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Abstract Augmented solar images were used to research the adaptability of four representative image extrac-
tion and matching algorithms in space weather domain. These include the scale-invariant feature transform algo-
rithm, speeded-up robust features algorithm, binary robust invariant scalable keypoints algorithm, and oriented fast
and rotated brief algorithm. The performance of these algorithms was estimated in terms of matching accuracy, fea-
ture point richness, and running time. The experiment result showed that no algorithm achieved high accuracy
while keeping low running time, and all algorithms are not suitable for image feature extraction and matching of
augmented solar images. To solve this problem, an improved method was proposed by using two-frame matching
to utilize the accuracy advantage of the scale-invariant feature transform algorithm and the speed advantage of the
oriented fast and rotated brief algorithm. Furthermore, our method and the four representative algorithms were ap-
plied to augmented solar images. Our application experiments proved that our method achieved a similar high
recognition rate to the scale-invariant feature transform algorithm which is significantly higher than other algo-
rithms. Our method also obtained a similar low running time to the oriented fast and rotated brief algorithm, which

is significantly lower than other algorithms.
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0 Introduction

Solar eruptions cause perturbations in the near-Earth
space weather " which in turn has an impact on the reg-
ular operation of space-based technology systems ) and
even ground-based electric power systemsm, climate,

weather[4], and human life and health™

. Augmented Re-
ality (AR) is a new visualization technology that inte-

grates virtual elements with the real world®. AR tech-

nology is now being used in a variety of industries, such
as education [7], medicine[g], and even the military[g]. The
simulation model of the space weather situation can be
integrated into the space weather popularization, fore-
cast conference room or astronaut training venue by us-
ing AR technology, and provide the user with a more
immersive experience. Registration technology is the
core of the AR system!"”, ensuring that model registra-

tion and scene tracking can still be accurately realized
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when images are scaled, rotated, view changed, or par-
tially occluded. The key algorithm of registration tech-
nology is the image feature extraction and matching al-
gorithm, which directly affects the accuracy and effi-
ciency of the registration technology“ " Solar activity is
an important factor that causes disturbances in space
weather, and solar image data represents space weather
data. There are blurred and inconspicuous color transi-
tion areas in solar images that easily cause the aggrega-
tion of image feature points and mismatches. The ability
of the image feature extraction and matching algorithm
to correctly match and identify the same sun image in all
cases is affected and made more difficult by the blurred
and inconspicuous color transition areas. Therefore,
while applying image feature extraction and matching
algorithms to solar images, the emphasis is on exploring
an algorithm that ensures the success rate of quick mod-
el registration and scene tracking under this effect and
difficulty. This paper experimented with the adaptability
of four representative image feature extraction and
matching algorithms with solar image data and pro-
posed an improved method by using two-frame match-
ing to utilize the accuracy advantage of the scale-invari-
ant feature transform algorithm and the speed advantage
of the oriented fast and rotated brief algorithm.

The remainder of this paper is organized as follows.
This paper introduces the four representative image fea-
ture extraction and matching algorithms which are com-
monly used in AR technology and then applies these al-
gorithms to experiment with the adaptability of solar im-
ages. And then, the improved method is proposed by us-
ing two-frame matching to utilize the accuracy advan-
tage of the scale-invariant feature transform algorithm
and the speed advantage of the oriented fast and rotated
brief algorithm.

1 Image Feature Extraction and
Matching Algorithms

Representative image feature extraction and matching al-
gorithms include the Scale-Invariant Feature Transform
(SIFT), Speeded-Up Robust Features (SURF), Binary
Robust Invariant Scalable Keypoints (BRISK), and Ori-
ented Fast and Rotated Brief (ORB) algorithms. The
adaptability of the four image feature extraction and

matching algorithms differs when applied to different
domains.

1.1 SIFT

Lowe proposed the SIFT algorithm to extract distinctive
invariant features from images, which can be used to
perform reliable matching between different views of an
object or scene!' >, SIFT uses Gaussian filters to per-
form convolution operations on the image and con-
structs the Difference of Gaussian (DOG) pyramid of the
image to ensure scale invariance of the feature points“z].
Meanwhile, SIFT uses a gradient histogram to select the
main direction of the feature points and constructs a
floating-point 128-dimensional descriptor to guarantee
the rotation invariance of the feature points. The con-
struction of the image pyramid and the calculation of the
feature directions lead to a longer running time for SIFT,
but the image matching accuracy and feature point rich-
ness are high.

1.2 SURF

To solve the time-consuming problem of the SIFT algo-
rithm, Bay and Sheng et al. [.15] proposed the SURF al-
gorithm by simplifying and improving SIFT. SURF ob-
tains grayscale images by preprocessing, and establishes
image pyramids by approximating the computational
Gaussian filter with box filters and integral images.
Therefore, SURF preserves scale invariance and reduces
the algorithm running time at the expense of image
matching accuracy.

1.3 BRISK

Leutenegger and Siegwart proposed the BRISK algo-
rithm to further improve the computational efficiency of
SURF!"*'7 BRISK substantially improves the opera-
tional efficiency using Features from the Accelerated
Segment Test (FAST) and binary descriptors. However,
it is prone to mismatches and performs poorly in terms
of scale invariance and rotation invariance.

1.4 ORB

Rublee and Rabaud et al.!'*"”! proposed the ORB algo-
rithm to satisfy the real-time requirements of the system.
ORB uses the Rotation-aware Binary Robust Indepen-
dent Elementary Features (rBRIEF) descriptor, which
has the shortest running time among the four algorithms.
However, it has many pseudo-featured points of similar
features and low accuracy, and is insensitive to scene

changes.
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Because the four representative image-feature ex-
traction and matching algorithms have different charac-
teristics, they apply to different domains. For example,
Xiang et al P pointed out that SIFT has been success-
fully applied to both optical image registration and Syn-
thetic Aperture Radar (SAR) image registration, and pro-
posed an advanced SIFT-like algorithm to perform Opti-
cal-to-SAR (OS) image registration. Cheng et al?!
pointed out that SURF for unmanned aerial vehicle im-
age registration has better robustness and efficiency. Al
Taee et al. ™ pointed out that BRISK is used to extract
significant information from corner points in finger-
prints and can pick a large amount of information when

compared with minutiae points. Pan*”

pointed out that
ORB has the advantages of a smaller calculation amount
and simple feature point information description; thus,
ORB has been widely used in SLAM algorithms based
on the computer vision algorithms. Then four representa-
tive algorithms using solar image data were evaluated
and analyzed to explore the adaptability of image fea-
ture extraction and matching algorithm in the space

weather domain.

2 Adaptability Experiments for
Solar Images
2.1 Experimental Design

In this study, solar images captured by the Atmospheric
Imaging Assembly (AIA) onboard the Solar Dynamics

193 A (@)
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Observatory (SDO) in the Extreme Ultraviolet (EUV)
wave bands (for example, the solar images captured by
SDO/AIA in EUV wave bands, were downloaded from
the SDO official ).

To comprehensively evaluate and analyze the per-
formance of image feature extraction and matching algo-
rithms in solar images, solar images were selected with
representative feature areas of solar active regions, solar

ﬂares[zs], (26]

and coronal holes for experimentation.
Therefore, the solar images of one solar rotation week
from 1 to 27 May 2022 were selected for the experiment
because the solar image in this solar rotation week has
all representative feature areas. This paper selected the
solar images in the EUV 193 A and EUV 131 A wave
bands for the experiments, as shown in Figure 1.

As shown in Figure 1, the solar images in the EUV
193 A wave band can clearly show coronal holes, and
the solar images in the EUV 131 A wave band can clear-
ly show solar flares and solar active regions. Solar im-
ages are updated on SDO official website every 10 min.
However, because of slowly changing solar activities
such as coronal holes and solar active regions, most im-
ages within a day are similar, it is meaningless and inef-
fective to use similar images as samples. For the erup-
tive solar activities such as solar flares, a few solar im-
ages contain suddenly bright areas and these images are
important and need to be selected. Considering both
slowly changing and eruptive solar activities, we extract-
ed a solar image at 13:00 UT from the daily images in

131 A (b)

Fig. 1

* website https://sdo.gsfc.nasa.gov/data/

Example solar images in two EUV wave bands
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each EUV 193 A and 131 A wave band as the target im-
age for the experiment.

The target images were processed using scale
change, rotation change, view change, and partial occlu-
sion to obtain the input images. In scale change, the
scale ratio was 0.75 for image reduction and 1.24 for
magnification. In rotation change, each solar image was
rotated by 45° and 90° counterclockwise around the cen-
ter point of the image respectively. In view change, to
simulate viewing solar images from the left side, the left
part of each solar image was stretched by 1.5 times after
being rotated by 2° counterclockwise around the center
point. In partial occlusion, the upper left corner of each
solar image was occluded by a black area.

Four representative image feature extraction and
matching algorithms were evaluated and analyzed in
terms of matching accuracy, feature point richness, and
running time. The feature point richness R is calculated
using Eq.(1), where m is the number of total matched
feature point pairs and a is the number of remaining
available feature point pairs after removing feature point

pairs with unreasonably large distances 27,

R=a/m. (1)
The correct matching rate is calculated using,
A=r/a, (2)

where r is the number of remaining correct matching

feature point pairs after the incorrect matching feature

points have been removed from a*”.

EUV
193 A
wave
band

2.2 Experimental Results and Analyses

The experiments in this study were conducted using a
Windows 10 operating system. The computer CPU mo-
del was an Intel(R) Core(TM) i7-10700, CPU frequency
was 2.90 GHz, memory capacity was 16.0 GByte, and
system type was a 64-bit operating system. The pro-
gramming environment was PyCharm, the compilation
platform was x64, and the programming language was
python3.6, based on the open-source library python-
opencv3.4. This paper sets the parameter of the number
of feature points detected for each algorithm at 500 mag-
nitudes in order to ensure the consistency of the vari-
ables and the comparability of the experimental results.
In all experiments, the brute force algorithm was used to
match feature points”””. The Random Sample Consen-
sus Algorithm (RANSAC) was used to eliminate mis-
matched points, and the threshold value used in this pa-
per was set to 2127281,

The feature points extracted by four representative
image feature extraction and matching algorithms are il-
lustrated in Figure 2. As shown in the yellow frames of
Figure 2, a lot of feature points exist in the area of coro-
nal holes, flare events and active regions, because these
areas always contain algorithms concerned points such
as corner points, edge points, bright points in dark areas,
and dark points in bright areas. Because of the blurred
and inconspicuous color transition regions in solar im-
ages, a large number of similar feature points are aggre-

gated, as in white frames in Figure 2.

BRISK

Fig. 2 Examples of solar images with feature points extracted by four representative image feature extraction and matching

algorithms. Yellow frames illustrated feature points caused by coronal holes, flare events and active regions. White frames

illustrated feature point aggregation caused by the blurred and inconspicuous color transition regions
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2.2.1
The matching accuracy results of the four representative
algorithms of solar images in the EUV 193 A and EUV

131 A wave bands are shown in Figures 3 and 4. The re-

Matching Accuracy Results and Analyses

sults of both solar images in these two EUV wavebands
show almost the same trend. SIFT significantly outper-
formed the other algorithms in cases of scale change, ro-
tation change, and view change. The matching accuracy
performance of SIFT in partial occlusion was as good as
SURF and ORB. Therefore, SIFT had a better perfor-
mance than SURF, BRISK, and ORB in terms of match-
ing accuracy, which was consistent with our expecta-
tions. SIFT ensured the robustness of scale change by se-
lecting extreme points as feature points in the DOG
pyramid of the image. SIFT also enhanced the robust-
ness of the rotation change and view change by using a
gradient histogram to select the main direction such that
it can adjust to the feature point position change caused
by solar rotation. SURF performed second only to the
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SIFT in terms of scale and rotation change. However,
SURF performed poorly in view change, which was
caused by erroneous feature localization using box filter-
ing and the approximate calculation of the integrated im-
age. BRISK outperformed ORB in terms of scale change
but was prone to instability when the image was partial-
ly occluded.

2.2.2 Feature Point Richness Results and Analyses
The four representative algorithms’ feature point rich-
ness results of solar images in the EUV 193 A and EUV
131 A wave bands are shown in Figures 5 and 6. The re-
sults of both solar images in these two EUV wave bands
show almost the same trend. When the image is partial-
ly occluded, all four algorithms showed instability ow-
ing to the loss of the local feature points. SIFT per-
formed best in terms of rotation and view change and
performed significantly better than BRISK and ORB in
scale change, with the best overall performance. This
was because SIFT reduced, as much as possible, the ge-
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Fig. 3 Comparative matching accuracy results of four representative image feature extraction and

matching algorithms in the EUV 193 A solar images
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Fig. 4 Comparative matching accuracy results of four representative image feature extraction and

matching algorithms in the EUV 131 A solar images
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Fig. 5 Comparative feature point richness results of four representative image feature extraction and

matching algorithms in the EUV 193 A solar images
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Fig. 6 Comparative feature point richness results of four representative image feature extraction

and matching algorithms in the EUV 131 A solar images

neration of a large number of similar feature points
caused by the blurred boundaries of regions, such as so-
lar flares and coronal holes on solar images. Conversely,
SIFT reduced the occurrence of mismatches by precise-
ly constructing features and descriptors. ORB  per-
formed better than BRISK in rotation change because
ORB created rotation-invariant feature points using the
rBRIEF combined with the grayscale prime method for
feature point direction calculation and feature descrip-
tion. However, ORB had low feature point richness in
view change because it roughly located the feature
points such that large numbers of similar feature points
were likely to gather at the far end of the line of sight.
2.2.3 Running Time Results and Analyses

The running time results of the four representative algo-
rithms of solar images in the EUV 193 A and EUV 131
A wave bands are shown in Figures 7 and 8. The results
of both solar images in these two EUV wavebands show
almost the same trend. SIFT had the longest running
time, with an average running time of approximately
300 ms. SURF had a shorter running time than SIFT.
ORB and BRISK had the shortest running times, both
below 50 ms. As described in 1.1, SIFT had the longest

running time because it had a floating-point 128-dimen-
sional descriptor, which was computationally intensive.
SURF reduced the dimensions of the descriptors to
64 dimensions based on SIFT and was, therefore, slight-
ly faster than SIFT. Both BRISK and ORB used binary
descriptors; therefore, the running times of both algo-
rithms were significantly less than those of SIFT and
SUREF.

As shown above, SIFT had the best matching accu-
racy and feature point richness overall, but the longest
running time. ORB had the shortest running time, but the
bad matching accuracy. Therefore, no algorithm could
meet the requirements of accuracy and speed and all al-
gorithms could not be directly applied to augmented so-
lar images. To solve this problem, we proposed an im-
proved method, SIFT combined with ORB based on
two-frame matching (SIFT-TF-ORB).

3 SIFT Combined with ORB Based on
Two-frame Matching Method

3.1 Basic Idea
In order to take the accuracy advantage of SIFT and the



WANG Rui et al.: Image Feature Extraction and Matching of Augmented Solar Images in Space Weather

Running time / ms

Running time / ms

Running time / ms

Running time / ms

—a— SIFT - e- SURI -—-a-BRISK - ORB

Scale change (a) Rotation change (b)
350
| W
240 M 280 F
200 +
210 +
160 | AN
120fee®eeceessa = B T 140r° * el o A A SN
80 + 20l
40 + ! i . -
Fet ettt et ettt Eie et et tasy N At i it i il
1 3 5 7 9 11 13 15 17 19 21 23 25 27 1 3 5 7 9 11 13 15 17 19 21 23 25 27
View change c Partial occlusion d
350 ¢ © 15 (d)
250 : 250 ':
200 b+ R 200 F
1 - ] L J
150 [ bew ™o tymyt o e e T W e 150 | o e Symeg TN e ot
100 + 100 +
50 + JA 50+ » A
0 R S T = ST S P O 0 e 8040846506 E 6B 3EL 20 E4S 0. 54
1 3 5 7 9 11131517 19 21 23 2527 1 3 5 7 9 11131517 19 21 23 2527
May 2022 May 2022
Date (UTC) Date (UTC)

Fig. 7 Comparative running time results of four representative image feature extraction

and matching algorithms in the EUV 193 A solar images
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Fig. 8 Comparative running time results of four representative image feature extraction and

matching algorithms in the EUV 131 A solar images
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speed advantage of ORB, we utilized two-frame match-
ing to combine these two algorithms based on the tem-
poral coherence in video frames™. Based on two-frame
matching, at first because of the large difference be-
tween the target image and video frames, the complica-
ted SIFT was chosen to recognize with target solar im-
age and register the solar model. After recognizing suc-
cessfully, each frame was matched with the previous

frame by ORB to calculate the accumulated transform

Chin. J. Space Sci.  =RAFFIR 2023, 43(5)

matrix™®”. Because of temporal coherence and high simi-
larity between consecutive frames, ORB with the sim-
plest descriptor could totally satisfy the accuracy re-
quirement. Considering the error accumulation, the ma-
ximum number of frames dealt with ORB was set. Then
SIFT was applied again and the process was repeated.
3.2 Framework

The framework of SIFT-TF-ORB is illustrated in Figure 9.

The input video frames were dealt with as fragments.

Input video frames

Successfully
recoginized fragments
i Successfully
recoginized ||| -
Frame fragments fi &
ragments
S — . E—— | — 1
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Fig. 9 Framework of SIFT-TF-ORB method
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SIFT was used to match the target image and the input
video frames until successfully recognizing the first
matched input frame, and this frame was labeled as
framey. B was selected as the maximum number of
frames processed by ORB in a single fragment. In this
paper, f was set to 40 according to several tests. Let fra-
me, present the following #n th frame in a single frag-
ment and set n = 1. Then the process was as follows.

(1) The target image and frame, were features ex-
tracted and matched by using SIFT. RANSAC was used
to calculate the basic homography matrix H, between
the target image and the frame,. Combining with the
camera intrinsics matrix and extrinsic matrix, the trans-
formation matrix T, can be calculated and the solar
model can be registered and rendered.

(2) ORB was used to match the consecutive
frame,,_, and the frame,. RANSAC was used to calcu-
late the homography matrix H, between frames. The
homography matrix H], between the target image and

the frame, to be calculated as
H =H,xH,_,. (3)

(3) To obtain the transformation matrix T, of the
solar model, we multiplied H, and the camera intrin-
sics matrix and extrinsic matrix.

(4) We registered and rendered the model with vir-
tual-reality fusion.

(5) If = 8, stop; otherwise, go to (2).

After a fragment was processed, SIFT was used to
search the next fragment and the process was repeated.
3.3 Experiment Results of Augmented Solar Images
3.3.1 Experimental Design
The development environment of the augmented solar
images was the same as that described in Section 2.2. In
this study, as described in Section 3.2, the SIFT-TF-
ORB was applied to augmented solar images in the EUV
193 A and EUV 131 A wave bands and refer to”*” real-
ize four representative algorithms for comparison. This
paper processed the input video stream with 120 frames.
The three-dimensional model of the sun in this applica-
tion was based on 3 Dsmax by spherical texture map-
ping, and the texture images were solar full-disk images
using the fit data of SDO/AIAP",

The image recognition rate and the time used to

process each input video frame were selected to evalu-
ate the effect of augmented solar images. The recogni-
tion rate S was calculated using Eq.(4), where C is the
number of frames determined to be recognized success-
fully after reaching the matching accuracy threshold, and

N is the total number of frames used in the experiment:
S=C/N. (4)

3.3.2 Experimental Results and Analyses

Renderings of augmented solar images are illustrated in
Figure 10. Image recognition rate and running time re-
sults are recorded in Tables 1~4. As shown in Figure 10,
Table 1 and Table 2, in all cases of scale change, rota-
tion change, view change, and partial occlusion, the im-
age recognition rates of the SIFT-TF-ORB were signifi-
cantly higher than SURF, BRISK, and ORB, and similar
to the image recognition rate of SIFT. As the result
shown in Table 3 and Table 4, the running time of SIFT-
TF-ORB was obviously less than SIFT, SURF, and
BRISK, and was very close to ORB. Therefore, SIFT-
TF-ORB costs low running time without scarifying im-

age recognition rate.

4  Conclusion

In this paper, we experimented and analyzed the adapt-
ability of four representative image feature extraction
and matching algorithms applied in augmented solar im-
ages. Regarding the experiment results, this paper con-
cluded that no algorithm achieved high accuracy while
spending low running time. To solve this problem, the
SIFT-TF-ORB method was proposed by utilizing two-
frame matching to combine SIFT and ORB, based tem-
poral coherence characteristic of video frames. Finally,
our method and the four representative algorithms were
applied to augmented SDO/AIA solar images in the
EUV 193 A and EUV 131 A wave bands. The results of
our application experiments proved that SIFT-TF-ORB
achieved a high recognition rate and low running time at
the same time compared with other algorithms. In the fu-
ture, this paper will research the disturbance of feature
points from unconcerned objects in the input frames and

also apply our method to other space weather data.
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Scale change Rotation change View change Partial occlusion

- e

SIFT-TF-ORB

SIFT

SURF

BRISK

ORB

Fig. 10 Comparison of rendering augmented solar images using SIFT-TF-ORB and four representative algorithms

Table 1 Image recognition rate (unit [%]) results of augmented solar images in the EUV 193 A wave band

Scale change Rotation change View change Partial occlusion Average
SIFT-TF-ORB 90.83 92.50 92.50 96.66 93.10
SIFT 95.00 100.00 98.33 100.00 98.33
SURF 61.66 66.66 85.00 83.33 74.16
BRISK 32.50 50.00 61.66 74.16 54.58

ORB 74.16 87.50 86.66 87.50 86.45
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Table 2 Image recognition rate (unit [%]) results of augmented solar images in the EUV 131 A wave band

Scale change Rotation change View change Partial occlusion Average
SIFT-TF-ORB 94.16 95.00 95.00 99.16 95.82
SIFT 99.16 96.66 95.83 100.00 97.91
SURF 91.66 75.00 60.83 84.16 77.91
BRISK 52.50 32.50 25.83 88.33 49.79
ORB 90.00 80.83 68.33 97.50 84.16

Table 3 Results of running time (unit ms) used to process each input video frame in the EUV 193 A wave bands

Scale change Rotation change View change Partial occlusion Average
SIFT-TF-ORB 11.75 12.16 12.00 11.83 11.93
SIFT 119.83 124.58 120.08 120.00 121.12
SURF 64.08 73.33 73.75 63.58 68.68
BRISK 12.75 15.58 15.08 12.66 14.02
ORB 9.41 9.50 9.08 9.16 9.29

Table 4 Results of running time (unit ms) used to process each input video frame in the EUV 131 A wave bands

Scale change Rotation change View change Partial occlusion Average
SIFT-TF-ORB 11.83 11.91 11.58 11.41 11.68
SIFT 119.58 123.25 122.66 120.66 121.54
SURF 59.66 61.50 60.00 56.41 59.39
BRISK 14.08 13.25 12.66 11.08 12.77
ORB 8.91 9.08 8.83 8.66 8.87
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