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DIGITAL IMAGE PROCESSING

Introduction to Al-Assisted Image Enhancement & Emerging Trends

1. Introduction to Al-Assisted Image Enhancement

1.1 Background

Classical image enhancement techniques — spatial domain filtering (smoothing, sharpening, histogram
processing) and frequency domain filtering — rely on fixed, hand-designed mathematical operations (masks,
transfer functions) that are applied uniformly across an image. These methods are effective for well-understood
degradations, but they have inherent limitations: they cannot easily distinguish genuine detail from noise, they
cannot restore information that has been completely lost, and their parameters typically must be tuned manually
for each image or degradation type.

Al-assisted image enhancement refers to the use of machine learning — particularly deep learning — to perform
enhancement, restoration, and reconstruction tasks by learning the mapping between degraded and high-quality
images directly from large datasets, rather than by applying a fixed formula. Instead of a human designing a filter
mask, a neural network is trained on many pairs of (degraded, clean) images and learns, through optimization,
what transformation best reconstructs the clean image.

1.2 Why Al-Based Methods Are Needed
- Classical filters are 'blind' to image content — a Gaussian or median filter smooths noise and genuine texture
alike, since it has no notion of what the image actually depicts.

- Traditional interpolation-based upscaling (nearest-neighbour, bilinear, bicubic) can only estimate new pixels
from existing neighbouring pixels; it cannot invent detail that was never captured, so enlarged images look
soft or blocky.

- Many real-world degradations (complex noise, blur, compression artifacts, mixed degradations) are difficult
to model mathematically, but a neural network can learn to reverse them directly from examples, without an
explicit degradation model.

« Al models can leverage learned priors about the structure of natural images (edges, textures, faces, text) to
make plausible, context-aware decisions when reconstructing missing or degraded information.

1.3 How Al-Assisted Enhancement Works — General Pipeline

1. Data preparation: Pairs of degraded and clean images are collected or synthetically generated (e.g., a high-
resolution image is deliberately blurred, down-sampled, or noised to create its degraded counterpart).

2. Model design: A deep neural network architecture is chosen — commonly a Convolutional Neural Network
(CNN), a Generative Adversarial Network (GAN), a Transformer, or a diffusion model.

3. Training: The network is trained to minimize a loss function that measures the difference between its output
and the true clean image (e.g., pixel-wise loss, perceptual loss, and/or adversarial 10ss).

4. Inference: Once trained, the network is applied to new, unseen degraded images to produce an enhanced or
restored output, without needing per-image manual tuning.

1.4 Core Building Blocks
Convolutional Neural Networks (CNNSs):

+ CNNs apply learned convolutional filters (analogous to spatial masks, but with coefficients learned from data
instead of hand-designed) in successive layers to extract increasingly abstract features from an image.

« Early enhancement networks such as SRCNN (Super-Resolution CNN) demonstrated that even a small, end-
to-end trained CNN could outperform traditional interpolation methods for upscaling.
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Generative Adversarial Networks (GANSs):

- A GAN consists of a generator network, which produces enhanced/restored images, and a discriminator
network, which tries to distinguish generated images from real high-quality images.

« The generator is trained to fool the discriminator, pushing it to produce outputs that are not just numerically
close to the target, but also visually realistic and rich in texture.

Transformers:

- Transformer-based architectures use self-attention to model long-range dependencies across an image,
allowing the network to use information from distant regions of the image (not just a small local
neighbourhood) when reconstructing a pixel.

Diffusion Models:

- Diffusion models learn to reverse a gradual noising process, starting from pure noise (or a degraded image)
and iteratively denoising it step by step toward a clean, realistic image.

- Because they model a full probability distribution over plausible clean images, diffusion models are
particularly good at generating realistic, high-frequency detail in regions where information is genuinely
missing.

1.5 Comparison: Classical vs Al-Assisted Enhancement

Classical (Spatial/Frequency

Aspect

Domain)

Al-Assisted (Learning-Based)

Basis of operation

Fixed mathematical formula / mask

Learned mapping from training data

Adaptability

Same operation applied everywhere

Content-aware, adapts to image
context

Ability to add detail

Cannot invent missing information

Can hallucinate plausible realistic
detail

Tuning

Manual parameter selection per image

Automatic, learned during training

Computational cost

Low — simple convolution/transform

Higher — requires trained deep
network, GPU/accelerator

Risk

Predictable, but limited quality ceiling

May introduce artifacts or unrealistic
detail if misused

1.6 Applications

+ Restoring old or damaged photographs (scratches, fading, missing regions).

and GPUs).

1.7 Key Points to Remember

+ Al-assisted enhancement replaces fixed, hand-designed filters with data-driven models trained to learn the

enhancement mapping.
« Core architectures used are CNNs, GANSs, Transformers, and Diffusion Models.

Enhancing low-light, noisy, or low-resolution images from consumer cameras and smartphones.
Improving medical images (MRI, CT, ultrasound) for clearer diagnosis.
Upscaling satellite and remote-sensing imagery for analysis.

Real-time video enhancement in streaming, broadcasting, and gaming (Al upscaling on consumer displays
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- The major advantage over classical methods is the ability to reconstruct plausible detail rather than merely
interpolate or suppress existing pixel values.

C.PRISCILLA/AP-ECE Page 3 of 8



ROHINI COLLEGE OF ENGINEERING AND TECHNOLOGY

2. Emerging Trend — Al Super-Resolution

2.1 Introduction

Super-resolution (SR) is the task of reconstructing a high-resolution (HR) image from one or more low-resolution
(LR) inputs. It is fundamentally an ill-posed problem: a given low-resolution image could correspond to many
different possible high-resolution images, since the down-sampling process that created it discarded information.
Traditional interpolation methods (nearest-neighbour, bilinear, bicubic) simply estimate new pixel values by
averaging nearby existing pixels, which cannot recover true texture or fine detail and often produces a soft or
blurry result.

Al-based (deep learning) super-resolution instead learns a mapping function from LR to HR images, using large
datasets of paired examples, and is capable of reconstructing sharper, more plausible detail than classical
interpolation.

2.2 How Al Super-Resolution Models Are Trained

1. A large dataset of high-resolution ‘ground truth' images is collected.

2. Each HR image is artificially down-sampled (and often further degraded with blur, noise, or compression) to
synthetically create a matching low-resolution counterpart.

3. A deep network is trained on these paired examples to learn a function that reverses the degradation, i.e.,
predicts the HR image given only the LR input.

4. The network's output is compared against the true HR image using a loss function (pixel-wise, perceptual,
and/or adversarial loss), and the network's weights are updated to reduce this loss.

2.3 Key Architectures and Their Evolution

Model / Family Approach Key Characteristic
One of the earliest deep-learning SR models; a
SRCNN CNN compact end-to-end CNN mapping LR to HR
patches.

Deep residual network trained with an adversarial
SRResNet / SRGAN CNN + GAN loss to produce more photo-realistic textures than
pixel-loss-only models.

Improved residual-in-residual dense blocks and a
relativistic discriminator; Real-ESRGAN
specifically targets real-world degraded images
(not just clean synthetic downscaling).

ESRGAN / Real-ESRGAN Enhanced GAN

Residual Channel Uses channel attention to focus on the most
Attention Networks CNN + Attention | informative feature channels, improving fine-detail
(RCAN) recovery in very deep networks.

Uses self-attention (windowed) to capture long-
Vision Transformer | range dependencies across the image, improving
reconstruction of repetitive textures and structures.

SwinIR and other
Transformer-based models

Diffusion-based SR (e.g.,
single-step / few-step Diffusion Model
diffusion SR)

Frames super-resolution as a conditional
denoising/generation process; recent ‘one-step'
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Model / Family Approach Key Characteristic

diffusion SR models aim to combine diffusion-
model quality with much faster inference.

2.4 Real-World vs Synthetic Super-Resolution

Early SR research mostly assumed a simple, known down-sampling process (e.g., bicubic downscaling) to create
training pairs, which works well on clean synthetic test images but performs poorly on real photographs that
suffer from complex, unknown combinations of noise, blur, and compression. This gap led to a distinct emerging
sub-field known as 'real-world' or 'blind' super-resolution, where models such as Real-ESRGAN are trained using
more diverse, realistic degradation simulations so they generalize better to genuine low-quality photos, scans, and
video frames.

2.5 Emerging Trends within Al Super-Resolution

Mabile and edge-device super-resolution: Lightweight, quantized SR models optimized to run in real time on
mobile NPUs and edge accelerators, enabling on-device photo/video enhancement without needing a server.

Real-time video super-resolution: Extending image SR techniques to video streams, with temporal
consistency across frames, used in game upscaling technologies and video streaming/broadcast pipelines.

Diffusion-based and one-step SR: Using diffusion models (or distilled few-step variants) to achieve higher
perceptual quality than GAN-based SR, while working to reduce the traditionally high computational cost of
multi-step diffusion sampling.

Domain-specialized SR models: Dedicated super-resolution models tuned for specific image domains such as
medical imaging, satellite/remote sensing, and text/document images, where generic natural-image SR
models under-perform.

Integration into consumer platforms: Super-resolution is increasingly built directly into operating systems,
browsers, and creative software, rather than requiring a standalone tool.

2.6 Advantages

Recovers sharper edges and more realistic texture than classical interpolation.
Can be trained for specific domains (faces, text, satellite imagery) to give specialized, higher-quality results.
Increasingly feasible in real time, even on resource-constrained mobile and edge devices.

2.7 Limitations

« Al super-resolution cannot truly recover information that was never captured — it generates plausible,

learned detail, which may not always be factually accurate to the original scene.

GAN-based models can occasionally introduce artifacts or hallucinated texture that was not present in the
real high-resolution source.

Model performance depends heavily on how closely the training degradations match the real-world
degradation in the input image.

2.8 Applications

Upscaling old photographs and archival footage for modern displays and printing.
Enhancing product images for e-commerce and satellite/aerial imagery for analysis.

Real-time upscaling in gaming and video streaming to reduce rendering/bandwidth costs while maintaining
perceived quality.
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3. Emerging Trend — Generative Image Restoration

3.1 Introduction

Image restoration is the task of recovering a clean, high-quality image from a degraded observation — where the
degradation may include noise, blur, missing regions (inpainting), low light, or compression artifacts. Generative
image restoration refers to the use of generative models (GANSs and, increasingly, diffusion models) as learned
priors that describe what natural images look like, allowing the restoration process to fill in or reconstruct
plausible content rather than merely suppressing degradation.

Formally, many restoration tasks can be posed as an inverse problem: given a degraded observation y produced
from a clean image x through some (possibly unknown) degradation process, the goal is to recover an estimate of
X. Classical restoration methods rely on hand-crafted priors (e.g., Smoothness assumptions); generative restoration
instead uses a learned generative model of natural images as the prior, guiding the reconstruction toward outputs
that both fit the observed degraded data and look like realistic, natural images.

3.2 GAN-Based Restoration

« A generator network is trained to map a degraded image (or a noise vector conditioned on the degraded
image) to a restored output, while a discriminator network encourages the output to be indistinguishable from
real, high-quality images.

«  GAN-based inpainting models (e.g., context-encoder-style networks with contextual attention) can fill
missing regions of an image by generating content consistent with the surrounding context, rather than
simply blurring or duplicating nearby pixels.

- Transformer components are increasingly combined with GAN generators to better capture long-range
structural dependencies (e.g., completing a partially occluded object using distant contextual cues).

3.3 Diffusion-Based Restoration

Diffusion models — originally developed for high-quality image generation — have become a major emerging
direction in image restoration, because a single pre-trained diffusion model can act as a general-purpose
generative prior for many different restoration tasks (denoising, deblurring, super-resolution, inpainting,
colorization), without needing a separate model trained for each specific degradation.

« Denoising Diffusion Probabilistic Models (DDPMs) learn to reverse a gradual noise-adding process; at
inference, this reverse (denoising) process can be guided by the degraded observation to produce a
restoration consistent with it.

« Diffusion posterior sampling and related guidance methods incorporate the known (or estimated) degradation
model directly into the sampling process, allowing a single pre-trained diffusion model to solve a wide range
of linear, nonlinear, and even blind (unknown-degradation) inverse problems.

« Blind restoration models (e.qg., diffusion-prior-based approaches for real-world degraded images) aim to
handle images whose exact degradation process is unknown or highly complex, which is common in old
photographs and real-world captured images.

« Akey emerging focus is reducing the number of denoising steps required, since standard diffusion sampling
is iterative and computationally expensive; recent work explores single-step and few-step diffusion-based
restoration to make these methods more practical for real-time or large-scale use.

3.4 Typical Generative Restoration Tasks
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Task Description Typical Generative Approach
Denoisi Removing sensor/compression noise Diffusion models used as learned
enoising . . ; : .
while preserving detail denoisers/priors
Deblurring Reversing motion or defocus blur Conditional GANS; d_lf'fu5|on posterior
sampling
Inpaintin Filling missing or masked regions GAN with contextual attention; diffusion
P g realistically inpainting (e.g., RePaint-style methods)
Colorizati Adding plausible colour to grayscale Conditional GANs; diffusion-based
olorization . L
images colorization
Blind restoration Restoring images with unknown, Diffusion models used as a generic generative
complex, mixed degradations prior (e.g., DiffBIR-style approaches)

3.5 Advantages of Generative Restoration
« Asingle generative prior (especially a pre-trained diffusion model) can be reused across multiple different
restoration tasks, rather than requiring a dedicated model per task.

« Capable of producing highly realistic, perceptually convincing results, even for severe or previously unseen
types of degradation.

 Can perform blind restoration — handling images without needing to know the exact degradation process in
advance.

3.6 Limitations
- Diffusion-based restoration is computationally intensive, since the classical sampling process requires many
iterative denoising steps (though single/few-step variants are an active area of research to address this).

« Generative restoration can hallucinate content — plausible-looking but factually incorrect detail — which is
a serious concern in sensitive applications such as forensic or medical imaging.

« Model performance and realism strongly depend on the training data distribution; performance may degrade
for image domains or degradations very different from those seen in training.

3.7 Applications

+ Restoration of old, damaged, or degraded historical photographs and film archives.

« Recovery of images/video corrupted by transmission or storage errors (e.g., 'bitstream-corrupted' video
restoration).

« Enhancement of low-light and noisy images captured with consumer or mobile cameras.

« Medical image restoration and enhancement, where careful validation is required to avoid hallucinated
diagnostic detail.

3.8 Comparison — Al Super-Resolution vs Generative Restoration

Aspect

Al Super-Resolution

Generative Image Restoration

Primary goal

Increase spatial resolution of an image

Recover a clean image from noise, blur,
missing regions, or mixed degradation

Typical degradation
assumed

Down-sampling (often with blur/noise
combined)

Noise, blur, occlusion/missing content,

unknown/mixed degradations
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Aspect Al Super-Resolution Generative Image Restoration

SRCNN, SRGAN/ESRGAN, SwinIR, | GAN-based inpainting, diffusion posterior
diffusion SR sampling, blind diffusion priors

Common models

Real-time, mobile, real-world (blind) | Single generative prior for multiple tasks;

Key emerging focus SR; one-step diffusion SR blind restoration; reducing sampling steps

3.9 Key Points to Remember

- Al-assisted enhancement replaces fixed spatial/frequency-domain filters with models trained end-to-end from
data.

« Al super-resolution reconstructs plausible high-resolution detail from low-resolution input, evolving from
CNNs (SRCNN) through GANs (SRGAN, ESRGAN, Real-ESRGAN) to Transformers (SwinIR) and
diffusion models.

 Generative image restoration uses GANs and, increasingly, diffusion models as general-purpose generative

priors to solve denoising, deblurring, inpainting, colorization, and blind restoration within a common
framework.

 Both fields share the same core trade-off: greater realism and detail recovery, versus higher computational
cost and risk of hallucinated (unfaithful) content.
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