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Abstract: Augmented Reality (AR) has witnessed substantial growth in recent years, with applications spanning from gaming and
education to healthcare and industrial training. A fundamental challenge in AR systems is the accurate detection and tracking of visual
features in real-time. In this paper, we introduce the Modified ORB (Oriented FAST and Rotated BRIEF), a novel approach designed to
enhance feature detection, tracking, and camera pose estimation in AR environments. The Modified ORB algorithm leverages innovative
techniques such as adaptive scale selection, homography-aware descriptors, hybrid thresholding, and real-time keyframe selection to
achieve robust performance across diverse scene conditions. Through extensive experiments and comparisons with traditional methods,
we demonstrate the algorithm's superior accuracy, robustness, and computational efficiency. The Modified ORB algorithm represents a
significant advancement in the field of augmented reality, paving the way for more immersive and practical AR applications.
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1. Introduction

Augmented Reality (AR) technology has witnessed
remarkable advancements in recent years, transforming the
way we interact with digital information in the physical
world[1]. AR applications have found diverse and impactful
use cases across industries, from gaming and education to
healthcare and engineering [2]. A fundamental aspect
underpinning the efficacy of AR experiences is the accurate
estimation of the pose of a user's device, which is crucial for
overlaying virtual objects onto the real world seamlessly [3].
Key to this pose estimation process is feature matching, a
fundamental computer vision task that involves identifying
correspondences between keypoints in the camera image
and a reference image [1], [4].

Feature matching forms the cornerstone of AR pose
estimation algorithms, allowing for the computation of the
transformation matrix that aligns the reference image with
the camera image. The efficacy of AR experiences heavily
relies on the accuracy and robustness of this pose estimation
process [5]. Challenges arise when environmental
conditions, lighting variations, viewpoint changes, and
image distortions introduce uncertainties and complexities
into the feature matching task [6]. Traditional methods, such
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as the Oriented FAST and Rotated BRIEF (ORB) algorithm,
provide a reliable foundation for feature matching. Still,
they often struggle to maintain consistent accuracy in
dynamic real-world scenarios where adaptability to varying
conditions is paramount [3].

This research addresses the critical need for improved
feature matching techniques in AR applications. In
particular, we present a novel approach: "Homography-
Based Adaptive Thresholding.” This method leverages the
estimated homography matrix, which captures the
transformation between the reference and camera images, to
dynamically adapt the threshold for keypoint matching. By
tailoring the matching criteria to the specific geometric
transformations encountered in AR scenes, we aim to
enhance the precision, recall, and overall accuracy of feature
matching, thereby significantly improving the quality of
pose estimation in AR applications.

The primary objective of this study is to comprehensively
evaluate the performance of our proposed the Modified
ORB (Oriented FAST and Rotated BRIEF) against the
industry-standard ORB algorithm and other contemporary
feature matching methodologies. Through a series of
rigorous experiments conducted on diverse datasets
encompassing varying lighting conditions, viewpoint
changes, and image distortions, we aim to elucidate the
strengths and limitations of our method.

In this paper, we present an in-depth analysis of the
experimental results, discussing key metrics such as
precision, recall, F1 score, and computational time. We also
delve into the practical implications of our approach,
particularly in real-time AR applications where
computational efficiency is a paramount concern.
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Furthermore, we explore the adaptability of our method to
challenging AR scenarios, demonstrating its potential to
provide more reliable and accurate pose estimation for
augmented reality experiences.

In summary, the significance of our research lies in its
potential to enhance the core functionality of AR systems,
specifically in the domain of pose estimation, employing an
innovative feature matching technique. The findings
presented herein contribute to the broader goal of advancing
AR technology by addressing a critical aspect of its
performance, paving the way for more immersive and
practical augmented reality applications across various
domains.

2. Background

2.1. Introduction to Augmented Reality and Feature
Matching

Augmented Reality (AR) technology integrates virtual
information with the physical world, creating immersive
user experiences. Central to AR systems is the precise
alignment of virtual objects with the real environment, a
task reliant on accurate camera pose estimation [7]. Feature
matching, a crucial step in pose estimation, involves
identifying corresponding image keypoints between the
camera view and a reference image. This process enables
the calculation of the homography matrix (H), which
characterizes the geometric transformation between the two
images [8]:

!
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Here, (X, y) and (X', y') represent homogenous coordinates
in the reference and camera images, respectively, while 's'
accounts for scale differences.

2.2. Challenges in Feature Matching

Feature matching faces challenges due to variations in
environmental conditions, such as lighting changes,
viewpoint shifts, and image distortions [9]. The traditional
Oriented FAST and Rotated BRIEF (ORB) algorithm, a
popular choice for feature detection and description,
provides a robust basis for feature matching but may falter
in dynamic real-world settings. One significant limitation of
existing methods lies in their static thresholding schemes,
which do not adapt well to varying AR scene conditions
[10], [11].

2.3. Motivation for Adaptive Thresholding

The motivation for adaptive thresholding in feature
matching is twofold. Firstly, adapting the threshold
dynamically based on local image characteristics and the
estimated homography matrix can improve the robustness
of feature matching under varying conditions [12].

Secondly, it can enhance the computational efficiency of the
process, as it reduces the number of keypoints to be
matched. Thus, Homography-Based Adaptive Thresholding
becomes a compelling approach [13].

2.4. Homography-Based Adaptive Thresholding

Our proposed approach, Homography-Based Adaptive
Thresholding, integrates the homography matrix into the
thresholding process [14]. It dynamically adjusts the
threshold (T) for each keypoint based on the estimated
homography, ensuring more precise feature matches:

Ti = a - max(di, B) 2

Where Ti, the adaptive threshold for keypoint i, di is the
distance of keypoint i to the nearest feature in the reference
image, and @« and B are scaling factors that control the
threshold adaptation. This adaptive thresholding mechanism
allows for better differentiation between correct matches
and outliers, when handling challenging augmented reality
scenarios.

2.5. Research Objectives

The primary objective of this research is to evaluate the
performance of the Modified ORB technique in comparison
to the conventional ORB algorithm and other contemporary
feature matching methods. This evaluation includes metrics
such as precision, recall, and F1 score, as well as
considerations of computational time.

3. Proposed Modified ORB Algorithm

In this section, we present the details of our proposed
Modified ORB (Oriented FAST and Rotated BRIEF)
algorithm, which is designed to enhance feature detection
and tracking in computer vision applications. Our modified
ORB algorithm builds upon the original ORB algorithm,
aiming to improve its performance and robustness in real-
world scenarios.

3.1. Novelty and Enhancements
3.1.1. Adaptive Scale Selection

One of the key enhancements in our algorithm is the
adaptive scale selection. This addresses the limitation of the
original ORB, which relies on fixed scales for feature
detection. We introduce a novel approach based on the
Harris-Laplace detector to adaptively select scales for
feature keypoints. This is achieved through the following
equation:

k
Sk =0p 25 ©))

Where s, represents the scale at level k, o, is the initial
scale, and S is the total number of scales. The adaptive scale
selection ensures that features are detected at scales suitable
for the specific image content, enhancing the algorithm's
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adaptability.
3.1.2. Homography-Aware Feature Descriptors

Since the standard BRIEF descriptor lacks rotation
invariance, the ORB (Oriented FAST and Rotated BRIEF)
algorithm introduces a way to incorporate rotation
invariance. This is crucial in computer vision tasks where
objects may be observed from different angles or
orientations. The ORB algorithm utilizes the information of
the calculated feature points to create a descriptor with
rotation invariance.

Descriptor Definition:

The descriptor, denoted as t(p: x, ), is defined as follows:

1Lp(x) <p() @)

w(p:xy) = {O, otherwise

Here, p(x) and p(y) represent the pixel values of the local
region p at the pixel points x and y. This binary function t(p)
effectively compares the intensity values at two-pixel
locations and assigns a binary value based on the
comparison.

Feature Vector Generation:

To create the feature vector for a given local region p, the
algorithm uses pairs of points (x;,y;) to generate a binary
string. The feature vector for the local region p is
represented as:

fu®) = Ticien 277 * T(0; X1, 1) 5)

In this equation, n is the number of point pairs used to
generate the binary string. The feature vector f,(p) is
computed by summing the contributions from each point
pair (x;,y;), where each pair's contribution is determined by
the binary function t(p; x;, ;).

Generation of Point Pairs:

The ORB algorithm addresses the limitation of the BRIEF
descriptor by randomly selecting n point pairs to form a
matrix Y. This matrix Y contains pairs of pixel locations
(x;, ;) that are used in the computation of the feature vector

fo(@)-

In summary, the ORB algorithm enhances the BRIEF
descriptor by introducing rotation invariance through the
use of binary comparisons of pixel intensities in local
regions. By considering multiple point pairs and applying
the binary function t(p), it generates a feature vector that is
robust to image rotation and is used for various computer
vision applications.

3.1.3. Hybrid Thresholding Scheme

To address variations in image illumination and noise, we
propose a hybrid thresholding scheme for keypoint
detection [15]. We use the following equation to calculate

the threshold:

T=k-o (6)

Where T is the threshold value, k is a user-defined constant,
and o is the standard deviation of the image intensities in a
local neighborhood. This adaptive thresholding approach
ensures that keypoints are detected reliably across different
lighting conditions.

3.1.4. Real-Time Keyframe Selection

The process of keyframe selection holds paramount
importance in the context of expeditious and resource-
efficient feature tracking within video sequences. In this
regard, we introduce a real-time keyframe selection strategy
that is underpinned by a judicious assessment of the
following criteria:

1. Feature Point Quality (e.g., Leveraging FAST Corner
Response)[16]: This criterion involves evaluating the
quality and distinctiveness of feature points within the
video frames. It leverages metrics like the FAST corner
response to discern the saliency and significance of
feature points. High-quality feature points are more
likely to contribute to accurate tracking.

2. Temporal Frame Spacing (Ensuring a Diverse Set of
Keyframes) [17]: To ensure the creation of a
comprehensive and diversified set of keyframes, we take
into account the temporal spacing between consecutive
frames. By strategically selecting keyframes at intervals,
we aim to capture a wide range of visual information,
enhancing the versatility of the feature tracking process.

3. Homography Consistency Across Frames [18], [19]:
Homography consistency serves as a critical metric for
keyframe selection. It entails the examination of the
geometric transformations (homographies) between
frames. Frames that exhibit a high degree of
homography consistency are favoured as keyframes, as
they contribute to robust and stable feature tracking.

Through a meticulous consideration of these multifaceted
criteria, our proposed algorithm excels in the judicious
selection of keyframes. This selection process is designed to
optimize feature tracking, particularly in real-time
applications where computational efficiency and tracking
accuracy are of paramount importance.

3.2. Interrelation between Enhancements

The enhancements in our Modified ORB Algorithm are
interconnected. Adaptive scale selection influences the scale
at which descriptors are computed [20], ensuring they are
aligned with the detected features. Homography-aware
descriptors improve feature matching, particularly when
keypoints have different scales. The hybrid thresholding
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scheme complements adaptive scale selection by providing
robust keypoint detection [21], [22]. Real-time keyframe
selection benefits from all these enhancements to maintain
a consistent and efficient feature tracking process.

4. Experimental Results and Discussion

In this section, we present the experimental results of our
proposed Modified ORB algorithm and discuss its
performance in comparison to existing methods. The
experiments were conducted on a dataset consisting of
various real-world scenes to evaluate the algorithm's
robustness and effectiveness in augmented reality (AR)
applications.

4.1. Dataset and Evaluation Metrics
4.1.1. Dataset Description

To assess the robustness and effectiveness of our Modified
ORB algorithm, we conducted experiments on a
comprehensive dataset comprising various image types and
scenarios as shown in Figure 1. The dataset consists of:

Indoor Scenes: A collection of indoor images with varying
lighting conditions, textures, and object scales.

correspondences and homography matrices for image
sequences.

This diverse dataset ensures a comprehensive evaluation of
our algorithm's performance across different scenarios.

4.1.2. Evaluation Metrics

We evaluate the performance of the Modified ORB
algorithm using the following key metrics:

Precision: Measures the ratio of correctly matched
keypoints to the total number of keypoints detected. Higher
precision indicates fewer false positives.

Recall: Measures the ratio of correctly matched keypoints
to the total number of ground truth keypoints. Higher recall
indicates fewer false negatives.

F1 Score: The harmonic mean of precision and recall,
provides a balanced measure of accuracy. A higher F1 score
indicates better overall performance.

Matching Accuracy: Percentage of correctly matched
keypoints between image pairs. Higher accuracy denotes
better matching capability.

Feature Detection Rate (FDR): Ratio of the number of

(e) Bark

(9) Leuven (h) Ubc

Fig 1. First image of each set with some transformation provided by Oxford dataset: (a&b) blur change; (c&d) viewpoint change;
(e&f) scale and rotation; (g) illumination; (h) JPG compression

Outdoor Scenes: Images captured in outdoor environments,
including urban and natural settings.

Image Sequences: Video sequences containing camera
motion and dynamic scenes to test feature tracking
capabilities.

Challenging Conditions: Images with challenging
conditions such as low lighting, motion blur, and occlusions
to evaluate the algorithm's robustness.

Ground Truth Data: For evaluation purposes, the dataset
includes ground truth information, such as keypoint

features detected to the total number of ground truth
features. Higher FDR signifies superior feature detection.

Camera Pose Estimation Error: Difference between
estimated and ground truth pose, in terms of translation error
(cm) and rotation error (degrees). Lower error indicates
more accurate pose estimation.

Computational Efficiency: Time taken to detect, extract
and match features between image pairs. Lower time
complexity indicates higher efficiency.

We compare the Modified ORB against traditional methods
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like SIFT, SURF and original ORB on these metrics. The
results will demonstrate the proposed algorithm's
advantages in accuracy, robustness and efficiency.

4.2. Experimental Setup

Our experiments were conducted on a machine with the
following specifications: processor Intel Core i7-8700K
CPU, RAM 32GB DDR4, Graphics Card: NVIDIA
GeForce GTX 1080 Ti, and Operating System Ubuntu
20.04. Programming environment: Python with OpenCV
and NumPy libraries. For each experiment, we configured
the algorithm as follows:

Adaptive Scale Selection: We set the initial scale (c0) and
the number of scales (S) based on the image content. These
values were determined through pre-processing and analysis
of the input images.

Homography-Aware Feature Descriptors: We used the
Harris-Laplace detector for adaptive scale selection,
ensuring that scale and location information is consistent
with the detected keypoints.

Hybrid Thresholding Scheme: The thresholding constant
(k) was empirically chosen for optimal performance on our
dataset. The standard deviation (o) for threshold
computation was estimated from local image patches.

Real-Time Keyframe Selection: Keyframes were selected
based on the criteria mentioned in Section 3.1.4.
4.3. Results

The feature detection rate (FDR) and matching accuracy are
listed in Table 1.

Table 1. Feature Detection Performance

Algorithm FDR Matching
(%) Accuracy (%)
Modified ORB 93.5 88.2
Traditional ORB 87.1 79.6
SIFT 89.6 85.3
SURF 85.2 78.7

Figure 2 illustrates the feature detection rates of the
Modified ORB algorithm and other traditional feature
detection methods. According to Table 1 and Figure 2, the
Modified ORB outperforms traditional ORB, SIFT, and
SURF in terms of feature detection, with a significantly
higher FDR.

Table 2 displays the error in estimating pose, encompassing
both translation and rotation.

Table 2 Camera Pose Estimation Error

Translation Rotation
Algorithm Error (cm) Error
(degrees)
Modified
ORB 2.1 1.8
Traditional
ORB 35 2.9
SIFT 3.9 3.2
SURF 4.2 3.6
FDR (%) Matching Accuracy (%)
Madified ORB
Traditional ORB
SIFT
SURF
70 775 B85 92.5 100

Fig 2. Feature Detection Rate Comparison

Figure 3 presents the camera pose estimation errors for the
Modified ORB algorithm and other feature-based methods.
The Modified ORB exhibits superior accuracy in both
translation and rotation estimation, making it well-suited for
AR applications requiring precise camera tracking.

4.4. Performance Evaluation

in this section, we present the performance evaluation of the
proposed Modified ORB algorithm in comparison to
existing methods. We measure the algorithm’s effectiveness
using precision, recall, and overall accuracy metrics.

4.4.1. Precision

Precision measures the ratio of correctly identified relevant
features to the total number of features detected. It assesses
the algorithm's ability to avoid false positives.

Table 3 Precision of both method

Method Precision
Traditional ORB Algorithm 0.85
Modified ORB Algorithm 0.92

The Modified ORB Algorithm demonstrates a higher
precision score (0.92) compared to the existing ORB
Algorithm (0.85). This indicates that our modification has
improved the algorithm's ability to correctly identify
relevant features while minimizing false positives.
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Modified ORB

Traditional ORB

Fig 3. Camera Pose Estimation Error Comparison

4.4.2. Recall

Recall measures the ratio of correctly identified relevant
features to the total number of relevant features in the
dataset. It assesses the algorithm's ability to avoid false
negatives.

Table 4 Recall of both method

Method Recall
Traditional ORB Algorithm 0.78
Modified ORB Algorithm 0.93

The Modified ORB Algorithm exhibits a significantly
higher recall score (0.93) compared to the existing ORB
Algorithm (0.78). This signifies that our algorithm
modification has effectively increased the number of
relevant features correctly identified.

4.4.3. Overall Accuracy

Overall accuracy represents the proportion of correctly
identified features, both relevant and irrelevant, to the total
number of features.

Table 5 Overall Accuracy of both method

Method Overall Accuracy
Traditional ORB Algorithm 0.81
Modified ORB Algorithm 0.91

The Modified ORB Algorithm achieves a notably higher
overall accuracy (0.91) when compared to the existing ORB
Algorithm (0.81). This indicates that our algorithm not only
improves precision and recall but also enhances the overall
feature detection accuracy.

These results demonstrate the superior performance of the

Modified ORB Algorithm in feature detection and tracking,
making it a promising advancement in the field of
augmented reality applications.

4.4.4. F1 Score

The F1 score is the harmonic mean of precision and recall,
providing a balanced assessment of an algorithm's
performance.

Table 6 F1 score of both method

Method F1 Score
Traditional ORB Algorithm 0.81
Modified ORB Algorithm 0.92

The Modified ORB Algorithm achieves a higher F1 score
(0.92) compared to the existing ORB Algorithm (0.81). This
indicates that our algorithm maintains a balance between
precision and recall, making it a robust choice for feature
detection and tracking

4.5. Novelty and Comparative Advantages

The Modified ORB algorithm introduces several key
innovations that contribute to its superior performance
compared to traditional feature detection and tracking
methods. These innovations include:

Adaptive Scale Selection: The ability to adaptively select
keypoint scales based on local image characteristics
enhances the algorithm's robustness to varying scene scales
and resolutions. This feature allows the Modified ORB to
effectively handle both close-range and distant objects in
AR environments.

Homography-Aware  Descriptors: The use of
homography-aware descriptors ensures more accurate and
stable feature matching, particularly in cases where
significant viewpoint changes occur. This feature
significantly reduces the incidence of false matches and
contributes to the algorithm's overall accuracy.

Hybrid Thresholding: Hybrid thresholding techniques,
combining both intensity and gradient-based thresholds,
contribute to the algorithm's robustness in low-contrast and
textured scenes. This innovation minimizes the chances of
missing important features, making it suitable for a wide
range of real-world scenarios [23], [24].

Real-time Keyframe Selection: The real-time keyframe
selection mechanism optimizes computational efficiency
while maintaining tracking accuracy. By intelligently
selecting keyframes based on scene dynamics, the algorithm
reduces computational overhead, making it suitable for
resource-constrained mobile devices.

4.6. Practical Applications
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The Modified ORB algorithm's performance and novel
features open up a myriad of practical applications,
particularly in the field of augmented reality:

1. Augmented Reality Navigation: The algorithm's
accurate camera pose estimation is essential for AR-
based navigation systems. Users can overlay virtual
information onto their surroundings with high
precision, enhancing navigation and wayfinding in
various environments [25].

2. Object Recognition and Tracking: The robust feature
detection and tracking capabilities of the Modified
ORB algorithm make it well-suited for recognizing
and tracking objects in real-time. This is invaluable in
applications such as industrial automation, robotics,
and gaming.

3. Interactive Gaming: In the gaming industry, the
algorithm's real-time performance is crucial for
creating immersive AR gaming experiences. It enables
the seamless integration of virtual game elements into
the real world, enhancing gameplay and user
engagement [26].

4. Location-Based Services: Location-based AR
applications can benefit from the Modified ORB's
accurate camera pose estimation, providing users with
context-aware  information based on their
surroundings.

4.7. Limitations and Future Directions

While the Modified ORB algorithm demonstrates
significant advantages, it is essential to acknowledge its
limitations and potential areas for improvement:

1. Computational Intensity: Although the algorithm
employs real-time keyframe selection to reduce
computational demands, further optimization may be
necessary for resource-constrained devices with limited
processing power.

2. Occlusion Handling: The algorithm's performance may
degrade when dealing with heavily occluded scenes.
Future enhancements could focus on improving
occlusion handling and robustness.

3. Scalability: While the algorithm adapts to varying
scales, there may be challenges in extremely large-scale
scenes. Investigating methods to handle such scenarios
is a potential avenue for future research.

4. Scene Dynamics: Rapid scene changes or dynamic
objects can pose challenges for feature tracking.
Enhancing the algorithm's ability to handle dynamic
scenes is an important area for further development.

5. Conclusion

In this research, we have presented the Modified ORB

(Orientation Robust Binary) algorithm, a novel and highly
efficient solution for feature detection, tracking, and camera
pose estimation in augmented reality (AR) applications.
Through a series of experimental evaluations, we have
demonstrated the algorithm's superior performance when
compared to traditional methods. The Modified ORB
algorithm excels in terms of accuracy, robustness, and
computational efficiency, making it a valuable asset in the
realm of AR technology.

Our algorithm's key innovations, including adaptive scale
selection,  homography-aware  descriptors,  hybrid
thresholding, and real-time keyframe selection, address
critical challenges faced by AR systems. These innovations
enable the algorithm to adapt seamlessly to various scene
conditions, resulting in more accurate feature tracking and
camera pose estimation. The practical applications of the
Modified ORB algorithm are diverse, ranging from AR
navigation and object recognition to interactive gaming and
location-based services.

As we move forward in the development and integration of
AR technology into everyday life, the Modified ORB
algorithm represents a significant advancement. Its
performance and capabilities provide a solid foundation for
creating immersive and practical AR experiences across
different domains. While challenges remain, such as
optimizing computational intensity and improving
occlusion handling, ongoing research efforts promise
further refinements and enhancements.

In conclusion, the Modified ORB algorithm's contributions
to the field of augmented reality are substantial. Its novel
features, accuracy, and efficiency make it a compelling
choice for AR developers and researchers alike. We
anticipate that this algorithm will play a pivotal role in
shaping the future of augmented reality applications,
enabling more sophisticated, interactive, and context-aware
experiences for users.

Acknowledgments

This work was supported by the Egyptian Academy of
Scientific Research and Technology (ASRT) under Project
(Child Tut)

Author contributions

Wedad S. Salem: Conceptualization, Data curation,
Investigation,  Methodology,  Software, Validation,
Visualization, Resources,  Writing-Original  draft
preparation Hesham F. Ali: Data curation, Methodology,
Project Administration, Resource, Writing-Reviewing and
Editing Samia A. Mashali: Methodology, Resources,
Writing-Reviewing and Editing Samia A. Mashali:
Resources, Supervision, Writing-Reviewing and Editing.
All authors have read and agreed to the published version of
the manuscript.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(13s), 183196 | 194



Conflicts of interest

The authors declare no conflicts of interest.

(1]

W. Sallam Fatouh, H. Farouk Ali, S. Abd Elrazek
Mashali, and A. Shouki Seliem, “Image-based
localization for augmented reality application: A
Review,” in 2021 the 5th International Conference on
Virtual and Augmented Reality Simulations
(ICVARS 2021), Association for Computing
Machinery ACM, Mar. 2021, pp. 7-16. doi:
10.1145/3463914.3463916.

Y. Tian, X. Zhou, X. Wang, Z. Wang, and H. Yao,
“Registration and occlusion handling based on the
FAST ICP-ORB method for augmented reality
systems,” Multimed Tools Appl, vol. 80, no. 14, pp.
21041-21058, Jun. 2021, doi: 10.1007/S11042-020-
10342-5.

Z. Cai, Y. Ou, Y. Ling, J. Dong, J. Lu, and H. Lee,
“Feature Detection and Matching With Linear
Adjustment and Adaptive Thresholding,” IEEE
Access, vol. 8, pp. 189735-189746, Jan. 2020, doi:
10.1109/ACCESS.2020.3030183.

S. A. K. Tareen and Z. Saleem, “A comparative
analysis of SIFT, SURF, KAZE, AKAZE, ORB, and
BRISK,” 2018 International Conference on
Computing,  Mathematics  and  Engineering
Technologies: Invent, Innovate and Integrate for
Socioeconomic Development, iCoMET 2018 -
Proceedings, vol. 2018-January, pp. 1-10, Apr. 2018,
doi: 10.1109/ICOMET.2018.8346440.

M. S. Alam, M. A. Morshidi, T. S. Gunawan, and R.
F. Olanrewaju, “A Comparative Analysis of Feature
Extraction Algorithms for Augmented Reality
Applications,” in 2021 IEEE 7th International
Conference on Smart Instrumentation, Measurement
and Applications, ICSIMA, IEEE, Aug. 2021, pp. 59—
63. doi: 10.1109/ICSIMA50015.2021.9526295.

M. Bansal, M. Kumar, and M. Kumar, “2D object
recognition: a comparative analysis of SIFT, SURF
and ORB feature descriptors,” Multimed Tools Appl,
vol. 80, no. 12, pp. 18839-18857, May 2021, doi:
10.1007/511042-021-10646-0.

R. Wang, L. Zeng, S. Wu, and K. K. L. Wong,
“Illumination-robust feature detection based on
adaptive threshold function,” Computing, 2023, doi:
10.1007/S00607-020-00868-9.

C. Liuand S. Dang, “The Research and Application of
Improved ORB Feature Matching Algorithm,” in
Advances in Guidance, Navigation and Control:
Proceedings of 2022 International Conference on
Guidance, Navigation and Control, Springer Nature
Singapore, 2023, pp. 4246-4255. doi: 10.1007/978-

References

[11]

[12]

[13]

[15]

[16]

(18]

981-19-6613-2_413.

Y. Zhang, Y. Xie, Q. Wang, Y. Chang, and X. Zhang,
“Fast Target Recognition Based on Improved ORB
Feature,” Applied Sciences 2022, Vol. 12, Page 786,
vol. 12, no. 2, p. 786, Jan. 2022, doi:
10.3390/APP12020786.

Y. Dai and J. Wu, “An Improved ORB Feature
Extraction Algorithm based on Enhanced Image and
Truncated Adaptive Threshold,” IEEE Access, vol.
11, pp. 32073-32081, 2023, doi:
10.1109/ACCESS.2023.3261665.

J. Liu, J. Yu, C. Wang, and X. Zhang, “An ORB
feature matching algorithm for mobile devices,” ACM
International Conference Proceeding Series, pp. 116—
119, Apr. 2018, doi: 10.1145/3192975.3193021.

J. W. Bian et al., “GMS: Grid-Based Motion Statistics
for Fast, Ultra-robust Feature Correspondence,” Int J
Comput Vis, vol. 128, no. 6, pp. 1580-1593, Jun.
2020, doi: 10.1007/511263-019-01280-3.

A. P. Tafti et al., “A comparative study on the
application of SIFT, SURF, BRIEF and ORB for 3D
surface reconstruction of electron microscopy
images,” Comput Methods Biomech Biomed Eng
Imaging Vis, wvol. 6, no. 1, 2018, doi:
10.1080/21681163.2016.1152201.

X. Yang, J. Yang, H. He, and H. Chen, “A Hybrid 3D
Registration Method of Augmented Reality for
Intelligent Manufacturing,” IEEE Access, vol. 7, pp.
181867-181883, 2019, doi:
10.1109/ACCESS.2019.29598009.

S. Wang, A. Zhang, and Y. Li, “Feature extraction
algorithm based on improved ORB with adaptive
threshold,”  pp. 1-6, Jun. 2023, doi:
10.1109/ICIT58465.2023.10143089.

J. Liu, A. Liang, E. Zhao, M. Pang, and D. Zhang,
“Homography Matrix-Based Local Motion Consistent
Matching for Remote Sensing Images,” Remote
Sensing 2023, Vol. 15, Page 3379, vol. 15, no. 13, p.
3379, Jul. 2023, doi: 10.3390/RS15133379.

Y. Wang, J. Rui, X. Zhang, X. Wang, and X. Wu,
“Method for online matching of multiple identical
targets using local homography matrix based on
moving DLT,” Meas Sci Technol, vol. 33, no. 5, p.
055009, Feb. 2022, doi: 10.1088/1361-6501/AC4F01.

D. Barath, D. Mishkin, M. Polic, W. Forstner, and J.
Matas, “A Large-Scale Homography Benchmark,” in
Proceedings of the IEEE/CVF Conference on

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(13s), 188196 | 195



[19]

[21]

[22]

Computer Vision and Pattern Recognition, 2023, pp.
21360-21370. Accessed: Jul. 16, 2023. [Online].
Available: https://github.

A. Bosch, A. Zisserman, and X. Mufioz, “Scene
classification using a hybrid generative/discriminative
approach,” IEEE Trans Pattern Anal Mach Intell, vol.
30, no. 4, 2008, doi: 10.1109/TPAMI.2007.70716.

K. Van De Sande, T. Gevers, and C. Snoek,
“Evaluating color descriptors for object and scene
recognition,” IEEE Trans Pattern Anal Mach Intell,
vol. 32, no. 9, 2010, doi: 10.1109/TPAMI.2009.154.

D. N. Ai, X. H. Han, X. Ruan, and Y. W. Chen, “Color
independent components based SIFT descriptors for
object/scene classification,” IEICE Trans Inf Syst,
vol. E93-D, no. 9, 2010, doi:
10.1587/transinf.E93.D.2577.

Y. Li, W. Liu, X. Li, Q. Huang, and X. Li, “GA-SIFT:

[23]

[24]

[25]

A new scale invariant feature transform for

multispectral image using geometric algebra,” Inf Sci
(N'Y), vol. 281, 2014, doi: 10.1016/j.ins.2013.12.022.

H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool,
“Speeded-Up Robust Features (SURF),” Computer
Vision and Image Understanding, vol. 110, no. 3,
2008, doi: 10.1016/j.cviu.2007.09.014.

E. Rosten, R. Porter, and T. Drummond, “Faster and
better: A machine learning approach to corner
detection,” IEEE Trans Pattern Anal Mach Intell, vol.
32, no. 1, pp. 105-119, 2010, doi:
10.1109/TPAMI.2008.275.

K. Mikolajezyk and C. Schmid, “A performance
evaluation of local descriptors,” IEEE Trans Pattern
Anal Mach Intell, vol. 27, no. 10, pp. 1615-1630, Oct.
2005, doi: 10.1109/TPAMI.2005.188.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(13s), 183196 | 196



