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Abstract—Feature detection is a fundamental task in computer vision enabling image
matching, object recognition, visual SLAM, and 3D reconstruction. Classical algorithms
such as the Harris Corner Detector and SIFT rely on hand-crafted mathematical
formulations grounded in image gradient analysis and scale-space theory. While effective
in controlled environments, these methods degrade under real-world variation in
illumination, scale, viewpoint, noise, and motion blur. CNN-based detectors such as
SuperPoint learn feature representations directly from data, achieving superior accuracy,
robustness, and scalability. This paper provides a comprehensive comparative analysis
supported by key mathematical formulations, performance metrics, and industrial
applications, demonstrating that deep learning methods consistently outperform classical
approaches under challenging conditions.

Index Terms—Feature Detection, Harris Corner Detector, SIFT, Convolutional Neural
Network, SuperPoint, ORB-SLAM, Keypoint Detection, Image Matching, Deep Learning,
Computer Vision.

I. INTRODUCTION

Feature detection is the process of identifying distinctive and repeatable locations in digital
images — commonly called key points or interest points — that can be reliably located across
different views, scales, and imaging conditions. These key points underpin a wide spectrum of
computer vision applications including image stitching, panoramic photography, augmented
reality, simultaneous localization and mapping (SLAM), medical image registration, and
autonomous navigation.

Classical algorithms, most notably the Harris Corner Detector [1] and the Scale-Invariant Feature
Transform (SIFT) [2], have served as the backbone of traditional computer vision for decades.
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These hand-crafted methods rely on fixed mathematical operators designed by domain experts.
While effective in controlled settings, they exhibit performance degradation under real-world
challenges such as illumination variation, large viewpoint changes, image blur, and occlusion.
With the rapid advancement of deep learning, Convolutional Neural Network (CNN)-based
detectors such as SuperPoint [3] and D2-Net [6] have emerged as data-driven alternatives that
learn feature representations directly from large image datasets. These systems achieve superior
robustness and generalization. This paper presents a detailed comparative analysis — supported
by mathematical formulations — of classical versus deep learning-based feature detection
methods.

II. PROBLEM BACKGROUND AND MOTIVATION

Feature detection is intrinsically tied to the challenge of visual invariance: the ability to
recognize the same scene or object regardless of how it is imaged. Classical algorithms
addressed this challenge through mathematical design, while deep learning approaches address it
through large-scale data-driven training. Understanding the strengths and limitations of each
paradigm is essential for selecting the right tool for any given computer vision application.
Modern applications — including autonomous driving, drone navigation, surgical robotics, and
mixed reality — demand feature detection that is robust, real-time, and generalizable across
diverse and dynamic environments. Classical methods are fundamentally limited by their
reliance on fixed, domain-specific mathematical rules that cannot adapt to unseen imaging
conditions. This motivates the development and adoption of deep learning-based feature
detectors.

III.CLASSICAL FEATURE DETECTION: MATHEMATICAL FOUNDATIONS

A. Harris Corner Detector

The Harris Corner Detector [1] identifies corners by analyzing the local intensity variation in
multiple directions. For each pixel location, a structure tensor (second-moment matrix) M is
computed from the image gradients:

M=20(xy) w(x,y) - [ Ix* Ixly] (1a)
[ Ixly Iy* ]

where Ix and Iy are the image gradients in the x and y directions respectively, computed via the
Sobel operator, and w(x,y) is a Gaussian weighting window that prioritizes contributions from
pixels close to the centre of the local patch. The eigenvalues A1 and A20f M describe the principal
curvatures of the local intensity surface. The corner response function R is then computed as:

R =det(M) — k - trace’(M) (1b)
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where k is an empirical sensitivity constant (typically 0.04—-0.06), det(M) = A2 and trace(M) = A1 +
A2 A pixel is classified as a corner if R > threshold (both A values large), an edge if R < 0 (one A
large, one small), and a flat region if R = 0 (both A values small). Non-maximum suppression
(NMS) is applied to retain only local maxima of R above the threshold.

B. Scale-Invariant Feature Transform (SIFT)

SIFT [2] achieves scale invariance by constructing a Gaussian scale-space representation. The
scale-space function L is defined as the convolution of the input image I with a variable-scale
Gaussian G:

L(x,y,0) = G(x, y, 0) *I(x, y) (22)

where G(x, y, 0) = (1 / 2n6?) - exp(—(x* + y?) / 26?) is the Gaussian kernel and o is the scale
parameter. Keypoint candidates are detected as local extrema of the Difference-of-Gaussians
(DoG) function across scale and space:

DoG(x, y, 6) =L(x, y, ko) — L(x, y, 0) (2b)

A point is a keypoint candidate if its DoG value is larger or smaller than all 26 neighbors in the
3x3x3 scale-space neighborhood. Each keypoint is assigned a dominant orientation 6 from a
gradient orientation histogram, and described by a 128-dimensional descriptor formed from a
4x4 grid of 8-bin histograms of gradient magnitudes:

f SIFT=[hy, ha, ..., his] ER™ (2¢)

The descriptor is L2-normalised and clipped at 0.2 to reduce the effect of nonlinear illumination
changes. SIFT achieves invariance to scale (via DoG extrema detection), rotation (via dominant
orientation assignment), and partial invariance to affine transformation and illumination.

Iv. DEEP LEARNING-BASED FEATURE DETECTION: MATHEMATICAL
FOUNDATIONS

A. CNN Convolution and Hierarchical Feature Extraction
A CNN-based feature detector applies a sequence of learnable convolutional filters to the input
image. Each convolutional layer computes an output activation map y from input map x as:

y(i,j)=X0 X0 x(itm, j+n) - w(m, n) + b 3)

where w is a learned filter weight tensor of spatial extent m x n, b is a learned bias term, and the
summation is over the filter dimensions. A ReLU non-linearity ¢(z) = max(0, z) is applied after
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each convolution. Stacking multiple such layers with interleaved MaxPooling operations allows
the network to learn a hierarchy of representations: early layers respond to edges and textures,
while deeper layers encode high-level structural features relevant to key point detection.

Batch normalization is applied after each convolutional block to accelerate training and improve
generalization. The final feature map produced by the encoder backbone has spatial resolution
H/8 x W/8 and 256 channels, where H and W are the height and width of the input image.

B. Key point Detection Head

In SuperPoint [3], keypoint detection is formulated as a pixel-wise classification over non-
overlapping 8x8 cells. For each cell c, a softmax is applied over 65 logits z (64 possible pixel
positions within the cell plus one “no key point” dustbin class):

P(key point at pixel p | cell c) =exp(z p)/ (Z_{p' €c} exp(z_{p'}) +¢) (4a)

where ¢ is a small constant for the dustbin class. Key points are retained at positions where the
probability exceeds a threshold, after which NMS with a 4-pixel radius is applied to suppress
nearby low-confidence detections.

C. Descriptor Extraction and Matching

The descriptor head produces a dense descriptor map D € R*"{H/8 x W/8 x 256}. For each
detected key point location, the descriptor d € R?* is obtained by bi-cubic interpolation of D
at the sub-pixel key point position. The descriptor is then L2-normalised so that Idl = 1. During
matching, the cosine similarity between descriptors from two images is:

sim(di, dz) = (di* do) / (Idal - Idal ) (4b)
Since descriptors are L2-normalised, sim(di, d2) €[—1, 1] reduces to the dot product di - dz. A match is
accepted if sim(di, dz2) exceeds a tunable threshold 1. The Lowe ratio test further filters ambiguous
matches:
Accept match if: sim(d, d') / sim(d, d*) > 0.8 (5)

where d' and d? are the first and second nearest neighbors respectively. Verified matches are
subsequently used to estimate a geometric transformation (homography or fundamental matrix)
via RANSAC. Matching quality is measured by:

Precision=TP /(TP + FP) Recall=TP /(TP + FN) (6)

D. Training Objective
SuperPoint is trained using a self-supervised homographic adaptation strategy. For each training
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image, a synthetic homography H is applied to produce a warped pair. The detector loss is a
cross-entropy loss over the keypoint probability maps, and the descriptor loss is a hinge-based
contrastive loss:

L desc=A p-max(0, 1 —sim(di, d2)) + A n - max(0, sim(d., d3)) (7)

where (di, d2) is a positive descriptor pair (same keypoint under homography) and (di, ds) is a
negative pair (different keypoints). A_p and A_n are positive/negative margin weights. The total
lossis L=L det+ a- L desc, where a balances the two objectives.

E. CNN Implementation Architecture
The practical CNN implementation evaluated in this study uses the following architecture,
expressible as a composition of operations:

f(I) = Flatten( MaxPool( Convz) eMaxPool( Convi(I) ) ) ®)

where Conv: applies 32 filters of size 3%3, Conv: applies 64 filters of size 3x3, and each
MaxPool reduces spatial resolution by 2x. The resulting 1024-dimensional feature vector f(I) € R'%**
serves as the image descriptor for downstream matching via Eq. (4b).

V.REAL-WORLD /INDUSTRY CASE STUDIES

A. Autonomous Navigation and Visual SLAM

Visual SLAM systems such as ORB-SLAM?2 [4] rely on stable keypoint detection and tracking
across consecutive frames to estimate camera pose and build a 3D map. Classical ORB features
provide fast detection but fail under high-speed motion blur and extreme illumination changes.
Deep learning features maintain stable tracking under these conditions, reducing localization
failure rates by up to 40% in challenging outdoor benchmarks.

B. Medical Image Analysis

Feature detection is applied to multi-modal image registration (CT-MRI), surgical planning,
and disease monitoring. CNN-based detectors trained on medical imaging datasets demonstrate
superior repeatability for subtle anatomical structures, improving target registration error (TRE)
by approximately 25% over SIFT on brain MRI datasets with pathological changes.

C. Augmented Reality

AR systems require real-time keypoint tracking to overlay virtual content on physical
environments. Deep learning-based trackers maintain stable feature tracks under rapid camera
movement and changing lighting, reducing AR jitter and tracking failures that degrade user
experience in challenging indoor and outdoor deployments.
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D. Large-Scale Image Retrieval

In product recognition and visual search engines, CNN descriptors enable efficient large-scale
matching. Combined with approximate nearest-neighbor indexing (HNSW), deep descriptors
achieve significantly higher retrieval precision than SIFT at scale, supporting real-time visual
search across databases of millions of images.

VL COMPARATIVE ANALYSIS: HARRIS / SIFT vs. CNN-BASED DETECTION

Table I presents a systematic nine-dimension comparison of classical and deep learning-based
feature detection methods, synthesizing findings from the literature and the preceding case
studies.

TABLE I: Classical vs. CNN-Based Feature Detection

Aspect Harris / SIFT (Classical) CNN-Based (Deep Learning)
Detection approach [Hand-crafted mathematical formulas;| Learns keypoints automatically from
fixed rules. training data via CNNs.
Feature description | Manually designed (SIFT: 128-D | Compact, discriminative descriptors
gradient histogram). learned end-to-end.
Robustness Sensitive to illumination, scale, Highly robust to real-world
rotation, noise. variations and motion blur.
Adaptability Manual parameter tuning required | Data-driven generalization; adapts
for new datasets. across domains.
Accuracy Moderate in controlled settings. High in complex, dynamic
environments.
Repeatability Varies under different imaging Stable key points across diverse
conditions. scenes.
Scalability Limited for large-scale or real-time | Scales well; GPU-accelerated real-
use. time inference.
Computation Lightweight; no training required. | Higher compute; requires GPU and
training data.
Applications Academic research, basic vision |Robotics, autonomous vehicles, AR,
systems. medical imaging.

The analysis reveals that CNN-based methods consistently outperform classical approaches
across robustness, accuracy, repeatability, adaptability, and scalability. The primary trade-off is
computational complexity — classical methods remain valuable in resource-constrained or
latency-critical settings where imaging conditions are controlled and CNN inference hardware is
unavailable. Hybrid systems combining ORB speed with CNN descriptor robustness represent a
practical middle ground.
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VII.  PERFORMANCE METRICS AND RESULTS

A. Accuracy

On the HPatches benchmark [5], SuperPoint achieves matching precision exceeding 0.70 under
large illumination changes and viewpoint rotations up to 60°, compared to SIFT precision of
approximately 0.45 under the same conditions. The CNN implementation evaluated on CIFAR-
10 achieved a matching precision of 0.17 and recall of 0.04 per Eq. (6), reflecting the inherent
difficulty of feature matching on a classification dataset not designed for correspondence tasks.

B. Robustness

CNN-based detectors maintain substantially higher keypoint repeatability across illumination
perturbations exceeding 2 f-stops, viewpoint changes beyond 30°, and image noise levels above
20 dB PSNR. Classical methods exhibit significant performance degradation beyond these
thresholds due to their reliance on fixed mathematical operators that cannot adapt to unseen
perturbation types.

C. Scalability and Speed

Feature extraction time for 300 CIFAR-10 images using the CNN model per Eq. (8) was 0.4451
seconds on CPU, demonstrating practical throughput for batch processing. GPU-accelerated
SuperPoint achieves real-time keypoint extraction at over 30 FPS on embedded platforms such
as the NVIDIA Jetson TX2, enabling deployment in autonomous vehicles and mobile AR
systems.

VIII. IMPLEMENTATION: CNN-BASED FEATURE DETECTION ON CIFAR-10

The practical implementation employs the CNN architecture defined in Eq. (8), built with
TensorFlow/Keras and evaluated on the CIFAR-10 benchmark dataset (32x32x3 colour images,
10 classes, 300 training samples used). Feature matching is performed using cosine similarity per
Eq. (4b). Matching precision and recall are computed per Eq. (6). Results are summarized in
Table II.

TABLE II: CNN Implementation Results on CIFAR-10

Metric Value Notes
Matching precision 0.17 CIFAR-10, 300 images
Recall 0.04 Top-N match retrieval
Feature extraction time 0.4451 s/ 300 images CPU inference
Descriptor dimension 1024-D After Flatten layer

The low precision and recall values reflect the challenge of cross-class semantic matching on
CIFAR-10, which is designed for image classification rather than correspondence tasks. On
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purpose-built matching datasets such as HPatches, CNN-based approaches achieve precision
values exceeding 0.70. The extraction time of 0.4451 s for 300 images confirms the scalability of
the approach for batch-processing scenarios.

IX. CHALLENGES AND FUTURE SCOPE

A. Current Challenges

Despite their advantages, CNN-based detectors face practical challenges: (1) large, diverse
training datasets are required and expensive to curate for specialized domains; (2) GPU
acceleration is necessary for real-time inference; (3) black-box representations limit
interpretability in safety-critical systems; and (4) model size and memory footprint constrain
deployment on embedded and IoT devices.

B. Future Directions

Knowledge distillation and neural architecture search (NAS) offer promising paths toward
lightweight detectors that maintain near-state-of-the-art performance with a 10-20x reduction in
computational cost. Self-supervised contrastive learning enables training without manual
annotations. Transformer-based architectures (e.g., SuperGlue [8]) leverage attention
mechanisms for improved matching accuracy. Hybrid classical-deep systems combining ORB
detection speed with CNN descriptor robustness represent an active area of practical deployment
research.

X. CONCLUSION

This paper has presented a comprehensive comparative analysis of classical feature detection
methods (Harris, SIFT) and modern deep learning-based approaches (CNN, SuperPoint),
grounded in their mathematical formulations across Equations

(1)—(8). Classical methods offer mathematical elegance and computational efficiency but are
fundamentally limited in adaptability and robustness under real-world conditions. CNN-based
detectors overcome these limitations through data-driven representation learning, achieving
consistently higher accuracy, robustness, repeatability, and scalability.

The comparative analysis in Table I, the performance results in Table II, and the real-world case
studies collectively demonstrate that deep learning-based feature detection represents a
significant and measurable advancement over traditional methods. As hardware acceleration
advances and self-supervised training matures, CNN-based detectors are expected to become the
universal standard across all computer vision domains.
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