, and HS5. In
test experiment No. 2, a Nikon D7100 SLR camera with an 18—-105 mm zoom lens is
used. Two groups of cross-resolution test images with resolution ratio 3 are captured,
named as D1 and D2. Two groups of cross-resolution test images with resolution ratio
3.89 and 4.17 are captured, named as E1 and E2. Two groups of cross-resolution test
images with resolution ratio 5.11 are captured, named as F1 and F2. Two groups of
cross-resolution test images with resolution ratio 5.83 are captured, named as G1 and
G2. In test experiment No. 3, we used the SLR camera in Experiment No. 2 to capture
images of the same resolution with slight displacement, rotation, etc., and then obtain 9
sets of images with resolution differences of 1-9 times by downsampling, named as A.

4.1 Implementation

In the specific implementation process, this paper selects the simple FAST feature extrac-
tion operator [15] and BRIEF feature descriptor [16]. And other two cross-resolution
image alignment algorithms are compared in this paper. The specific descriptions are as
follows. To verify the effect of model estimation in Sect. 3.2, Algorithm 1 only extracts
feature points and estimates the alignment model on low-resolution scale. Algorithm 2 is
the pyramid based ORB algorithm. Algorithm 3 is the proposed method. Considering the
comparability of experimental results, the above three algorithms keep the same param-
eters in the processes of feature extraction, coarse feature matching, outlier removal and
iteration.

In addition, although the real resolution ratio of high-resolution and low-resolution
images are mostly decimals, the integer k is always used for upsampling and downsam-
pling in our experiment. This can further save time and space cost in particular, and the
parameter k has a certain tolerance and has no significant impact on the final alignment
result. As shown in Fig. 3, the resolution ratio of the test image is 5.83 times. When the
parameter k is set as 4, 5, 6, 7 and 8, the alignments can still be successful. And the
closer the integer £ is to the real resolution ratio, the better the alignment effect is, which
can be seen from the fused image and the distribution of inlier points.

Fig. 3. Influence of approximate ratio k£ on alignment result
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4.2 Results

The results of test experiment No. 1 are shown in Fig. 4 and Table 1. Considering the
limited space for this article, Fig. 4 only shows the image alignment results of groups
H1 and HS5, and Table 1 shows the final projection errors of all five groups.

It can be seen from Fig. 4 that Algorithm 2 and our method both have a better effect
in detail than Algorithm 1, such as the outdoor region of the air conditioner, in which
Algorithm 1 has obvious artifacts. We know that Algorithm 1 directly performs feature
extraction and matching on low-resolution scale, that results in inadequate accuracy
of feature points. While the proposed model estimation in high-resolution can fix this
problem.

Furthermore, the projection error of Algorithm 1 is much bigger than Algorithm 2
and our method, and our method perform better than Algorithm 2 slightly as shown in
Tablel. Since our method does not utilize the pyramid structure to extract feature points,
it can reduce time and space consumption in feature extraction phase compared with
Algorithm 2.

The results of test experiment No. 2 are shown in Fig. 5 and Table 2. Figure 5 only
shows the image alignment results of groups D2, F2 and G1, and Table 2 shows the final
projection errors of all eight groups.

As shown in Table 2, the projection error of Algorithm 1 increases along with the
increase of the resolution ratio, while algorithm 2 and proposed method are not influ-
enced. Again, the proposed method performs best. With the increase of the resolu-
tion ratio, the measuring accuracy of feature points extracted by Algorithm 1 becomes
more and more insufficient, so the corresponding projection error increases. However,
Algorithm 2 handles this problem using complex pyramid structure. And the proposed
method estimates the alignment model in high-resolution iteratively, so it succeed in
cross-resolution image alignment with different resolution ratio.
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Test image group H1

Test image group H5

b) Algorithm 2 ¢) Algorithm 3(proposed)

a) Algorithm 1

Fig. 4. Results of test experiment No. 1
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Table 1. Projection errors of test experiment No. 1

Resolution ratio Test group Algorithm comparison
Algorithm 1 Algorithm 2 Algorithm 3
(proposed)

7.4 H1 5.97 2.96 2.35

H2 8.49 3.33 3.88

H3 4.44 2.66 2.05

H4 7.12 341 3.40

H5 7.45 271 1.97

Table 2. Projection errors of test experiment No. 2

Resolution ratio | Test group | Algorithm comparison
Algorithm 1 Algorithm 2 | Algorithm 3 (proposed)

3.00 D1 2.20 2.37 1.85
3.00 D2 452 1.82 1.75
3.89 El 2.82 2.20 1.70
4.17 E2 4.64 2.64 2.18
5.11 F1 452 3.09 2.24
5.11 F2 5.21 2.67 1.23
5.83 Gl 6.18 3.05 1.30
5.83 G2 6.11 2.55 3.37

The results of test experiment No. 3 are shown in Fig. 6. In order to better explore the
relationship between the projection error and the resolution magnification, simulation
experiments are conducted. Figure 6 shows the registration error results of 9 groups of
experiments with the resolution multiplier from 1 to 9 under image A.

As shown in Fig. 6, the abscissa of the figure represents different resolution magnifi-
cation, and the ordinate represents projection error. It can be clearly seen in the line chart
that the projection error of Algorithm 1 presents an upward trend with the improvement
of resolution. However, the projection error of Algorithm 2 and the proposed method is
not affected by the resolution multiplier. Meanwhile, the projection error line of the pro-
posed method is below the projection error line of Algorithm 2. This is exactly consistent
with the results of Experiment No. 2, thus verifying the correctness and effectiveness of
our method.

Although the test images have a large difference in spatial resolution, the experi-
mental results show that the proposed method can always obtain a good alignment effect
without the complex pyramid structure. Even in some tests, as shown in Fig. 5 and Fig. 6,
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Test image group D2

o wlMEK < : o ulnll
a) Algorithm 1 b) Algorithm 2 ¢) Algorithm 3(proposed)

Fig. 5. Results of test experiment No. 2
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Graphs of registration errors at different resolutions

— Algorithm 1
—=—- Algorithm 2
1 —-- Algorithm 3

Projection errors

Resolution ratio

Fig. 6. Results of test experiment No. 3

the proposed method performs better than the pyramid based ORB method. The precon-
dition is getting the approximate resolution ratio of high-resolution and low-resolution
image, which is very easy to measure in multi-camera system applications.

5 Conclusion

According to the problem that the current pyramid structure has high time and space
complexity and is not applicable to the multi-camera system, this paper proposed a novel
cross-resolution image alignment method, including the coarse feature matching in low-
resolution and the matching model estimation in high-resolution. Based on our method,
combined with artificial intelligence technology, the interesting computational imaging
on the multi-camera system like high-quality continuous zooming, wide field-of-view
imaging with high-resolution and so on can be realized. However, when the feature points
are restored from low-resolution scale to high-resolution, the influence of image texture
information can be deeply considered in the future. In addition, for the iterative solution
of the optimal alignment model, the perspective of selecting points from high-resolution
patch for further speeding up this method can be taken into consideration in the future.
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