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ABSTRACT

Feature detection and description are foundational tasks in computer vision, enabling applications such as object recogni-

tion, image stitching, and 3D reconstruction. This study presents a comparative analysis of three widely used feature de-

tection techniques: Harris Corner Detection, Laplacian of Gaussian (LoG), and Scale-Invariant Feature Transform (SIFT).

The Harris method is explored for its corner detection capabilities based on intensity variations, while LoG is analyzed

for its ability to detect blob-like structures through multi-scale processing. SIFT, known for its robustness to scale, rota-

tion, and illumination changes, is evaluated as a comprehensive approach for detecting and describing keypoints. Using

systematic experiments, this study examines response maps, keypoint distributions, and feature matching results to high-

light the strengths and limitations of each method. The findings emphasize the trade-offs among computational efficiency,

robustness, and accuracy, providing practical insights for selecting appropriate techniques for specific computer vision

applications.
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1 Introduction

Feature detection and description are fundamental tasks in

computer vision, driving applications such as object recog-

nition, image stitching, 3D reconstruction, and motion track-

ing. These techniques enable machines to identify and ana-

lyze distinctive image patterns, known as keypoints, which

may be corners, edges, or blob-like structures. The effective-

ness of feature detection heavily influences the success of

subsequent stages, including keypoint matching and scene

interpretation, where descriptors play a critical role in de-

scribing the local appearance of keypoints. Over the years,

https://doi.org/10.35444/IJANA.2025.17401



Int. J. Advanced Networking and Applications

Volume: 17 Issue: 04 Pages: 6982-6991 (2026) ISSN: 0975-0290 6983

various algorithms have been proposed to extract and match

these features, each designed to address specific challenges

in different environments and conditions.

Among these, Harris Corner Detection, introduced by Harris

and Stephens [7], is one of the earliest and most widely used

methods. It detects corners by evaluating intensity variations

in local image patches, making it efficient for structured im-

ages with distinct edges and corners. However, Harris lacks

robustness to scale and rotation changes, making it less ef-

fective in dynamic real-world conditions where these trans-

formations often occur. To address this limitation, meth-

ods such as the Scale-Invariant Feature Transform (SIFT)

[13] were developed. SIFT has been extensively adopted for

its invariance to scale, rotation, and illumination changes,

and it provides robust descriptors for keypoints, making it

ideal for tasks like image matching, object recognition, and

panoramic image stitching [3]. SIFT’s performance in terms

of robustness and descriptor quality has set a benchmark for

feature detection methods, as evidenced by its widespread

usage and comparison with other methods [14]. However,

SIFT is computationally expensive, which has led to the

development of alternatives like ORB [16], which balance

computational efficiency with the robust feature matching

capabilities of SIFT.

Another widely used approach for feature detection is the

Laplacian of Gaussian (LoG) [12], which excels at detect-

ing blob-like structures across multiple scales. The method

works by smoothing the image with a Gaussian filter at vari-

ous scales and then applying the Laplacian operator to detect

regions of significant intensity variation. While LoG is ef-

fective for identifying blobs and regions of interest, its high

computational cost and lack of rotation invariance limit its

practical use for real-time applications and in more dynamic

environments. For real-time applications, other methods like

BRISK [11] and SuperPoint [4] have been proposed as alter-

natives, providing a more efficient and scalable solution to

feature detection.

Despite the substantial body of research on these techniques,

there has been little comparative evaluation of Harris, LoG,

and SIFT in terms of their performance across a wide range

of transformations, such as scaling, rotation, and illumi-

nation changes. The evaluation of these methods is cru-

cial as it helps to understand their robustness and compu-

tational efficiency in diverse, real-world applications [8].

The application of these methods spans various domains, in-

cluding medical imaging [10], robotic navigation [5], and

environmental mapping [18], and each technique has its

strengths and weaknesses depending on the specific task re-

quirements.

This research aims to provide a detailed comparison of Har-

ris Corner Detection, LoG, and SIFT, evaluating their per-

formance based on key factors such as feature detection ac-

curacy, robustness to transformations, and computational ef-

ficiency. By leveraging methods such as Random Sample

Consensus (RANSAC) [6], this study will provide insights

into the suitability of these techniques for real-world tasks

like panoramic image stitching, 3D reconstruction, and fea-

ture matching [17]. The objective is to offer a compre-

hensive understanding of the trade-offs between computa-

tional complexity and robustness, thus enabling informed

decisions about which method to choose for specific applica-

tions. This work will also discuss future research directions,

including the potential for hybrid approaches and the inte-

gration of deep learning models to further enhance feature

detection capabilities [15].

2 Related Work

The task of feature detection and description has been a cor-

nerstone of computer vision research, supporting various ap-

plications such as image matching, object recognition, 3D

reconstruction, and image stitching. Several feature detec-

tion techniques have been developed over the years, each de-

signed to address specific challenges such as scale, rotation,

and illumination invariance. Among these, Harris Corner

Detection [7] is one of the most well-known and widely used

methods. It detects corners by analyzing intensity gradients

in local image neighborhoods, which makes it effective for

detecting structured image regions with high intensity varia-

tion. However, its lack of scale and rotation invariance limits

its application in dynamic environments where transforma-

tions are common. To address these limitations, Lowe in-

troduced the Scale-Invariant Feature Transform (SIFT) [13],

which has become a foundational method for robust feature

detection. SIFT identifies keypoints by detecting extrema in

a Difference of Gaussians (DoG) scale-space and computes

distinctive descriptors based on local gradient information,

providing invariance to scale, rotation, and partial illumina-

tion changes. The robustness of SIFT has made it a bench-

mark in image matching, object recognition, and panoramic

image stitching [3].

Despite its success, SIFT is computationally expensive,

which has led to the development of several alternatives.

For instance, the ORB (Oriented FAST and Rotated BRIEF)

detector, proposed by Rublee et al. [16], combines the

FAST corner detector with the BRIEF descriptor. This ap-

proach provides a significant speedup compared to SIFT

while maintaining reasonable accuracy for feature match-

ing. However, ORB is not scale-invariant, which can limit

its effectiveness in applications requiring robustness to sig-

nificant changes in scale. Other methods, such as the Lapla-

cian of Gaussian (LoG) [12], focus on detecting blob-like

structures and operate by smoothing the image at multiple

scales and applying the Laplacian operator. While LoG is

highly effective in detecting blobs, it is computationally ex-

pensive and not invariant to rotation, limiting its applicabil-

ity in some real-world scenarios.

In recent years, deep learning-based methods have gained

prominence due to their ability to learn complex patterns

from data. One such method is SuperPoint [4], which

uses self-supervised learning to detect and describe inter-

est points, offering an end-to-end solution for keypoint de-

tection and description. SuperPoint has been shown to out-

perform traditional methods like SIFT and ORB in terms of

repeatability and robustness in dynamic environments. An-

other deep learning-based approach is R2D2 [15], which fo-

cuses on repeatability and reliability in keypoint detection

and descriptor matching. R2D2 leverages a neural network
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to enhance the performance of feature detection and descrip-

tion, offering superior accuracy and robustness compared

to classical methods, particularly in challenging conditions

such as low-texture and dynamic scenes.

Beyond feature detection, robust keypoint matching is a

critical task in many computer vision applications. Ran-

dom Sample Consensus (RANSAC) [6] is one of the most

commonly used methods for robustly matching keypoints

between images by estimating the parameters of a trans-

formation model while discarding outliers. RANSAC is

widely used in applications such as 3D reconstruction and

panoramic image stitching. The effectiveness of feature

matching and keypoint detection has also been evaluated in

various comparative studies [14]. These studies have pro-

vided valuable insights into the performance of different

methods, revealing trade-offs in terms of computational ef-

ficiency, robustness, and accuracy.

In addition to these methods, several algorithms have been

developed to address the shortcomings of traditional tech-

niques in real-time applications. For instance, BRISK (Bi-

nary Robust Invariant Scalable Keypoints) [11] is an effi-

cient alternative that combines keypoint detection with bi-

nary descriptors, offering scalability and robustness. Sim-

ilarly, PCA-SIFT [9] uses principal component analy-

sis to generate more distinctive descriptors, while SURF

(Speeded-Up Robust Features) [2] improves the efficiency

of SIFT with a faster detection algorithm.

While traditional feature detection and description methods

such as Harris, SIFT, and LoG continue to perform well in

many applications, deep learning-based approaches like Su-

perPoint and R2D2 are becoming increasingly popular due

to their end-to-end solutions and improved performance in

dynamic environments. These methods have demonstrated

that machine learning can complement traditional computer

vision techniques, leading to more robust and efficient sys-

tems for keypoint detection and description. Abdullah et al.

[1] present a comprehensive comparative analysis of Har-

ris, LoG, and SIFT, detailing their robustness to various

geometric and photometric transformations and highlight-

ing practical trade-offs between accuracy and computational

cost.

In conclusion, feature detection and description have

evolved from simple corner detectors to robust, scale- and

rotation-invariant methods like SIFT and advanced deep

learning approaches like SuperPoint and R2D2. Each of

these methods has its strengths and weaknesses, and the

choice of method depends on the specific task, computa-

tional resources, and robustness requirements. Ongoing re-

search continues to explore hybrid approaches that combine

the benefits of both traditional and modern methods, of-

fering promising directions for future advancements in the

field.

3 Methodology

This section describes the methodologies employed for

detecting and analyzing image features using three well-

established techniques in computer vision: Harris Cor-

ner Detection, Laplacian of Gaussian (LoG), and Scale-

Invariant Feature Transform (SIFT). These methods are in-

tegral to identifying keypoints and encoding local image

structures, making them essential for applications in image

matching, object recognition, and image stitching.

3.1 Harris Corner Detection

Harris Corner Detection [7] is a classical approach for de-

tecting corner points by analyzing intensity variations. The

fundamental principle is that corners exhibit high gradients

in multiple directions. The Harris corner response function

R(x, y) is calculated based on the second moment matrix of

the image gradients, formulated as:

R(x, y) = det(M)− k · (trace(M))2 (1)

where the second moment matrix M is computed as:

M =

[ ∑

I2x
∑

IxIy
∑

IxIy
∑

I2y

]

(2)

Here, Ix and Iy represent the image gradients in the hori-

zontal and vertical directions, respectively. The determinant

det(M) measures the variation in intensity in both direc-

tions, while the trace trace(M) accounts for the overall in-

tensity change. The constant k (typically between 0.04 and

0.06) determines the sensitivity to corner detection.

Our implementation uses OpenCV’s cv2.cornerHarris

function to compute R(x, y), followed by dilation

(cv2.dilate) to highlight the strongest responses, ef-

fectively marking the detected corners.

3.2 Laplacian of Gaussian (LoG)

The Laplacian of Gaussian (LoG) is another feature detec-

tion technique, primarily used for detecting blob-like struc-

tures in images. It operates by first applying a Gaussian

filter at multiple scales to smooth the image, followed by

the Laplacian operator, which highlights regions of rapid

intensity change. The mathematical formulation for LoG

is:

LoG(x, y, σ) = ∇2 (G(x, y, σ) ∗ I(x, y)) (3)

where G(x, y, σ) is the Gaussian filter, defined as:

G(x, y, σ) =
1

2πσ2
exp

(

−
x2 + y2

2σ2

)

(4)

and I(x, y) is the image intensity at pixel (x, y). The Lapla-

cian operator ∇2 computes the second derivative of the

Gaussian-smoothed image, capturing the regions with the

most significant intensity variations, which correspond to

blob-like structures.

For implementation, we first apply Gaussian smoothing

using OpenCV’s cv2.GaussianBlur, followed by the

Laplacian operator using cv2.Laplacian. The response

map highlights potential blobs in the image.
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3.3 Scale-Invariant Feature Transform

(SIFT)

The Scale-Invariant Feature Transform (SIFT) is a robust

and widely used technique for detecting and describing key-

points that are invariant to transformations such as scale, ro-

tation, and illumination. It involves detecting local extrema

in a scale-space constructed by progressively applying Gaus-

sian blurring at different scales. The primary steps involved

in SIFT are outlined below:

3.3.1 Scale-Space Construction

SIFT begins by constructing a scale-space, which is a se-

ries of blurred images generated by applying Gaussian filters

with varying standard deviations σ to the input image. This

generates a family of images {L(x, y, σ)}:

L(x, y, σ) = G(x, y, σ) ∗ I(x, y) (5)

where G(x, y, σ) is the Gaussian function and I(x, y) is the

original image.

3.3.2 Difference of Gaussians (DoG)

To detect keypoints, SIFT computes the Difference of Gaus-

sians (DoG) by subtracting two consecutive blurred images

from the scale-space:

D(x, y, σ) = L(x, y, kσ)− L(x, y, σ) (6)

where k is a constant factor that controls the scale between

successive images in the scale-space. The DoG highlights

regions of the image where the intensity undergoes rapid

changes, marking potential keypoints.

3.3.3 Keypoint Localization

Keypoints are identified as local extrema in the DoG im-

ages, where each pixel is compared to its neighbors in both

the current and adjacent scales. These extrema are then re-

fined using a 3D quadratic fit to improve their localization

accuracy in both position and scale.

3.3.4 Orientation Assignment

For each detected keypoint, an orientation is assigned based

on the local gradient directions within a region around the

keypoint. The gradient magnitude and orientation at each

pixel are computed as:

m(x, y) =
√

I2x + I2y , θ(x, y) = atan2(Iy, Ix) (7)

where Ix and Iy represent the gradients in the horizontal

and vertical directions. The dominant gradient orientation

is assigned to each keypoint, providing rotational invari-

ance.

3.3.5 Keypoint Descriptor

SIFT generates a 128-dimensional descriptor for each key-

point by dividing a local neighborhood into a grid and com-

puting a histogram of gradient orientations for each cell. The

resulting descriptors are normalized to make them robust to

changes in illumination. The final descriptor for each key-

point is:

Descriptor(x, y, σ) = [h1, h2, . . . , h128] (8)

where each hi represents a bin in the gradient orientation

histogram.

3.3.6 Feature Matching

To match keypoints between two images, descriptors are

compared using Euclidean distance:

d = ∥descriptor
1
− descriptor

2
∥ (9)

where descriptor
1

and descriptor
2

are the descriptors of two

keypoints from different images. Matches are selected based

on the smallest distance. Lowe’s ratio test [13] is applied

to eliminate false matches by comparing the nearest and

second-nearest matches.

4 Results and Analysis

4.1 Keypoint Visualization and Distribu-

tion

This section presents the visualization and spatial distribu-

tion of keypoints detected by the Harris Corner Detector,

Laplacian of Gaussian (LoG), and Scale-Invariant Feature

Transform (SIFT). Each algorithm was applied to the same

set of images to ensure a fair comparison. The visualiza-

tions highlight the distinct characteristics and strengths of

each method.

4.1.1 Harris Corner Detector

The Harris Corner Detector effectively identifies corner-like

features in regions of high intensity variation. Figure 1

illustrates the keypoints detected by the Harris algorithm,

marked as red circles on the input image.
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Figure 1: Keypoints detected by the Harris Corner Detector.

Corners are represented as red circles.

The Harris algorithm produces dense clusters of keypoints

in textured areas, such as checkerboards or edges of ob-

jects. However, it struggles to identify features in flat or low-

texture regions, as corners do not exist in such areas.

4.1.2 Laplacian of Gaussian (LoG)

The Laplacian of Gaussian method detects blob-like struc-

tures in images by identifying extrema in intensity changes

at multiple scales. Figure 2 shows the blobs detected by the

LoG algorithm, with the size of each circle indicating the

scale of the detected blob.

Figure 2: Keypoints detected by the Laplacian of Gaussian

(LoG). Blobs are represented as circles, with their sizes in-

dicating the scale.

LoG performs well in detecting regions with uniform inten-

sity, such as blobs, and is particularly effective in multi-scale

scenarios. However, it may produce redundant detections in

areas with multiple overlapping blobs, resulting in higher

computational costs.

4.1.3 Scale-Invariant Feature Transform (SIFT)

SIFT excels at identifying distinctive keypoints that are in-

variant to scale, rotation, and illumination changes. Figure 3

displays the keypoints detected by SIFT, represented as cir-

cles with arrows indicating their orientation.
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SIFT Keypoints

Figure 3: Keypoints detected by the Scale-Invariant Feature

Transform (SIFT). Keypoints are shown as circles with ori-

entation arrows.

The SIFT keypoints are distributed across the image, cover-

ing both highly textured regions and distinctive features in

less textured areas. The orientation arrows highlight the ro-

bustness of SIFT in capturing rotational invariance.

4.1.4 Keypoint Density Heatmaps

To analyze the spatial distribution of keypoints, heatmaps

were generated for each method. These heatmaps provide

an overview of the regions where each algorithm detected

the most features.
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(a) Harris Keypoint Density

Heatmap.
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(b) LoG Keypoint Density

Heatmap.
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(c) SIFT Keypoint Density

Heatmap.

Figure 4: Keypoint density heatmaps for Harris, LoG, and

SIFT methods. Regions with higher intensity indicate a

greater concentration of keypoints.

The density heatmaps reveal distinct patterns in the spatial

distribution of keypoints for each method. Harris produces

keypoints that are densely clustered in highly textured areas,

with minimal coverage in flat regions. LoG, on the other

hand, distributes keypoints based on blob-like features, ef-

fectively capturing regions of uniform intensity across vary-

ing scales. In contrast, SIFT ensures a more uniform distri-

bution of keypoints, covering both textured and distinctive

regions of the image comprehensively.

These visualizations demonstrate the unique characteristics

of each algorithm and their suitability for different types of
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features and image regions.

4.2 Evaluation of Detector Responses

This subsection evaluates the response maps generated by

the Harris Corner Detector, Laplacian of Gaussian (LoG),

and Scale-Invariant Feature Transform (SIFT). Response

maps provide insights into how each method identifies and

highlights keypoints in an image.

4.2.1 Harris Corner Detector Response

The Harris Corner Detector computes a response value for

each pixel based on the local intensity variation. A high re-

sponse value indicates the presence of a corner. Figure 5

shows the response map generated by the Harris method for

a test image.
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Figure 5: Response map generated by the Harris Corner De-

tector. High-intensity regions correspond to detected cor-

ners.

The Harris response map highlights corners effectively in

areas with strong intensity gradients, such as edges and in-

tersections. However, it fails to detect features in flat or low-

texture regions. The method is sensitive to noise, which may

cause spurious responses in high-frequency areas.

4.2.2 Laplacian of Gaussian (LoG) Response

The Laplacian of Gaussian computes responses by detect-

ing blobs based on the second derivative of the Gaussian-

smoothed image. Figure 6 shows the response map for

LoG, where high-intensity regions correspond to detected

blobs.
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Figure 6: Response map generated by the Laplacian of

Gaussian (LoG). High-intensity regions represent blob-like

structures.

The LoG response map effectively highlights blob-like re-

gions in the image, capturing features at multiple scales.

However, it is computationally expensive, and the detection

quality depends heavily on the scale parameter. Overlapping

blobs may lead to redundant detections.

4.2.3 SIFT Response

The SIFT algorithm generates response maps by identify-

ing extrema in a Difference of Gaussians (DoG) scale-space.

Figure 7 illustrates the response map for SIFT, highlighting

keypoints at various scales and orientations.
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Figure 7: Response map generated by the Scale-Invariant

Feature Transform (SIFT). High-intensity regions indicate

distinctive keypoints.

The SIFT response map demonstrates the method’s robust-

ness to scale and rotation changes. Keypoints are well-

distributed across the image, covering both textured and flat

regions. SIFT provides high-quality responses for distinc-

tive features, ensuring reliable feature matching.

4.2.4 Comparison of Detector Responses

To compare the effectiveness of the response maps, his-

tograms of response values were generated for all three

methods. Figure 8 presents the histograms, which provide

insights into the distribution of response strengths.
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Figure 8: Histograms of response strengths for Harris, LoG,

and SIFT.

The Harris histogram (Figure 8a) shows a sharp concentra-

tion of low response values, with fewer strong responses,

reflecting its sensitivity to high-gradient areas. The LoG

histogram (Figure 8b) exhibits a broader distribution of re-

sponse values, consistent with its multi-scale blob detection

capability. In comparison, the SIFT histogram (Figure 8c)

demonstrates a wider range of high response values, indi-

cating its ability to capture distinctive features with strong

responses.
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4.2.5 Heatmaps of Detector Responses

To visualize the spatial intensity of detector responses,

heatmaps were generated for each method. Figure 9 presents

the heatmaps, where warmer colors indicate stronger re-

sponses.
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(a) Harris Response

Heatmap.
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(b) LoG Response

Heatmap.
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Heatmap.

Figure 9: Heatmaps of detector responses for Harris, LoG,

and SIFT. Warmer colors indicate higher responses.

The evaluation of detector responses highlights the unique

strengths of each method. Harris is efficient and well-suited

for detecting corners but lacks scale invariance. LoG is

effective for blob detection but is computationally expen-

sive. SIFT provides the most robust and comprehensive re-

sponses, making it ideal for complex feature detection and

matching tasks.

4.3 Quantitative Performance Metrics

This subsection presents the quantitative performance met-

rics used to evaluate the Harris Corner Detector, Laplacian

of Gaussian (LoG), and Scale-Invariant Feature Transform

(SIFT). The metrics include robustness to transformations,

computational efficiency, repeatability, and keypoint match-

ing accuracy.

4.3.1 Robustness to Transformations

The robustness of each method was evaluated by applying

transformations, such as scaling, rotation, and illumination

changes, to test images. The overlap ratio of keypoints de-

tected in the original and transformed images was computed

as a measure of robustness. Table 1 summarizes the re-

sults.

Table 1: Robustness to Transformations: Overlap Ratio (%).

Transformation Harris LoG SIFT

Scaling (0.5x) 35.6 62.3 87.8

Scaling (2x) 30.4 58.7 84.2

Rotation (45°) 40.1 65.4 92.3

Illumination Change 50.5 72.1 95.6

SIFT exhibits superior robustness to all transformations,

achieving the highest overlap ratios. LoG performs moder-

ately well, especially in detecting blobs across scales. Harris

shows poor performance for scaling and rotation due to its

lack of invariance to these transformations.

4.3.2 Feature Matching Accuracy

For SIFT, the accuracy of keypoint matching was evalu-

ated using the ratio of correct matches to total matches.

Lowe’s ratio test was applied to filter false positives. Table 2

presents the feature matching accuracy.

Table 2: Feature Matching Accuracy for SIFT.

Transformation Matching Accuracy (%)

Scaling (0.5x) 92.5

Scaling (2x) 89.8

Rotation (45°) 94.6

Illumination Change 96.3

SIFT achieves high matching accuracy across all transfor-

mations, demonstrating its robustness in feature matching

tasks. Accuracy is slightly lower for larger scale changes

due to the increased difficulty in matching features across

significant transformations.

Figure 10 provides a visual summary of the key performance

metrics for the three methods, highlighting their strengths

and trade-offs.
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Figure 10: Comparison of Key Metrics for Harris, LoG, and

SIFT.

The quantitative evaluation reveals that SIFT is the most ro-

bust and accurate method, particularly for feature match-

ing under transformations. LoG performs well in detect-

ing multi-scale features but suffers from high computational

cost. Harris is computationally efficient but lacks robustness

to transformations.

These results provide a comprehensive understanding of the

trade-offs between computational efficiency, robustness, and

accuracy for each method.

4.4 Keypoint Matching Analysis

Keypoint matching is a critical evaluation criterion for fea-

ture detection and description methods. In this subsection,

we analyze the keypoint matching results for the SIFT algo-

rithm, focusing on the quality and accuracy of matches be-

tween image pairs. Lowe’s ratio test was used to filter false

matches, and the results are evaluated in terms of the number

of matches, match accuracy, and visualization of matched

keypoints.
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4.4.1 Visualization of Keypoint Matches

To assess the effectiveness of keypoint matching, SIFT was

applied to detect and describe features in two test images,

followed by feature matching. Figure 11 illustrates the top

50 matches between two images, where the lines connect

corresponding keypoints.

Top 50 Matched Keypoints using SIFT

Figure 11: Visualization of top 50 keypoint matches using

SIFT descriptors. Correct matches are shown as lines con-

necting corresponding keypoints in the two images.

The visualization demonstrates SIFT’s robustness in match-

ing keypoints, even under scale and rotation transforma-

tions. Matches are distributed across the image, highlight-

ing SIFT’s ability to capture features in both textured and

less textured regions.

4.4.2 Match Distance Distribution

The distribution of match distances provides insights into the

quality of keypoint matches. Figure 12 shows a histogram

of match distances, where lower distances indicate stronger

matches.
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Figure 12: Match distance distribution for SIFT keypoints.

Lower distances correspond to higher-quality matches.

A significant proportion of matches have low distances, in-

dicating strong correspondences between keypoints. The tail

of the distribution represents weaker matches, which are of-

ten filtered out using Lowe’s ratio test.

4.4.3 Correct Matches and Outliers

To evaluate the reliability of matches, the correct matches

and outliers were visualized separately. Figure 13 displays

the correct matches, while Figure 14 highlights the mis-

matched keypoints.

Correct Matches (Using Lowe's Ratio Test)

Figure 13: Visualization of correct matches detected using

SIFT. Matches correspond to accurately paired keypoints.

Figure 14: Visualization of outlier matches detected us-

ing SIFT. Outliers represent incorrect keypoint correspon-

dences.

The majority of matches are correct, indicating the reliabil-

ity of SIFT descriptors in distinguishing between keypoints.

Outliers are minimal and are primarily associated with am-

biguous regions in the images.

4.4.4 Feature Matching Metrics

The performance of keypoint matching was quantified using

the following metrics: Number of Matches refers to the total

number of detected matches after filtering with Lowe’s ratio

test. Matching Accuracy is the ratio of correct matches to

the total number of matches. Top 50 Match Accuracy rep-

resents the proportion of correct matches among the top 50

matches.

Table 3 summarizes the matching performance for the SIFT

algorithm.

SIFT achieves high matching accuracy across all trans-

formations, with the best performance under illumination

changes. The accuracy for the top 50 matches is con-

sistently higher, indicating the reliability of the strongest

matches.

4.4.5 Heatmap of Matched Keypoints

To analyze the spatial distribution of matched keypoints,

heatmaps were generated for both images. Figure 15 illus-

trates the density of correctly matched keypoints.
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Transformation Number of Matches Matching Accuracy (%) Top 50 Match Accuracy (%)

Scaling (0.5x) 237 91.2 96.0

Scaling (2x) 215 88.5 93.8

Rotation (45°) 254 93.4 97.5

Illumination Change 267 94.8 98.1

Table 3: Keypoint Matching Performance Metrics for SIFT.
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(Image 1).
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Figure 15: Heatmaps of matched keypoints for the two im-

ages. Warmer colors indicate higher match density.

The keypoint matching analysis demonstrates the superior

performance of SIFT in identifying reliable correspondences

between image pairs. The combination of high matching ac-

curacy, low match distances, and a broad spatial distribution

of matches highlights its suitability for tasks such as image

stitching, object recognition, and 3D reconstruction.

5 Conclusion

This study evaluates three prominent feature detection tech-

niques: Harris Corner Detection, Laplacian of Gaussian

(LoG), and Scale-Invariant Feature Transform (SIFT). Har-

ris is computationally efficient but lacks scale and rotation

invariance, limiting its robustness for dynamic scenarios.

LoG excels in multi-scale blob detection and noise resilience

but is computationally expensive and lacks descriptors for

feature matching. SIFT is robust to transformations and gen-

erates distinctive descriptors, making it ideal for tasks like

object recognition and image stitching, though its high com-

putational cost challenges real-time applications.

While Harris and LoG are suitable for simpler tasks, SIFT

is the most versatile method for advanced applications, bal-

ancing robustness and accuracy. Future work should focus

on optimizing these methods, especially SIFT, for real-time

use in computer vision systems.
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