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Abstract: Maintaining stable image feature extraction under viewpoint changes is challeng-
ing, particularly when the angle between the camera’s reverse direction and the object’s
surface normal exceeds 40 degrees. Such conditions can result in unreliable feature de-
tection. Consequently, this hinders the performance of vision-based systems. To address
this, we propose a feature point extraction method named Large Viewpoint Feature Ex-
traction (LV-FeatEx). Firstly, the method uses a dual-threshold approach based on image
grayscale histograms and Kapur’s maximum entropy to constrain the AGAST (Adaptive
and Generic Accelerated Segment Test) feature detector. Combined with the FREAK (Fast
Retina Keypoint) descriptor, the method enables more effective estimation of camera mo-
tion parameters. Next, we design a longitude sampling strategy to create a sparser affine
simulation model. Meanwhile, images undergo perspective transformation based on the
camera motion parameters. This improves operational efficiency and aligns perspective
distortions between two images, enhancing feature point extraction accuracy under large
viewpoints. Finally, we verify the stability of the extracted feature points through feature
point matching. Comprehensive experimental results show that, under large viewpoint
changes, our method outperforms popular classical and deep learning feature extraction
methods. The correct rate of feature point matching improves by an average of 40.1 percent,
and speed increases by an average of 6.67 times simultaneously.

Keywords: feature points; large viewpoint; ASIFT; AGAST; FREAK

MSC: 65D18

1. Introduction

Feature point extraction is a fundamental task in computer vision and plays a critical
role in supporting various applications based on feature point matching and recogni-
tion [1-5]. However, current methods for feature point extraction and description heavily
rely on neighborhood information, which becomes unstable under significant viewpoint
variations. Such variations cause substantial changes in the neighborhood information around
feature points, leading to unreliable feature extraction and, ultimately, matching errors.

To mitigate these challenges, affine-invariant feature extraction methods have been
proposed. These methods simulate affine transformations from multiple viewpoints to
approximate the camera’s perspective projection, thereby addressing neighborhood vari-
ation issues to some extent [6-9]. For instance, Morel et al. [6] applied affine simulation
transformations to images and constructed feature descriptors based on the neighborhood
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information of feature points. This approach improved the matching rate between similar
images before and after viewpoint changes, enhancing the stability of feature point extraction.

Despite these advancements, affine-invariant methods still face critical limitations.
Specifically, when the angle between the camera’s viewing direction and the surface normal
exceeds 40 degrees (referred to as a “large viewpoint” in this paper), the approximated affine
transformations increasingly deviate from the actual perspective projection as viewpoint
differences expand. This growing discrepancy causes a rapid deterioration in feature point
extraction stability under large viewpoint conditions. Moreover, the exhaustive strategies
used in current implementations, which simulate affine transformations from different
viewpoints, are computationally expensive and fail to fully compensate for the negative
effects of neighborhood changes.

Image feature point extraction consists of two parts: the feature point detector and
the feature point descriptor. The feature point detector first compares points in the image
and selects their surrounding regions, known as neighborhoods. Based on the neighbor-
hood information, it jointly constructs feature vectors to form feature point descriptors.
Researchers have provided many effective solutions to the problem of feature point ex-
traction under conditions of image distortion, noise, and illumination changes [10-13].
However, it is challenging to achieve stable feature point extraction under large viewpoint
changes [14,15].

In recent years, scholars have extensively studied affine-invariant feature point ex-
traction methods. These methods, based on local image features, aim to approximate the
extraction of image features under camera perspective transformations. The goal is to adapt
to viewpoint changes and improve the robustness of feature point extraction. Among these,
ASIFT (Affine-SIFT), proposed by Morel et al. based on SIFT (Scale Invariant Feature Trans-
form) [16], is widely recognized and currently best approximates the camera perspective
transformation. The core idea of ASIFT is to construct a set of affine transformations in
a discrete viewpoint space. By changing the longitude and latitude angles, it simulates
images under different viewpoint changes on the original image. However, this method
only uses affine transformation matrices to approximate the scene transformations between
two images. It does not truly model the camera’s perspective transformation.

Moreover, the ASIFT method uses SIFT for feature point extraction and requires
matching the feature points extracted from each affine-transformed image. This generates
a large number of duplicate points, inevitably leading to extra computational overhead
and reducing operational efficiency. Additionally, in recent years, many scholars have
introduced new feature point extraction methods based on affine simulation strategies.
These methods aim to improve the stability of feature point extraction in images from
different scenes under large viewpoint changes [17-20]. Some of these methods have
achieved certain improvements in speed compared to ASIFT. However, when performing
feature point matching under large viewpoints, the accuracy remains low and is sometimes
even reduced further, especially under large viewpoints.

To address this issue, we propose a feature point extraction method more suitable for
large viewpoints called LV-FeatEx. As far as we know, this is the first method that directly
targets feature point extraction in images with large viewpoints. The method first estimates
camera motion parameters under large viewpoint changes based on an optimized affine
simulation strategy. Then, it performs inverse perspective transformation on the images
using these camera motion parameters, reducing the perspective distortion between the
two images. Finally, it applies the SIFT method to extract and match feature points between
the two images. Comprehensive experiments verify the more advanced stability of our
feature point extraction.
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The advantages and innovations of our method are summarized into the follow-
ing aspects:

1.  Feature Point Detector Construction Constrained by a Dual-Threshold: We have
developed a detector that uses dual thresholds based on the image grayscale his-
togram and Kapur’s maximum entropy to constrain AGAST (Adaptive and Generic
Accelerated Segment Test) for feature point detection. This approach supports ho-
mography estimation and effectively enables more accurate estimation of camera
motion parameters.

2. Proposal of an Image Perspective Distortion Correction Method: We introduce a
method that constructs a sparser affine simulation transformation model. Using
our proposed camera motion parameter estimation method, we perform perspective
transformation on images. This not only improves operational efficiency but also
reduces the perspective distortion between the two images, enhancing the stability of
feature point extraction.

2. Related Work
2.1. The Local Region Normalization Method

The earliest methods of image feature point extraction, countering image viewpoint
changes, include Hessian-Affine [21], Harris-Affine [22], and MSER (Maximally Stable
Extremal Region) [23]. These methods achieved partial affine invariance by normalizing
associated local regions but were only suitable for tasks with small viewpoint variations.
To adapt to the task of extracting image feature points under larger viewpoint changes,
Morel et al. proposed ASIFT [6]. By exhaustively varying the longitude and latitude angles,
it simulates all possible image viewpoints. ASIFT is a milestone method in affine-invariant
feature point extraction methods. Compared with SIFT, Harris-Affine, Hessian-Affine,
and MSER, ASIFT can better accommodate larger viewpoint changes. SIFT constructs
descriptors based on gradient directions and magnitudes in the keypoint neighborhood.
Under large viewpoint changes, local gradient distributions undergo substantial shifts.
This often leads to descriptor failure. Although ASIFT directly uses SIFT as its feature
detector and descriptor, it inherits SIFT’s sensitivity to gradient variations under large
viewpoints. The lack of adaptive adjustments for affine-transformed image characteristics
results in excessive time complexity from affine simulation. Its ability to handle tilting
also remains limited. As a result, a series of improved feature point extraction methods
based on SIFT have been proposed, including PCA-SIFT (Principal Component Analysis-
SIFT) [24] and SURF (Speeded-Up Robust Features) [25]. To enhance the efficiency of
the ASIFT algorithm, Pang et al. [7] combined the SURF algorithm with ASIFT’s affine
simulation strategy. They proposed a faster, fully affine-invariant SURF (FAIR-SURF)
method. Although the efficiency of SURF in feature point extraction is higher than that of
SIFT, it still relies on floating-point descriptors, making it unsuitable for applications with
high real-time requirements. Moreover, these methods cannot extract stable feature points
when undergoing large viewpoint changes.

2.2. Intensity Feature Point Detector

To enhance the efficiency of feature point extraction, intensity feature detectors have
been proposed. Examples include SUSAN (Smallest Univalue Segment Assimilating Nu-
cleus) [26], FAST (Features from Accelerated Segment Test) [27], FAST-ER (FAST Enhanced
Repeatability) [28], and AGAST [29]. These methods simplify image gradient computations
by comparing the intensity of the central pixel with that of surrounding pixels. Among
these, AGAST is an improvement over FAST and is currently one of the best. It defines
two additional pixel brightness comparison criteria. AGAST improves the speed of fea-
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ture point extraction by searching for the optimal decision tree in an expanded structural
space. It also combines accelerated segmentation algorithms to maintain the accuracy of
existing methods. It performs better than FAST. However, the threshold in the AGAST
algorithm needs to be manually set, which limits its adaptability in different environments.
In addition, to achieve faster feature descriptor matching speeds, binary descriptors like
BRIEF (Binary Robust Independent Elementary Features) [30], ORB (Oriented FAST and
Rotated BRIEF) [31], BRISK (Binary Robust Invariant Scalable Keypoints) [32], FREAK (Fast
Retina Keypoint) [33], AKAZE (Accelerated-KAZE) [34], LATCH (Learned Arrangements
of Three Patch Codes) [35], and BEBLID (Boosted Efficient Binary Local Image Descrip-
tor) [36] have been proposed. Among these methods, FREAK performs better. It compares
image intensities sampled according to a human retina sampling pattern, achieving fast
computation and low memory cost while maintaining robustness to scaling, rotation, and
noise. However, most of these binary descriptor methods can only perform feature point
extraction under small viewpoint changes. Therefore, to more quickly extract invariant
features under large viewpoint changes, Ma et al. [16] combined the intensity-based FAST
feature detector and binary FREAK descriptor with the ASIFT affine simulation strategy;,
proposing the fully affine-invariant AFREAK (Affine-FREAK) algorithm. This allows the
FREAK descriptor to describe feature points under large viewpoint changes. FREAK's
fixed retinal sampling pattern cannot dynamically adapt to large viewpoint deformations.
This results in unpredictable bit flips in the binary descriptor, reducing robustness. Ad-
ditionally, AFREAK inherits ASIFT’s exhaustive search of affine parameters, leading to
high computational costs that fail to meet real-time requirements. Hou et al. [8] combined
the ORB algorithm with the ASIFT affine simulation strategy and proposed the AORB
(Affine-ORB) algorithm; however, it still suffers from the limitations of the manually set
threshold in the ORB feature detection algorithm. In summary, methods that improve
ASIFT using intensity-based feature detectors and binary descriptors have achieved some
speed improvements but at the expense of accuracy. This is especially problematic under
large viewpoint changes, where the issue of high computational time for image feature
point extraction becomes even more severe. Moreover, the inherent vulnerability of binary
descriptors to geometric deformations makes it difficult to maintain stable feature matching
under large viewpoint transformations.

2.3. Deep Learning Feature Point Extraction Methods

In recent years, with the rapid development of deep learning, researchers have pro-
posed many learning-based feature point extraction methods [37-40]. However, when
extracting feature points under large viewpoint changes or in scenes with severe deforma-
tions, existing convolutional neural network (CNN)-based methods face challenges. Due to
perspective transformations caused by camera motion, the local features to be extracted are
altered. As a result, deep convolutional techniques struggle to describe the spatially stable
relationships between two similar features under large viewpoint changes [41].

3. Methodology
3.1. Overview of Framework

Existing methods for extracting feature points under large viewpoint changes share a
common characteristic: they require exhaustive extraction of feature points from a large
number of images taken from different viewpoints. Then, they search for similar images to
perform feature point matching. This leads to extremely high time complexity, and even
more inaccuracy because of the error propagation. The core motivation of our framework
lies in addressing the trade-off between computational efficiency and robustness in large
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viewpoint changes by integrating sparse affine simulation with adaptive thresholding,
which distinguishes our method from existing brute-force matching approaches.

If the transformation matrix between the two images was known in advance, it could
directly replace the exhaustive matching process. This would improve both the speed
and accuracy of the method. To this end, we draw on the idea of affine simulation from
ASIFT. While ASIFT achieves affine invariance through dense sampling, its computational
redundancy limits practical applicability. Our key innovation lies in redesigning the
sampling strategy to balance coverage and efficiency, which is critical for real-time scenarios.
By sparsely optimizing the longitude sampling points in the affine simulation, we estimate
the transformation matrix between images. Using this matrix, we align the perspective
distortions between the two images with viewpoint changes. This effectively eliminates
the viewpoint transformation between images, enhancing the stability of feature point
extraction under large viewpoint changes.

The overall framework of our method is shown in Figure 1. It includes four com-
ponents: affine simulation optimization, adaptive feature point detector construction,
perspective distortion alignment, and feature point matching verification. The uniqueness
of our framework stems from the synergistic design of these components: (1) affine simula-
tion optimization reduces redundancy while preserving critical viewpoints, (2) adaptive
thresholding dynamically balances feature quantity and quality, (3) perspective distortion
alignment leverages homography estimation for distortion correction, and (4) SIFT-based
verification ensures robustness. This integration addresses limitations of isolated module
improvements in prior works.

Affine Simulation Optimization Adaptive Feature Point Detector Construction

source image

O

AGAST method for adaptive thresholding

Calculate threshold 7, through

image grayscale histogram

Longitude
sampling
optimization

oo 1S Output feature
|1,7ax;;(lmfl,m)| ity }_

Lapur maximum entrop AGAST feature
method to caleulate 7> detection

i

- “Threshold
T, = = argmax H
’ 2 =HE d{.%w 'x ® selection strategy|

Perspective Distortion Alignment

I Output homography
{ matrix H by

RANSAC

Perspective transformation

Figure 1. Technical Framework Diagram of the Method.

First, based on the affine simulation strategy, we designed a sparser affine simulation
model by adjusting the step size of longitude sampling. Then, utilizing the grayscale
information of the images and incorporating Kapur’s maximum entropy method, we
designed an adaptive AGAST [29] feature point detector that supports dual thresholds.

Next, based on the FREAK [27] descriptor, we used the homography matrix H. This
matrix, generated by the Random Sample Consensus (RANSAC) algorithm [42], was used
to perform an inverse perspective transformation on the source image. Finally, by applying
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the inverse of the homography matrix, we transformed the SIFT matching points from the
transformed image back to the original image, thereby verifying the stability of feature
point extraction.

Below are descriptions of the details of each part, including affine simulation opti-
mization, adaptive feature point extraction, perspective distortion elimination, and feature
point matching verification.

3.2. Affine Simulation Optimization

Affine-invariant feature point extraction can be considered an extension of scale-
invariant feature point extraction to handle non-uniform scaling and tilting. This means that
there are different scaling factors in two orthogonal directions, and angles are not preserved.

Non-uniform scaling not only affects position and scale but also the local feature
structures of the image. Therefore, scale-invariant feature point extraction methods fail
under significant affine transformations.

The affine camera model is represented by the matrix shown in Equations (1)—(6).

A=B-C-D-E-F (1)
1 0 tx

B=10 1 t (2)
00 1

cosyp —sinyp O

C=|—sinyp cosyp O )
0 0 1
s 00
D=10 s 0 (4)
0 01
|1/cosf| 0 O
E= 0 1 0 )
0 01
cos¢p —sing O
F=|sing cos¢p O (6)
0 0 1

tx and ty are the translation variables in the x and y directions, ¥ is the camera’s
rotation variable, s is the uniform scaling factor, ¢ is the longitude, and 6 is the latitude.
These two variables define the direction of the camera’s principal optical axis.

Therefore, the viewpoint changes caused by camera movement when capturing the
same object can be approximated with an affine transformation model. This model helps
simulate the effects of different viewpoints. By adjusting the latitude and longitude angles,
the affine transformation simulates images from different viewpoints. The observation
hemisphere of these angles is shown in Figure 2. The black dots in the figure represent
sampling points at various latitudes and longitudes. Corresponding simulated images
with affine deformation can be generated based on the affine matrix. Refer to the following
description for the sampling rules of the latitude angle 6 and longitude angle ¢.
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Figure 2. Observation Hemisphere Diagram for Affine Simulated Sampling (Only show t = 2, 2v/2, 4).

1. The latitude angle 6§ = arccos(1/t), where 6 and t have a one-to-one correspondence.
The tilt corresponding to 6 canbe t =1, a, a?..., a" witha = /2;

2. The longitude angle ¢ and f have a one-to-many relationship, with ¢ = 72°/t. kis a
positive integer that satisfies ¢ < 180° and A¢ = 72° /1.

Based on the one-to-many relationship between the parameter t and the longitude
angle ¢, it can be seen that the value of ¢ significantly affects the time complexity of
affine transformations. When t € [\@, 2, 2v/2, 4, 4\@], the sampling points before
optimization are shown in Figure 3a, where the values of A¢ at different latitudes are
A¢p = 50°, 36°, 25°, 18°, 12°, with a total of 42 sampling points. For affine simulation,
the smaller the value of A¢, the more identical information is contained in the simulated
images, and the more feature points can be extracted from the simulated images, resulting
in more matched feature points.

. e o

(b)

Figure 3. Top View of Simulated Sampling Points. (a) Affine Simulated Sampling Points Used in
ASIFT; (b) Simulated Sampling Points of the Proposed Method.

However, since this paper applies affine simulation to estimate camera motion param-
eters under large viewpoint changes, it is not necessary to have a large number of matching
points during this process. Having too many feature points would create redundancy in the
feature information and increase computational cost. This would not significantly improve
the estimation of camera motion parameters. The goal of the affine simulation optimization
strategy in this section is to enhance the efficiency of feature point extraction during affine
simulation. It also aims to cover as many different viewpoints as possible, supporting
efficient camera motion parameter estimation under large viewpoint changes.

Therefore, to balance the accuracy and time complexity of the feature point extraction
method in this paper, the step size for longitude sampling is increased to reduce redundant
sampling points and achieve optimization. The optimized 12 sampling points are shown in
Figure 3b, where the values of A¢ at different latitudes are A¢ = 181°, 128°, 90°, 64°, 45°
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The one-to-many relationship between the optimized t and A¢ can be expressed as:
Ay = 256°/t.

As shown in Figure 3b, optimizing the longitude sampling significantly reduces the
number of simulated viewpoint samples. Despite this reduction, the optimized sam-
pling still effectively covers the affine simulations of different viewpoints. It meets the
requirements for camera motion parameter estimation and reduces the computational time
overhead of affine simulation.

3.3. Adaptive Feature Point Detector Construction

In this section, we utilize AGAST [29] for feature point detection. In AGAST, the
threshold represents the minimum contrast between potential feature point locations and
their surrounding pixels. A higher threshold leads to fewer detected feature points; con-
versely, a lower threshold results in more feature points. Because the AGAST algorithm
requires manual threshold setting, these fixed thresholds cannot meet the demands of
different scenarios. To address this issue, we introduce a dual-threshold constraint dur-
ing feature point extraction. This approach enables adaptive threshold setting for the
AGAST algorithm and simultaneously extracts initial feature points to support subsequent
homography matrix estimation.

3. Setting of Threshold T,

We determine the dynamic threshold T of the AGAST algorithm based on the degree
of variation in image grayscale contrast. Specifically, we first set the vertical axis range of
the histogram. This range represents the frequencies of different grayscale values. It was
set to [0, 255] as the basis for calculating the threshold in the next step. This serves as the
basis for calculating the threshold in the next step. Then, we sample the i grayscale values
that appear most frequently and least frequently. The dynamic threshold Tj is defined as
shown in Equation (7).

n
Ty =ax ig(l,-mx ~ L) 7)
i=

where I; . and I; i = (1,2,3,...,n) represent the i grayscale values that appear the

Imax

least and the most in the image, respectively, and a is the proportional coefficient. In the
experiments of this paper, # is set to 10, and a is set to 0.3.

4.  Setting of Threshold T,

It is insufficient to merely use the variation in image grayscale values as a threshold
constraint for the AGAST algorithm. When an image has weak texture features but strong
brightness variations, relying solely on the grayscale histogram to set the AGAST threshold
can result in unreasonable threshold settings. This may lead to an insufficient number
of feature points being detected. Therefore, we introduce a dynamic threshold T, to
further constrain the AGAST algorithm’s threshold. We adopt Kapur’s maximum entropy
method [43,44] to determine T5. This method uses conditional probabilities to describe the
grayscale distributions of the image’s foreground and background, thereby defining their
respective entropies.

In the following, we use an 8-bit grayscale image as an example for illustration.
Accordingly, the grayscale range in this algorithm is represented as (0, 1, ..., L — 1),
where L = 256. The image is divided into foreground and background based on a thresh-
old. The foreground consists of pixels with grayscale values greater than or equal to the
threshold, while the background comprises pixels with grayscale values less than the
threshold. Therefore, each pixel in the image belongs either to the foreground or to the
background. Therefore, under the threshold T, the image is divided into two subclasses
Sy =1{0,1,..., t}and Sf= {t+1, ..., L —1}. At this point, the entropy of the image in-
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cludes the background entropy component H(S;) and the foreground entropy component
H(Sy), as shown in Equations (8) and (9)

H,
H(Sy) = =- +InP, (8)
Py
Hy, — H;
H(Sf) = 1B +In(1—-P) )
L-1 t
where H, is the entropy of the image, defined as H, = — Y, p;Inp;, P = ) p; and
i=0 i=0
t
H; = — Y piInp,. p; represents the probability density p; = §. N represents the total
i=0
L-1
number of pixels, N = ) n;. n; represents the number of pixels with a grayscale value
i=0

of i.
H(t) = H(Sp) + H(S¢)

_ 10
=InPi(1-P)+ 5t + 5t (10)

Equation (10) represents the entropy of the entire image under a certain threshold
segmentation. Using the image histogram, the maximum entropy for image threshold
segmentation is calculated. The algorithm traverses the grayscale range of the image (0
to 255), computing the entropy value at each grayscale level. The threshold value T is
the one that maximizes the entropy H of the image. This threshold T is then selected

for segmentation. That is T = arg max H(t), where the optimal threshold T, is given by
0<t<L-1
Equation (11).

Th=axT (11)

where 4 is the proportional coefficient. Since the threshold of the feature points is related to
the image contrast, Kapur’s maximum entropy method is used to identify the points where
the grayscale variation in the image is most significant.

Suppose the coordinates of a pixel on the image are (x,y), and the grayscale value at
that point is I(x, y). In the AGAST algorithm, the pixel will only be selected as a feature
point if the grayscale values of the n (n = 16) pixels on the Bresenham circle around it are
all greater than I(x,y) + T or all less than I(x,y) — T (where T is the threshold, set as T} or
T, in practical applications).

It is worth noting that the affine simulation strategy proposed by Morel et al. [7] only
varies two variables in the affine transformation matrix. This requires that the feature point
extraction algorithm used in affine simulation must satisfy the remaining four degrees
of freedom in the model. Since the SIFT algorithm possesses translation, rotation, and
scale invariance, ASIFT achieves full affine invariance. Similarly, the binary descriptor
FREAK also has strong translation, rotation, and scale invariance. Therefore, in this paper,
we use the adaptive AGAST feature detection method combined with the FREAK feature
descriptor. This combination highlights the adaptive nature of the initial feature point
extraction. Moreover, our algorithm significantly outperforms the ASIFT algorithm in
terms of execution efficiency.

3.4. Perspective Distortion Alignment

Unlike existing methods based on affine simulation strategies, in this subsection we
first estimate the camera motion parameters between two image frames. Then, we eliminate
the perspective distortion between the images to reduce the impact of viewpoint changes.
Finally, we perform extraction and matching of the final feature points on images adjusted
for the new viewpoint relationship.
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To estimate the camera motion parameters between two images, it is necessary to
detect at least four pairs of matching feature points sufficient to solve the homography
matrix. Therefore, in the camera motion estimation stage, the extracted feature points (initial
feature points) are required to be successfully matched, and the matching points should be
few but precise. This goal is achieved by combining the previously optimized longitude
simulation sampling model and an adaptive-threshold AGAST detector. Specifically, we
use the adaptive AGAST feature detector for initial feature point detection. These points
are then described and matched using the FREAK descriptor, enabling rapid estimation of
camera motion parameters.

Perspective transformation is based on the pinhole imaging principle used in conven-
tional cameras. It maps objects from the world coordinate space to the image coordinate
space. The inverse perspective transformation is its reverse operation. Perspective transfor-
mation can more accurately reflect the viewpoint changes between two images captured
during camera motion. Assuming the camera moves from the viewpoint position of the
matched image to that of the source image, the perspective transformation between the
two images can be performed based on the homography transformation matrix between
them. This provides a reliable opportunity for distortion correction.

Therefore, we estimate the camera’s perspective transformation parameters based
on affine simulated sampling. This approach is equivalent to obtaining a more precise
3 x 3 perspective transformation matrix from matched point pairs derived from 13 pairs of
simulated views, each using 2 x 3 affine transformation matrices. Therefore, we can utilize
the initial feature point correspondences obtained through the affine simulation strategy.
Using the homography matrix generated by the RANSAC algorithm with findHomogra-
phy() in OpenCV, we perform an inverse perspective transformation on the target image.
This allows us to achieve perspective alignment between the two images.

3.5. Feature Point Extraction and Matching Verification

By aligning the perspective-distorted images in Section 3-D, we obtained a new view-
point relationship. This alignment reduces or effectively eliminates the inconsistencies
between the two images caused by viewpoint transformations. Consequently, the stability
of matching based on feature point descriptors is enhanced. Furthermore, we selected SIFT,
considered the “gold standard” [45], to perform feature point extraction and matching
verification on the image pairs with the new viewpoint relationship.

Since one image from the source image underwent an inverse perspective transforma-
tion relative to another image (as shown in Figure 4), the viewpoint relationship between
the original image pairs has changed. The original viewpoint correspondence and the
new viewpoint correspondence are shown in Figure 4a,b, respectively. As a result, the
two images in the new viewpoint pair are effectively aligned under the same perspective
transformation standard (by multiplying with the inverse homography matrix H ). This
alignment enhances the stability of feature extraction and matching.

Figure 4. Example of Viewpoint Transformation Correspondence. (a) Original Viewpoint Relation-
ship; (b) New Viewpoint Relationship.
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4. Experimental Results and Analysis
4.1. Complexity Theory Analysis

We compare the proposed method with SIFT, ASIFT, and AFREAK algorithms in terms
of time complexity.

Assume the input image size is W x H, the number of feature points is #, the number
of sampling points for a single image in ASIFT is k¢, and the number of sampling points
after affine simulation optimization using our method is kop;.

The SIFT algorithm involves two stages of feature extraction and one brute-force
matching process. The computational cost of SIFT feature extraction and matching is
expressed in Equation (12).

Tsirr = 2- O(WH1log WH) + O(n?) (12)

The ASIFT algorithm involves multiple affine simulations and SIFT processing
steps. The computational cost of ASIFT feature extraction and matching is expressed in
Equation (13).

TasirTr = Zkorig : O(WHIOg WH) + korig2 : O(nz) (13)

The AFREAK algorithm involves FAST keypoint detection, affine simulation, and
FREAK descriptor generation. The computational cost of AFREAK feature extraction and
matching is expressed in Equation (14).

Tarreak = O(WH) + O(n) + O(n?) (14)

Based on the sampling rules and experimental settings of this paper, the actual com-
putational cost of the proposed method is expressed in Equation (15).

Tour = O(kopt - WH1og WH) + O (kop - n%) + O(m - 1) (15)

Compared to ASIFT, the proposed method demonstrates significant superiority in
terms of time efficiency. It greatly simplifies the steps and reduces the time required for
feature extraction and matching, resulting in a lower computational cost and significantly
improving the method’s real-time performance. The experimental results are consistent
with our analysis.

Compared to AFREAK, the proposed method reduces affine simulation complexity by
decreasing the number of sampling points. By employing dynamic threshold control and
using an adaptive AGAST detector, it reduces redundant feature points 7, alleviating the
actual cost of O(n?). Additionally, geometric alignment acceleration, combined with inverse
perspective transformation and RANSAC, further enhances matching efficiency. The
experimental results validate the correctness of the theoretical analysis and the effectiveness
of the optimization strategies.

4.2. Datasets

The experiment in this paper uses the HPatches dataset [46], specifically the image
set with viewpoint variations (providing up to 60° of viewpoint changes). This dataset
presents images of various real-world scenes under different viewpoint transformations.
Each HPatches image set consists of six images in sequence. All subsequent images are
transformations of the first image, with each having a different degree of viewpoint change
relative to the first. For the v_graffiti and v_bricks image subsets, HPatches draws from the
Oxford Affine Dataset [47], where the images are generated by gradually increasing the
tilt angle from 10° to 60°, thereby introducing challenges to feature point extraction. For
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the v_adam, v_bird, and v_grace image subsets, HPatches applies three settings—EASY,
HARD, and TOUGH—to challenge feature detection.

To test the impact of larger viewpoint changes on the method, this paper also uses
the Morel dataset [7] to measure the amount of distortion between one view and another.
The data collection process is shown in Figure 5. This dataset includes two sampling
methods: absolute tilt sampling, which provides images with viewpoint changes up to 80°,
and transitional tilt sampling, which provides images with viewpoint changes up to 90°.
Specifically, in the absolute tilt sampling shown in Figure 5a, the viewpoint angle between
the camera’s optical axis and the object’s surface normal changes from 0° (front view) to
80°, with intervals between 1 and 10°. In the transitional tilt sampling shown in Figure 5b,
the distance and latitude angle 6 are fixed, while the longitude angle ¢ is varied from 0° to
90° during the image capture process.

Zoom xl x1 Zoom
x10 | x10

BBy a0
o 5! E
@/ L
Ja. %
| . r, , ’
(a) (b)

Figure 5. Examples of Absolute Tilt and Transitional Tilt Camera Sampling. (a) Absolute Tilt Sampling;
(b) Transitional Tilt Sampling.

4.3. Evaluation Metrics

This paper uses the following evaluation criteria: Number of Feature Point Matches
(NFPM), Correct Matching Rate (CMR), Root Mean Square Error (RMSE) and the overall
execution time of the method.

1.  Number of Feature Point Matches

The NFPM is used as an indicator to evaluate the robustness of the proposed feature
point extraction method. In this paper, it refers to the number of feature point matches
obtained after outliers are removed through the ratio test and the RANSAC algorithm.

2. Correct Matching Rate

CMR is defined as the ratio of correctly matched points to the total number of feature

point matches, as shown in Equation (16).
correct matches
CMR = T NEFPM (16)

where correct matches refer to the correctly matched points based on homography estima-
tion, and NFPM refers to the number of feature point matches.

In addition, the correct matches are calculated using the given ground truth matrix H.
Let (x,y) and (¥, 1) be the matching point pairs. According to the dataset’s given ground
truth matrix H, they are evaluated using Equation (17). When the pixel error between the
matching points after homography estimation projection is less than /3, the matching
point pair is considered correct.

(Hx' —x)*+ (Hy —y)* <3 (17)
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where (x,y) and (x',y’) are the matching points in the images, and H is the ground
truth matrix.

3. Root Mean Square Error

RMSE refers to the precise error value for each pair of matched points at the pixel
level [48]. Let (x;,y;) and (x;/, ;) be the coordinates of the i-th matched feature point pair.
The calculation of RMSE is shown in Equation (18).

1 NFPM

RMSE =\ | NFpM

L [(x; — %)* + (yi — 5)°] (18)

where (X;, J;) represents the coordinates of (x;/,y;") after transformation using the ground
truth matrix.

4. Overall execution time

The overall execution time of the method was used as the evaluation index of the
performance of the algorithm. In order to reflect the stability of the experimental results,
the algorithm was executed 10 times for each pair of images and the average value was
taken as the final result.

4.4. Experimental Results

Figure 6a,b shows the trends in the NFPM and CMR of the proposed method across
different image sets as the viewpoint changes. The experimental results, evaluated using
RMSE and overall method execution time on different image sets, are shown in Figure 6¢,d.
The RMSE represents the cumulative value across images with different viewpoints in the
entire image set. The experimental results on the HPatches dataset, evaluated using CMR
and overall method execution time, are shown in Figure 7.
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Figure 6. Comparison of Evaluation Metric Changes on the HPatches Dataset. (a) NFPM; (b) CMR;
(c) RMSE; (d) Overall Execution Time.
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Figure 7. NFPM Experimental Results on the Morel Dataset. (a) Absolute Tilt; (b) Transitional Tilt.

As shown in Figure 6a, although the NFPM decreases as the viewpoint angle increases
in the HPatches image set, there are still enough matching point pairs. Combining the
CMR in Figure 6b and the RMSE values in Figure 6¢, it can be seen that the proposed
method achieves both a high CMR and high accuracy. From Figure 6b, it is evident that, in
most scenarios with viewpoint changes, the method demonstrates relatively stable CMR
performance as the viewpoint angle increases. Even under large viewpoint changes, the
method performs well.

From Figure 6d, it can be observed that, as the viewpoint changes, the overall runtime
of the method remains roughly consistent at each image tilt angle. However, for certain
images, the overall runtime differs significantly compared to other images.

For example, when processing images from the v_graffiti dataset at a 60° tilt angle,
the overall runtime of the method is significantly higher compared to images at other
viewpoints. This is because the adaptive threshold settings of AGAST vary on images with
different grayscale characteristics. Specifically, at a 60° tilt in the v_graffiti dataset, a lower
AGAST feature point detection threshold is set due to the grayscale properties of the images.
This leads to an increase in the NFPM and consequently extends the overall runtime of the
method. In the case of the v_bird dataset at a 60° tilt angle, the CMR decreases noticeably,
and the runtime also decreases. This is because the similarity between the tilted images
and the original images in the v_bird dataset drops sharply at 60°, resulting in a reduction
of the NFPM.

The following experiment is conducted on the Morel dataset. Since the dataset itself
does not provide a ground truth matrix, only the NFPM and the overall execution time
of the method are evaluated. The NFPM as the viewpoint changes is shown in Figure 7.
Additionally, the average overall execution time of the proposed method is 233.9 ms for
absolute tilt and 237.55 ms for transitional tilt.

4.5. Ablation Study

In this subsection, two types of comparisons were conducted in the ablation experi-
ments. First, we compared the effects of setting different thresholds for AGAST within our
method to those of our adaptive AGAST threshold. Second, we evaluated the impact on
our method’s performance with and without the application of affine optimization. The
experiments were conducted on the v_graffiti image set from the HPatches dataset.

First, we observe the impact of setting different AGAST thresholds during the camera
motion parameter estimation stage on the CMR and the method’s overall execution time.
The thresholds tested were 35, 40, 45, 50, and 55, as well as the adaptive threshold used
in this paper. The experimental results under different evaluation criteria are shown in
Table 1.
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Table 1. Comparison of Evaluation Metric Values for Different AGAST Threshold Settings.

AGAST Threshold

NFMP1 CMR?T RMSE| Overall Execution Time (ms)/

35

40

45

50

55
Adaptive

3364 91.33% 4731 485.38
3408 93.13% 4.722 492.28
3443 93.66% 4.575 453.93
3475 92.30% 4.644 441.22
3301 91.57% 4.768 417.41
3375 93.73% 4.535 399.44

Bold values denote the optimal results under the same experimental conditions. Arrows indicate desired direction
of metrics (1: higher is better, |: lower is better).

The threshold of the AGAST feature detector affects both the CMR and the method’s
overall execution time. A lower threshold increases the NFPM that needs to be calculated,
thus increasing the overall execution time. Raising the threshold beyond 45 has little effect
on the overall execution time. However, the CMR decreases noticeably at thresholds of 35
and 55. The adaptive threshold used in this paper achieves optimal performance in terms
of both CMR and overall execution time.

As shown in Table 1, setting different thresholds for the AGAST detector has varying
impacts on CMR and the overall execution time of the method. From the perspective
of execution time, the larger the threshold, the shorter the time required. However, the
effect on CMR is not directly proportional, making it difficult to manually find an optimal
threshold for the AGAST feature detector. In contrast, the adaptive threshold designed in
this paper achieves optimal performance in both execution time and CMR. Therefore, the
adaptive AGAST threshold strategy proposed in this paper holds significant importance.

To accurately assess the effectiveness of the affine simulation optimization strategy,
we design two sets of experiments: the Affine Simulation Optimization Application Group
and the Affine Simulation Optimization Ablation Group. In the application group, the
complete method is implemented, including affine simulation optimization. In contrast,
the ablation group uses an unoptimized affine simulation strategy. All other conditions
between the two experiments are kept consistent to ensure the reliability and comparability
of the results.

This paper comprehensively evaluates the performance of the method in the two ex-
perimental groups, focusing on the evaluation metrics such as the NFPM, CMR, RMSE, and
the method’s overall execution time. The experimental results for the different evaluation
criteria are shown in Table 2. It can be observed that after applying the affine simulation
optimization the NFPM remains almost unchanged, while RMSE decreases. The affine
simulation optimization strategy used in this paper significantly reduces the method’s
overall execution time and improves CMR.

Table 2. Comparison of Evaluation Metric Values Based on Whether Affine Simulation Optimization
is Applied.

Method

NFMP1 CMR7?T RMSE| Overall Execution Time (ms)/

Performing Affine Simulation 3375 93.73% 4.536 395.14

Without Affine Simulation

3422 92.55% 4.708 1244.58

Bold values denote the optimal results under the same experimental conditions. Arrows indicate desired direction
of metrics (1: higher is better, |: lower is better).

Overall, the proposed affine simulation optimization strategy improves both execution
time and CMR compared to the original strategy. The NFPM remains almost unchanged,
even as the viewpoint angle of the images varies. Therefore, the affine simulation optimiza-
tion strategy proposed in this paper holds significant importance.
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4.6. Parameter Variation Experiment

This section’s parameter variation experiment involves setting different values for
the feature point detection threshold parameter a in the proposed method. The goal is to
explain why a is set to 0.3 in this paper. The experiment is conducted on the v_graffiti
image set from the HPatches dataset.

To investigate the impact of setting different values for a in the proposed method,
a parameter variation experiment was conducted on the v_graffiti image set. The main
evaluation metrics considered were the NFPM, CMR, RMSE, and the method’s overall
execution time. The experimental results for different evaluation criteria are shown in
Table 3. The values of a were tested from 0.1 to 0.9 to observe their effect on the final feature
point extraction results.

Table 3. Comparison of Evaluation Metric Values for Different a Settings on the v_graffiti Image Set.

Parameter a NFMP1 CMR?T RMSE| Overall Execution Time (ms)/
a=0.1 3371 92.68% 4.709 773.72
a=0.2 3410 93.47% 4.644 687.24
a=0.3 3375 93.72% 4.535 395.14
a=04 3289 92.13% 4.691 566.59
a=0.5 3482 91.59% 4.732 593.50
a=0.6 3338 91.83% 4.794 567.25
a=0.7 3246 92.65% 4.822 573.81
a=0.8 3311 92.71% 4.633 606.64
a=09 3423 92.74% 4.676 576.03

Bold values denote the optimal results under the same experimental conditions. Arrows indicate desired direction
of metrics (1: higher is better, |: lower is better).

As seen from Table 3, as a increases, the overall execution time first decreases and
then increases. This is because when a = 0.1, 2 = 0.2, and a = 0.3, the T; threshold is used.
When a exceeds 0.3, the T, threshold is applied, leading to feature point extraction using
two thresholds, which increases the time cost. Based on the data in Table 3, the method
performs optimally when a = 0.3, and thus this value is selected as the threshold parameter
in this paper.

4.7. Experimental Comparison and Analysis

In this section, a comparative analysis is conducted between the proposed method and
several other methods, including ASIFT [6], SIFT [10], AKAZE [34], BRISK-LATCH [35],
AFREAK [16], SuperPoint [38], ORB-BEBLID [34], and RIFT [3]. Among these, SuperPoint
is a CNN-based method, and the pretrained model provided in the original paper (Outdoor)
is used for the network. For this comparison, the classic v_graffiti and v_grace image sets
were selected to evaluate the methods.

4.7.1. Matching Results Under Different Viewpoints

First, Figure 8 shows a comparison of the matching results for different methods
under a 60° viewpoint in the v_graffiti image set from the HPatches dataset. It also
presents the results under an 80° viewpoint in the absolute tilt image set from the Morel
dataset. For the v_graffiti image set, yellow lines represent correct matching point pairs,
while blue lines represent incorrect matches. For the Morel image set, since no validation
matrix is provided, only the matching points are shown using yellow lines. From the
matching result comparison in Figure 8, it can be observed that the ASIFT and AFREAK
methods show an excessive concentration of feature points, with many redundant points
included. In contrast, the feature points extracted by the proposed method are more evenly
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distributed. Additionally, under a 60° viewpoint change, methods like SIFT, AKAZE,
ORB-BEBLID, and RIFT perform poorly or even fail to match. Although the SuperPoint
method appears to have enough matching points, many of them are incorrect. In terms of
matching performance, the feature points extracted by the proposed method are superior
in both the uniformity of point distribution and the number of correct matches. Moreover,
the proposed method performs exceptionally well under large viewpoint changes.

ORB-BEBLID RIFT Ours

Figure 8. A comparison of feature point extraction and matching results on datasets under different
viewpoints. The evaluated methods include ASIFT [6], SIFT [10], AKAZE [34], BRISK-LATCH [35],
AFREAK [16], SuperPoint [38], ORB-BEBLID [34], and RIFT [3]. In the first row, the HPatches dataset
is used with a maximum viewing angle of 60 degrees. In the second row, the Morel dataset is used
with a maximum viewing angle of 80 degrees. In the figures, blue lines indicate incorrect matches,
while yellow lines represent correct matches.

4.7.2. Experimental Results Using CMR Metric

Figure 9 shows the experimental results from the v_graffiti and v_grace image subsets
of the HPatches dataset, using CMR as the evaluation metric. The line charts in Figure 9a,b
illustrate the variation in CMR across different methods as the viewpoint changes in
the v_graffiti and v_grace image sets. Figure 10 reflects the change in the NFPM as the
viewpoint changes. Tables 4 and 5 present a comparison of the average CMR, total NFPM,
RMSE, and the overall execution time of different methods on the v_graffiti and v_grace
image subsets. In the tables, if RMSE is marked with an asterisk (¥), it indicates that the
method failed to match certain image pairs in that image set.
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Figure 9. CMR Experimental Results of Different Methods on the v_graffiti and v_grace Image Sets.

(a) v_graffiti Image Sets; (b) v_grace Image Sets.
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Figure 10. NFPM Experimental Results of Different Methods on the v_graffiti and v_grace Image

Sets. (a) v_graffiti Image Sets; (b) v_grace Image Sets.

Table 4. Comparison of Evaluation Metric Values for Different Methods on the v_graffiti Image Set.

Method NFMP1 CMRT RMSE| Overall Execution Time (ms)/
ASIFT [6] 3805 (1) 78.35% 7.276 2996.69
SIFT [10] 1364 76.32% * 201.40 (2)
AKAZE [34] 934 41.76% * 123.82 (1)
BRISK-LATCH [35] 515 24.12% * 704.87
AFREAK [16] 3751 (2) 87.17% 6.284 1206.10
ORB-BEBLID [34] 1559 44.72% * 384.10 (3)
RIFT [3] 63 5.0% * 9949.10
SuperPoint [38] 2921 56.00% 16.184 3046.24
Ours 3375 (3) 93.73% 4.536 395.14 (4)
Bold values denote the optimal results under the same experimental conditions. Arrows indicate desired direction
of metrics (1: higher is better, |: lower is better). If RMSE is marked with an asterisk (*), it indicates that the
method failed to match certain image pairs in that image set.
Table 5. Comparison of Evaluation Metrics for Different Methods on the v_grace Image Set.
Method NFMP1 CMR7?T RMSE| Overall Execution Time (ms)/
ASIFT [6] 6852 81.68% 6.612 8772.15
SIFT [10] 3220 49.67% * 643.63 (3)
AKAZE [34] 2202 41.76% * 123.82 (1)
BRISK-LATCH [35] 1482 24.12% * 704.87 (4)
AFREAK [16] 5578 84.42% 5.988 1863.34
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Table 5. Cont.
Method NFMP1 CMR?T RMSE| Overall Execution Time (ms)/
SuperPoint [3] 4938 76.90% 12.793 4767.56
ORB-BEBLID [38] 2888 67.80% * 402.51 (2)
RIFT [34] 706 57.14% * 14,473.2
Ours 6895 81.68% 3.237 712.52 (5)

Bold values denote the optimal results under the same experimental conditions. Arrows indicate desired direction
of metrics (1: higher is better, |: lower is better). If RMSE is marked with an asterisk (*), it indicates that the
method failed to match certain image pairs in that image set.

4.7.3. CMR Performance Analysis

As shown in Figure 9, in the v_graffiti and v_grace image sets, the SIFT, AKAZE,
BRISK-LATCH, and ORB-BEBLID methods perform well when the viewpoint change is
small, with their best performance at a 20° viewpoint change. However, as the viewpoint
angle increases, the CMR rapidly decreases, eventually reaching zero. RIFT performs
poorly on the v_graffiti image set. ASIFT and AFREAK, due to their affine invariance,
maintain relatively stable performance under viewpoint changes, but their CMR is lower
than SIFT when the viewpoint change is small. SuperPoint can successfully match under
large viewpoint changes, but its overall CMR is relatively low.

In contrast, the proposed method achieves an even higher CMR compared to SIFT,
AKAZE, BRISK-LATCH, and ORB-BEBLID under small viewpoint changes. It also main-
tains a high CMR under large viewpoint changes. From the average CMR metrics in
Tables 4 and 5, the proposed method demonstrates the best performance among the com-
pared methods, with more stable and reliable results.

4.7.4. NFPM Performance Analysis

As shown in Figure 10, SIFT, AKAZE, BRISK-LATCH, and ORB-BEBLID methods
have a relatively high NFPM (Number of Feature Point Matches) at 20° and 30° viewpoint
changes. However, as the viewpoint angle increases, the NFPM rapidly decreases, and
feature point matching fails at 50° and 60° viewpoints. Although ASIFT and AFREAK
methods have a higher NFPM than the proposed method in the first two images of the
v_gralffiti dataset, their NFPM also drops quickly as the tilt angle of the image increases.
While the SuperPoint method maintains a relatively stable NFPM as the viewpoint changes,
its match count is lower than that of the proposed method, and the matching examples
show many incorrect matches.

The proposed method exhibits a more gradual decrease in the NFPM as feature point
extraction becomes more challenging. It maintains enough matching points even under
maximum difficulty. Although the proposed method has the highest NFPM in the v_grace
image set, it does not have the highest NFPM in the v_graffiti image set. However, when
considering the CMR and RMSE metrics from Tables 4 and 5 (with numbers in parentheses
indicating the rank within the same column), the proposed method achieves the most
correct matches and the highest matching accuracy. It shows good stability under large
viewpoint changes. This makes it suitable for practical applications like 3D reconstruction,
which require both precision and a large number of feature point matches.

4.7.5. Execution Time Performance Comparison

The experimental results in Tables 4 and 5 evaluate the overall runtime performance
on the v_graffiti and v_grace image sets from the HPatches standard dataset. Our method
has an average processing time lower than ASIFT, AFREAK, BRISK-LATCH, SuperPoint,
and RIFT. On the v_graffiti image set, it is comparable to the ORB-BEBLID method and
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slightly higher than SIFT and AKAZE. In the v_grace image set, our method is on par with
SIFT and slightly exceeds AKAZE and ORB-BEBLID.

However, SIFT, AKAZE, and ORB-BEBLID perform poorly under large viewpoint
changes. In contrast, similar to ASIFT, AFREAK, and SuperPoint, our method effectively
extracts feature points under significant viewpoint changes. It does so with relatively low
computational costs. The richer the features in the images, the more pronounced the speed
advantage of our method becomes.

4.7.6. Improvements in CMR and RMSE Metrics

In terms of CMR, our method shows significant improvements compared to other
methods. The average CMR on the v_graffiti dataset increased by 42.05%, while on the
v_grace dataset, it rose by 38.06%. Regarding RMSE (only compared with successful
matching methods), our method reduced the average error by 5.38 pixels on the v_graffiti
image set and by 5.23 pixels on the v_grace image set, indicating higher matching accuracy.

From the analysis of the above experiments, our method has a slightly longer overall
runtime than AKAZE, ORB-BEBLID, and SIFT. However, the performance metrics for
CMR, NFPM, and RMSE indicate that this time cost is acceptable. Moreover, our method
successfully performs feature point extraction and matching under significant viewpoint
changes. This demonstrates better performance compared to AKAZE, ORB-BEBLID, and
SIFT. Additionally, when compared to other feature extraction methods that can handle
large viewpoint changes, our method achieves a higher CMR and greater computational
efficiency. It improves the overall runtime by an average of 6.12 times on the v_graffiti
dataset and by 7.21 times on the v_grace dataset.

4.7.7. Performance Validation on the Morel Dataset

We validated the effectiveness of our method under larger viewpoint changes using
the Morel dataset. The Morel dataset does not provide the homography matrix for per-
spective transformations during camera motion. As a result, we cannot calculate the true
coordinates of the matched feature points. Therefore, we are unable to obtain the CMR and
RMSE metrics. In this study, we used overall execution time and the NFPM as evaluation
standards. The experimental results based on the NFPM are presented in Tables 6 and 7.
The results based on overall runtime are shown in Table 8. It is evident that our method still
performs well under larger viewpoint changes. The overall execution time is slightly higher
than that of AKAZE, ORB-BEBLID, and SIFT. However, our method achieves feature point
extraction under significant viewpoint changes with minimal time cost when considering
the NFPM. This is consistent with the conclusions drawn from the experiments on the
HPatches dataset. It is worth noting that this paper also compares the deep learning-based
feature point extraction method SuperPoint, which is trained on homography datasets.
Compared to AKAZE, SIFT, RIFT, BRISK-LATCH, and ORB-BEBLID, SuperPoint is better
suited for feature point extraction on images with large viewpoint changes. However, its
performance in terms of CMR and the NFPM is not as good as the proposed method, and it
requires significantly higher computational resources.
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Table 6. NFPM Statistics for Different Methods Under Absolute Tilt Testing on the Morel Dataset

(zoom = 4).
Absolute ASIFT SIFT AKAZE ]]?g'}%[(—[- AFREAK SuperPoint BI?];{L];) RIFT Ours
Tilt Angle [6] [10] [34] [35] [16] [38] [34] [3]
10° 1225 987 1031 1449 1357 729 1602 1533 1101
20° 1175 956 968 1387 1215 715 1443 1357 1080
30° 931 780 686 978 830 492 1092 1032 1024
40° 569 682 422 227 507 592 497 671 885
50° 573 310 148 48 393 505 105 172 726
60° 384 77 13 10 184 387 11 36 586
70° 238 8 4 4 90 301 4 15 440
80° 50 4 4 0 17 176 0 9 103
Total 5145 3804 3276 4103 4593 4097 4754 4825 5945

Bold values denote the optimal results under the same experimental conditions.

Table 7. NFPM Statistics for Different Methods Under Transitional Tilt Testing on the Morel Dataset

(zoom = 2).
Transitional ASIFT SIFT AKAZE I]fi"}"SCIf-I- AFREAK SuperPoint B]?];{L];) RIFT Ours
Tilt Angle [6] [10] [34] [35] [16] [38] [34] [3]
10° 745 438 375 306 1364 355 668 271 555
20° 483 115 36 27 630 337 51 18 532
30° 438 32 13 5 437 319 8 7 495
40° 234 7 6 0 247 304 0 8 510
50° 274 6 4 0 245 281 4 7 483
60° 234 5 4 0 168 253 0 7 396
70° 212 9 5 0 142 20 0 6 405
80° 175 5 0 0 141 22 0 9 398
90° 192 5 4 4 123 33 0 17 324
Total 2987 622 447 342 3497 1924 731 350 4098
Bold values denote the optimal results under the same experimental conditions.
Table 8. Overall Execution Time of Different Methods on the Morel Dataset (Unit:ms).
BRISK- . ORB-
Method ASIFT SIFT AKAZE LATCH AFREAK SuperPoint BEBLID RIFT Ours
[6] [10] [34] [16] [38] [3]
[35] [34]
Absolute Tilt 3009.44 186.17 82.79 458.99 424.36 329.24 121.51 5725.13  233.90
Transitional Tilt 3088.62 201.67 68.14 429.45 573.69 210.22 216.47 5309.24 237.55

Bold values denote the optimal results under the same experimental conditions.

5. Conclusions

This paper proposes a feature point extraction method, LV-FeatEXx, for images under
large viewpoint changes. The proposed method employs optimized affine simulation to
achieve perspective-distortion-aligned feature point extraction, enhancing stability under
large viewpoints. Comprehensive experimental results show that the proposed method
increases average matching accuracy by 40.1% compared to several classic feature point ex-
traction and deep learning-based methods. It also improves speed by 6.67 times, achieving
high performance in both accuracy and speed.

The method streamlines camera parameter estimation and integrates the more efficient
FREAK descriptor to enhance efficiency. However, when the image undergoes large
rotations, the FREAK descriptor’s ability to support feature matching decreases. As the
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tilt angle increases, the number of feature point matches decreases significantly. Especially
after 60 degrees, the NFPM drops sharply, indicating a substantial reduction in the number
of feature points extracted and matched by the algorithm under larger viewpoint changes.
The correct match rate also shows a noticeable decline after 60 degrees, suggesting that the
matching accuracy of the algorithm is affected under larger viewpoint changes.
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