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Abstract. Image matching holds fundamental significance in varieties of appli-
cations in CV (computer vision)., demanding methods that strike a balance be-
tween speed and robustness. This paper introduces an image matching approach
built upon an improved version of the FAST (Features from Accelerated Segment
Test) algorithm. The primary objective is to enhance both the accuracy and ro-
bustness of image matching processes. The algorithm incorporates targeted mod-
ifications to the FAST algorithm, addressing its limitations while preserving its
efficiency. In this improved algorithm, it introduces a two-layer adaptive thresh-
old mechanism. The most suitable threshold is employed to detect optimal feature
points, ensuring adaptive adjustments in different grayscale regions according to
the current situation. Based on this algorithm, the accuracy of the image matching
process has been improved. Moreover, the robustness of the image matching
based on the improved algorithm performs better than the original FAST algo-
rithm. The findings open new avenues for applications requiring real-time and
accurate image matching techniques.
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1 Introduction

In today's age of pervasive visual data, image matching holds pivotal significance
across a multitude of applications, including facial recognition systems [1], autono-
mous vehicles [2], constructing 2D mosaics [3], motion analysis [4], etc. Among the
methods used to implement image matching [5,6], corner detection stands out as a
highly effective approach. Corners represent fundamental features within images. Nev-
ertheless, achieving accurate and robust corner detection for image matching remains a
challenge: conventional image matching methods relies on traditional corner detection
algorithms, such as SUSAN, SIFT, and Harris [7-9].

To pursuit for enhanced image matching lies the FAST algorithm. FAST empowers
numerous applications by swiftly detecting and characterizing features within images.
Since its inception in 2005 by Rosten [10], built upon the SUSAN method. In 2010,
Mair introduced AGAST features, which means combining the specific decision trees
to find the best decision tree in an ECCV conference paper. [11].

Building upon traditional FAST corner detection, this paper introduces a two-layer
adaptive threshold mechanism and refines corner assessment criteria to detect diverse
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corner types. This improved method is then applied to the image matching process. By
comparing experimental outcomes, the efficacy of this enhanced algorithm is substan-
tiated.

2 Methodology

2.1  The drawbacks of traditional FAST algorithm

The whole process can be divided into five steps: Read an image, pretreatment, corner
detection, corner matching and image matching. In this article, the main enhancement
is to improve the pretreatment and the corner matching steps.

The improvement strategies primarily encompass two approaches.

First, the effectiveness of FAST corner detection critically hinges on the threshold
setting [12,13].

Fig. 1 displays a flower image detected by FAST under three distinct thresholds.
From left to right, the thresholds are set to 30, 10, and 5, respectively. Drawbacks are
obvious: With high threshold, the evident corners, such as leaves are unmarked. With
a low threshold, every single change will be marked as corner.

Threshold=5 Threshoid=10 Threshold=30

Fig. 1. Performance of traditional FAST detection at different thresholds (Photo/Picture credit:
Original)

Additionally, traditional FAST corner detection exhibits limitations in its approach:
It primarily examines whether a candidate pixel's surrounding pixels include n contig-
uous points (typically 12) exceeding a certain threshold. This approach primarily tar-
gets L-shaped corners, potentially leading to the exclusion of other corner types and
consequently missing out on various feature points.

2.2 FAST comer detection algorithm

Article [11] propose the FAST corner detection, the FAST corner detection algorithm
is commonly used to identify feature points with significant local grayscale changes. It
offers not only high-speed computation but also a high level of accuracy.
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The detailed steps are as follows:

1. For the point under consideration, denoted as P, its grayscale value is represented
as I(p).
2. Choose an appropriate empirical threshold 't'.

3. Create a discrete circle with a radius of 3 pixels around point 'P', resulting in 16

discrete points on the circle.
In a 16-pixel circular area with pixel values either consistently greater than I(p)+t
or consistently smaller than I(p)-t, if there exist N (which is typically set to 9 or 12)
continuous pixels then pixel 'p' is classified as a corner, as indicated in Equation (1).

dark Loy <I,—t
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4. During practical implementation, optimizations are often applied. Only four po-
sitions (clockwise location 1, 9, 5, and 13) are typically checked on the circle.

5. Additionally, a non-maximum suppression step is often applied to remove feature
points with lower response values within a region, ensuring that only the most signifi-
cant corner points are retained.

2.3  Image matching using improved FAST corner detection algorithm with
adaptive threshold.

Image pretreatment
The input image is converted to grayscale and subjected to Gaussian smoothing to
mitigate noise influence. The 2-dimensional Gaussian kernel is represented by (2).
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Initial Pixel Filtering
To enhance the efficiency of feature point detection, an adaptive threshold T1 suited
for scale-space is employed as in Equation (3).

SU@) - DA 3)

Tl =
16 * 16
This threshold initially filters pixel points, leveraging variance. High variance areas
have larger thresholds post-adaptive adjustment. A pixel with M surrounding pixels
differing from the center above the threshold meets the requirement.

Threshold adjustment

For the candidate points obtained in the second step, calculate the absolute differ-
ences in grayscale values between 16 pixels within a circular area of the candidate point
and the center pixel as Equation (4).
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Dy = |I, — Io| (4)

Summarize all the results to obtain the maximum and minimum absolute differences
in grayscale values, denoted asD,,,,andD,,;,. Based on the value of D,., calculate its
distribution score.
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Sum up all the 16 distribute points, adjust the threshold according to S as (6).
S * Dmax
T, =——F 6
T ©

As in Equation (7), To minimize minor noise influence, set a lower limit for post-
processed threshold (5 in this paper's experiment), and use latest threshold for corner
detection and subsequent image matching.

T, = max(T,, Lowerlimit) @)

Corner detection of different types of corners

To detect the multiple types of corners, the rules are set as follows:

1. When points around the candidate point satisfying Equation 1 are less than 8§,
implying complex grayscale variations nearby, the point is discarded as a corner.

2. If over 12 consecutive points around the candidate point satisfy Equation 1 (tra-
ditional FAST logic), the point is recognized as an L-shaped corner.

3. If neither of the above conditions is met, grayscale variations of surrounding
points are assessed. If two adjacent points—one satisfying Equation 1 and the other
not—are identified, this signifies one transition. For an even number of transitions (4
for X-shaped, 6 for Y-shaped corners), the candidate point is recognized as an X or Y-
shaped corner.

Non-Maximum Suppression

During the process, multiple detected corner points might aggregate around the same
corner. To mitigate this, non-maximum suppression is implemented on detections, di-
minishing the prominence of clustered edges and feature points.

Image matching

For distinct images, the set of detected corner points includes usable and duplicate
corners. Measurement criteria are as follows: a corner is considered usable if it appears
in the first image and has a high likelihood of appearing in the second image, signifying
matching potential. A corner is deemed a duplicate if an identical corner's physical
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location is identified in both images and correctly matched. The rate of duplicate cor-
ners is defined as number of corners repeated divided by usable.

In the matching process, after the detection, all the corners are located in the image.
Since the corners are currently represented as individual pixels, SIFT descriptors are
employed to create descriptors for each corner, highlighting their distinctive features.
The nearest neighbor approach (KNN) is then used to match the corner points with their
closest counterparts in the other image [14].

3 Experiment and Result

3.1 Detection result comparison

Experiments were conducted using an image of a flower with its leaves, after using four
algorithms: Harris, SUSAN, traditional FAST and improved FAST to detect the flower
picture, the result is as shown in Fig. 2.

Detect result with Harris algorithm

Detect result with SUSAN algorithm

Detection result with traditional FAST Detect result with the improved algorithm

Fig. 2. Detection result with four algorithms (Photo/Picture credit: Original)

Comparing the performance of these four corner detection algorithms, the results
reveal distinct patterns. SUSAN detects 725 corners, Harris detects 87, FAST detects
309, and the improved FAST detects 25. Harris excels at pinpointing vital corners.
However, false detections and missed detections in areas like the leaves persists. In
SUSAN, its accuracy is compromised by edges. Nearly all the flower's edges and the
veins are falsely labeled as corners. Missed detections occurs too. Only few leaves are
detected. As for FAST, its lack of robustness is evident: the petal's veins are prone to
numerous false detections. Moreover, crucial corners on the petal and the leaf behind it
remain undetected.
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In contrast, the improved algorithm not only detects redundant corners on the flower,
but also accurately identifies leaf corners without any shifting. Compared to SUSAN,
it effectively mitigates false detections. In comparison to Harris, it exhibits fewer in-
stances of missed detection, demonstrated by its ability to detect leaf corners.

In summary, the improved algorithm displays significant superiority in terms of both
the quantity of accurate detections and the distribution of corners.

3.2 Robust Test

To verify the improved algorithm's advantage of robustness, five units of Gaussian
white noise are introduced to the image, then a detection is conducted.

Detection result with traditional FAST

Detect result with the improved algorithm

Detect result with traditional FAST algorithm{with Gauss noise) Detect result with the improved algorithm{with Gauss noise)
0

Fig. 3. Result comparison of the detection (with Gaussian noise) (Photo/Picture credit: Origi-
nal)

Table 1. Statics of the Gaussian Noise added to the image

Number Number with  False detection Missed detection
noise (by noise) (by noise)
FAST 309 42 3 266
Improved FAST 253 214 18 57

As is shown in Fig. 3 and Table 1, The detection result remains stable with Gaussian
noise added. In addition, only the location of a bit corners detected shifts. Also, the shift
range is not significant. In the improved algorithm, A detection rate of 7.4% is observed
among the corners identified in the original image, which is a great improvement
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compared with the 12.6% of the traditional FAST algorithm, proves that the improved
algorithm demonstrates strong robustness.

Furthermore, an image of the real-life scenario (an office full of objects) is detected,
aiming to take a further test of the robustness.

FAST detection in real scene

improved algorithm detection in real scene

Fig. 4. Comparison of the detection result in real-life scene (Photo/Picture credit: Original)

As is shown in Fig 4, in a real-life detection, the improved algorithm has the ability
to detect almost all of the corners. While the traditional FAST only detects part of them,
leading to lots of missed detection. The result proves the robustness of the improved
algorithm in a real-life scene.

3.3  Matching result comparison

Two images of a box (324*223 pixels) and the box in a scene shown are taken into
match with Harris, traditional FAST and improved FAST algorithms, The first image
(a box) is approximately fully contained within the second image (a scene with the box
in it). the result is as shown in Fig. 5.

Fig. 5. Matching result with Harris, traditional FAST, improved FAST (from top to bottom)
(Photo/Picture credit: Original)
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Table 2. Statics of the image matching result

Corners usable Corners repeated Corners mismatched
Harris 530 7 2
Traditional FAST 1621 9 9
Improved FAST 501 15 11

Fig. 5 shows the matching result by different algorithms and the Table 2 is the statics.
It is obvious that compared to traditional FAST and Harris detection algorithms, under
the same matching algorithm conditions, the improved FAST corner detection yields a
greater number of matches. With the KNN feature point matching approach, the im-
proved method detects a greater number of usable feature points. Moreover, it results
in a larger quantity of matched corner points. This proves that the method holds signif-
icant advantages in both feature extraction and corner point repeatability.

4 Conclusion

In this paper, an accurate and robust image matching method based on an improved
FAST algorithm is proposed. By incorporating a two-layer adaptive threshold mecha-
nism and modifying the corner judging template in image matching process, the algo-
rithm can detect various types of corners, resulting in enhanced robustness and accu-
racy.

The superiority of the improved algorithm over traditional FAST and Harris detec-
tion methods is proved by the experiment results. The improved algorithm outperforms
in both the quantity as well as distribution of identified corners. Furthermore, the algo-
rithm's robustness was verified through experiments involving Gaussian noise and real-
life scenarios, where it consistently maintained its accuracy in corner detection.

By adopting the improved FAST algorithm, the matching process benefits from an
increased number of usable feature points and better repeatability of corner points. This
signifies its potential for applications requiring real-time and accurate image matching
techniques.

However, constrained by the pixel-centric underlying logic, the algorithm remains
confined to a single-scale space, inevitably leading to susceptibility in complex corner
scenarios and significantly impacting the detection outcomes.

Although deep learning methods of computer vision develops prosperously, many
engineering fields still tend to traditional algorithms. Research in traditional algorithms
remains meaningful. The image matching method based on improved FAST algorithm
paves the way for numerous avenues of research and development in the field computer
vision.
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