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Abstract: Modern image processing encompasses a wide spectrum of techniques,
from classical filtering and morphological operations to advanced deep learning
models. Traditional methods rely on handcrafted algorithms (e.g. Gaussian smoothing,
edge detection, feature descriptors) to enhance or analyze images, while deep learning
approaches (such as Convolutional Neural Networks, segmentation networks, and
generative models) learn representations directly from data. This article surveys key
image processing methods - covering noise reduction, enhancement, segmentation,
feature extraction and classification - and presents a comparative analysis of their
strengths and limitations. A summary table highlights differences in computational
cost, accuracy, and application domains. Findings indicate that deep learning methods
achieve superior performance on complex tasks at the cost of data and computing
requirements, whereas traditional methods remain efficient and interpretable for
simpler tasks.
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Image processing is a rapidly evolving field dedicated to extracting useful
information from digital images. Core tasks include noise reduction (denoising),
enhancement (improving contrast or sharpness), segmentation (partitioning an image
into meaningful regions), feature extraction, and classification. Classical image
processing methods apply algorithmic steps defined by researchers - for example,
linear filters for smoothing or thresholding for segmentation. In contrast, modern deep
learning approaches automatically learn features from large datasets, often achieving
higher accuracy. As a result, applications ranging from medical diagnostics to
autonomous driving increasingly employ neural-network methods. This paper reviews
major techniques in image processing and compares their performance. In particular,
it contrasts traditional operators (filters, morphological operations, feature descriptors)
with recent neural-network models (CNN classifiers, U-Nets, GANs) and presents a
table summarizing their comparative advantages and disadvantages. Recent surveys
note that image analysis methods typically fall into three categories - classical
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algorithms, deep learning models, and other machine learning methods - with deep
learning only gaining dominance in recent years.

Classical image processing methods often involve direct manipulation of pixel
values using filters and transformations. Filtering and enhancement techniques
improve image quality or remove noise. For example, a Gaussian filter performs linear
smoothing by convolving the image with a Gaussian kernel; this reduces high-
frequency noise at the cost of blurring fine details. A median filter is a nonlinear
alternative that replaces each pixel by the median in its neighborhood, preserving edges
better than Gaussian smoothing. Morphological operations process images based on
shape. They apply a structuring element to each pixel: dilation adds pixels to object
boundaries and erosion removes them. Combinations of these (opening, closing) can
remove small noise or fill holes. Edge detection is another classical task: operators like
the Canny detector locate intensity discontinuities by multi-stage filtering (smoothing,
gradient computation, non-maximum suppression) to find edges. Feature extraction
techniques identify salient points or descriptors. For instance, Lowe’s Scale-Invariant
Feature Transform (SIFT) detects keypoints at multiple scales and computes distinctive
descriptors for each. SIFT produces a large set of features per image (=2000 stable
points for a 500500 image) that are invariant to scale, rotation, and partially to
illumination. These features enable robust matching for object recognition. Other
classical descriptors (e.g., SURF, ORB) follow similar principles. Transform methods
such as the Fourier or wavelet transform analyze frequency content for filtering or
compression. Overall, traditional methods are often fast and require no training, but
their performance depends on hand-tuned parameters and may degrade in complex or
variable scenarios.

In recent years, deep learning has revolutionized image processing by replacing
handcrafted operations with data-driven models. Convolutional Neural Networks
(CNNs) form the backbone of modern image classifiers and detectors. A seminal
example 1s AlexNet (Krizhevsky et al., 2012), which trained an 8-layer CNN on over
a million images. AlexNet achieved a top-5 error of 15.3% in the 2012 ImageNet
competition, greatly outperforming previous approaches. CNNs consist of cascaded
convolution, pooling, and activation layers that automatically learn hierarchical feature
representations. Their strong inductive biases (local connectivity, weight sharing)
make them efficient to train on images. Deeper architectures (e.g. ResNet,
EfficientNet) further improve accuracy on large-scale classification tasks. For
segmentation and pixel-wise labeling, specialized deep models are used. The U-Net
architecture (2015) introduced a symmetric encoder-decoder “U-shaped” network that
captures context and produces precise segmentations. Trained end-to-end, U-Net
outperformed sliding-window CNNs on biomedical image segmentation challenges,
even when only a few annotated images were available. Similarly, region-based
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networks such as Mask R-CNN and pyramid pooling networks (PSPNet) achieve state-
of-the-art instance and semantic segmentation by combining CNN backbones with
region or dilated convolution techniques. In object detection, models like YOLO (You
Only Look Once) reframe detection as a regression problem: a single CNN predicts
bounding boxes and class probabilities for an entire image in one pass. YOLOv1 (2016)
processes images at ~45 frames per second (and a “Fast YOLO” variant at 155 fps)
while maintaining high accuracy. Unlike two-stage detectors, YOLO is optimized end-
to-end and exhibits robustness to false positives. Finally, generative models have
expanded image processing tasks. Generative Adversarial Networks (GANSs) train a
generator network to produce realistic images and a discriminator network to
distinguish real from generated data. This adversarial training enables image synthesis
and tasks like super-resolution or style transfer. Goodfellow et al. (2014) proposed the
GAN framework, where the generator learns to approximate the data distribution by
maximizing the discriminator’s error. GANs and their variants have since become
popular for denoising, inpainting, and generating high-fidelity images.

The table below compares representative image processing approaches across
categories:

Method, Category

Examples

Strengths

Limitations

Applications

Linear Filters

Gaussian filter,
mean filter

Fast, simple;
effective for
smoothing and low-
pass filtering

Blurs edges; cannot
adapt to complex
noise patterns

Noise reduction;
pre-processing

Nonlinear Filters

Median filter,
bilateral filter

Better edge-
preservation;
handles impulse
noise

More complex than
linear; may leave
some noise

Edge-preserving
smoothing

Morphological Ops.

Dilation, erosion,
opening/closing

Shape-based
processing; removes
small objects or
holes

Only applies to
binary or grayscale
structure

Feature
enhancement; object
cleanup

Feature Detectors

SIFT, SURF, ORB

Invariant keypoints
for matching; robust
to transformations

Computationally
intensive; require
many features

Object recognition;
stitching

Simple; works well

Fails on complex

Medical imaging

Classical Thresholding, . .. .
Seementation region erowin under uniform scenes; sensitive to (simple cases);
& glon g & conditions lighting OCR
High accuracy; Requires large Image
CNN Classifiers AlexNet, ResNet learns complex labeled datasets and | classification;
features from data GPUs; “black-box” | recognition
Biomedical
Precise pixel High tational
. U-Net, Mask R- rem.s © pixe 16h computationa segmentation;
CNN Segmentation labeling; handles cost; needs
CNN . . . autonomous
overlapping objects | annotations .
vehicles

Object Detectors

YOLO, Faster R-
CNN

Real-time detection;
end-to-end learning

May mislocalize
objects; requires
bounding box labels

Surveillance, self-
driving cars
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Creates high-quality | Training instability;

GANES,

Generative Models
Autoencoders

images; useful for
data augmentation

mode collapse
issues

This analysis highlights trade-offs between methods. Traditional filters and

style transfer

Image restoration;

detectors are computationally efficient and easy to interpret, making them suitable for
tasks with constrained resources or where training data is limited. However, they lack
the adaptability and accuracy of modern learning-based methods on complex datasets.
Deep learning approaches (CNNs, U-Nets, GANs) generally achieve superior
performance across tasks, but at the cost of requiring large annotated datasets,
substantial compute power, and careful tuning. Notably, recent surveys confirm that
classical algorithms dominated early image processing, while deep learning models
only became prevalent around 2018. In practice, hybrid approaches can combine the
strengths of both: for example, using classical preprocessing (denoising filters) before
feeding images to a CNN.

Modern image processing integrates a range of methods from classical
algorithmic operations to advanced neural networks. This survey shows that while deep
learning has transformed the field - enabling end-to-end learning for tasks like
segmentation and classification - it coexists with traditional techniques. Classical
methods remain valuable for quick enhancement, noise reduction, and as components
of larger pipelines. Table comparisons illustrate that each approach has its niche: neural
methods excel in accuracy and flexibility, whereas traditional methods offer efficiency
and interpretability. Future research is directed toward making deep models more
efficient (via model compression or self-supervised learning) and towards intelligent
fusion of classical and learning-based techniques. Overall, understanding the
capabilities of each method enables informed choice of the optimal image processing
strategy for a given application.
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