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Abstract - Image enhancement is a fundamental area within computer vision and image processing, aimed at
improving the perceptual quality and interpretability of images for human viewers and downstream
computational tasks. While traditional methods have long relied on histogram manipulation and filter-based
approaches, the field has been revolutionized by the advent of deep learning. This paper provides a
comprehensive survey of the latest image enhancement methodologies. We begin with a brief overview of
conventional techniques before delving into the dominant paradigm of deep learning, covering Convolutional
Neural Networks (CNNs) and Generative Adversarial Networks (GANSs). Furthermore, we explore the
emerging and cutting-edge application of diffusion models, which have demonstrated remarkable capabilities in
generating high-quality, perceptually superior images. The paper discusses the strengths, limitations, and
typical applications of each methodological family, offering a clear perspective on the current state and future
trajectory of image enhancement research.

Index Terms - Image Enhancement, Deep Learning, Convolutional Neural Networks (CNNs), Generative
Adversarial Networks (GANSs), Diffusion Models, Super-Resolution, Low-Light Enhancement.

|. INTRODUCTION

The digital image is a cornerstone of modern communication, science, and entertainment. However, images
are often captured under suboptimal conditions, leading to issues such as poor lighting, noise, blur, and low
resolution. Image enhancement addresses these problems by processing an image to make it more suitable for
a specific application or human observer [1]. The objective is not to reconstruct the original scene faithfully,
as in image restoration, but to create a visually improved version based on a desired criterion [2].

For decades, enhancement techniques were primarily based on pixel-level operations and signal processing.
Methods like histogram equalization, unsharp masking, and linear filtering formed the core toolkit [3]. While
effective in some scenarios, these approaches often lack the adaptability and semantic understanding required
for complex, real-world images. The last decade has witnessed a paradigm shift with the rise of deep
learning, which has dramatically elevated the performance and scope of image enhancement. This survey
catalogs this evolution, focusing on the latest deep learning-based methods and the promising new frontier of
diffusion models.

Il. TRADITIONAL IMAGE ENHANCEMENT METHODS

Before the deep learning era, image enhancement was predominantly achieved through heuristic and signal-
processing techniques. These methods are still relevant due to their computational efficiency and simplicity.
2.1 Histogram-Based Techniques

Histogram equalization is a classic global contrast enhancement method that redistributes pixel intensities to
cover a wider dynamic range, resulting in an image with a uniform histogram [3]. Variants like Contrast-
Limited Adaptive Histogram Equalization (CLAHE) operate on small local regions to prevent over-
amplification of noise and have found extensive use in medical imaging [4].

2.2 Spatial Filtering

Spatial filters, such as Gaussian filters for smoothing and Laplacian filters for sharpening, are applied
directly to the pixels of an image. Unsharp masking is a popular technique that enhances edges by
subtracting a smoothed version of the image from the original [1]. While useful, these filters are limited in
their ability to understand image content and can amplify noise while enhancing details.
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I11. DEEP LEARNING-BASED METHODS

The breakthrough in deep learning, particularly with convolutional neural networks (CNNSs), has provided a
data-driven framework for learning complex enhancement mappings directly from data.

3.1 Convolutional Neural Networks (CNNs)

CNNs have become the workhorse for many image-to-image translation tasks. For super-resolution, the
seminal SRCNN (Super-Resolution Convolutional Neural Network) demonstrated that a CNN could learn an
end-to-end mapping from low-resolution to high-resolution images, outperforming traditional methods [5].
Subsequent models like EDSR (Enhanced Deep Super-Resolution) and RCAN (Residual Channel Attention
Networks) introduced advanced architectural components like residual and attention blocks to further
improve performance and efficiency [6], [7]. CNNs are also highly effective for tasks like denoising
(DnCNN) and low-light enhancement (LLNet).

3.2 Generative Adversarial Networks (GANS)

GAN:Ss introduced a revolutionary adversarial training framework, comprising a generator that creates images
and a discriminator that distinguishes them from real images [8]. This paradigm is exceptionally powerful
for perceptual image enhancement, as it can learn to generate highly realistic and detailed outputs. Models
like SRGAN and ESRGAN (Enhanced Super-Resolution GAN) leveraged GANs for super-resolution,
producing textures and details that are perceptually more convincing than those from MSE-based CNN
models [9], [10]. GANs are also widely used for extreme low-light enhancement, as in the work of [11],
which can brighten images while suppressing noise and artifacts.

IV. THE EMERGENCE OF DIFFUSION MODELS

Diffusion Models represent the latest frontier in generative modeling and have recently been applied to
image enhancement with stunning results. They have set new benchmarks in terms of output quality and
diversity.

4.1 Fundamentals of Diffusion Models

Diffusion models work through a two-stage process. The forward process gradually adds Gaussian noise to
an image over many steps until it becomes pure noise. The reverse process is then trained to denoise the
image, effectively learning to recover the original data from the noise [12]. This denoising process is
typically learned by a U-Net architecture conditioned on the timestep.

4.2 Application to Enhancement Tasks

The power of diffusion models lies in their iterative refinement. For tasks like super-resolution, the model is
conditioned on a low-resolution image and guided to reconstruct a high-resolution version through
sequential denoising steps. The SR3 (Super-Resolution via Repeated Refinement) model, for instance,
frames super-resolution as a denoising process starting from pure noise, conditioned on the low-resolution
input, achieving remarkable fidelity [13]. Similarly, methods like Palette demonstrate a single diffusion
model capable of handling multiple image-to-image tasks, including colorization, inpainting, and
enhancement, by conditioning the model on the specific task [14]. These models often produce outputs with
superior perceptual quality and fewer unnatural artifacts compared to previous GAN-based approaches.

V. DISCUSSION AND FUTURE DIRECTIONS

The following tables provide a side-by-side comparison of the four main categories of image enhancement
techniques across key performance indicators and characteristics.
Table 1. Core Methodology & Technical Approach

Category | Primary Mechanism Key Principle Data Dependency
Applies a fixed, hand-crafted Very Low; no training data
Traditional Mathematical algorithm to the image pixels (e.g., required.

Methods transforms & filters. | redistributing intensity values or
convolving with a kernel).

Learns a complex, non-linear High; requires a large
CNN- , ; o 4
Based Convolutional Neural mapping frqm a Iow-quqllty input to d«_ataset of_(Iov_v-quallty,_
Networks. a high-quality output using high-quality) image pairs
Methods . . : . o~
hierarchical feature extraction. for supervised training.
GAN- Adversarial Training The generator creates e_nhgnced Very High; requires Iar_ge;
images, while the discriminator datasets and careful training
Based (Generator vs. critiques them, driving the output to avoid mode collapse
Methods Discriminator). g ' g P pse.

towards the manifold of natural
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images.

Gradually adds noise to an image
(forward process) and then trains a

Extremely High; requires
massive datasets and learns

Diffusion Iterative Denoising. | network to reverse this process, the underlying data
Models : R
learning to reconstruct data from distribution.
noise.
Table 2: Performance & Output Quality
Category Output Fidelity Detail Recovery Artifact Handling Key Strength
Traditional | Low to Moderate; Poor; cannot Often amplifies noise and | Simplicity and
Methods | often looks artificial. | recover lost high- | creates blocking/banding speed for basic
frequency details. | artifacts. tasks.
Can over-enhance
noise.
CNN- High; significant Good; can recover | Good at suppressing noise | High
Based improvement over plausible details while enhancing the signal. | PSNR/SSIM,;
Methods | input. based on learned reliable and
patterns. robust for well-
defined tasks.
GAN- High Perceptual Very Good; can Can sometimes introduce | Best for
Based Quality; outputs generate realistic, | hallucinated details or perceptual
Methods | appear more "natural” | fine-grained unnatural textures. metrics; creates
and visually textures. visually pleasing
appealing. results.
Diffusion | State-of-the-Art; Excellent; capable | Superior; produces clean Unmatched
Models highest fidelity and of generating outputs with minimal output quality and
realism. highly detailed unnatural artifacts due to diversity; highly
and coherent iterative refinement. robust.
structures.
Table 3: Computational Considerations
Category Cg:ﬁ;)?égﬂy Inference Speed Computational Cost Model Size
Traditional | N/A (No Very Very Low. N/A (Algorithm
Methods | training) Fast (milliseconds). only).
CNN- Moderate to | Fast (can be real-time Moderate (depends on Moderate to Large.
Based High. with optimized models). | network depth).
Methods
Very High | Moderate to Fast. High (requires two Large.
GAN-
Based (unst_able, networks).
Methods | lcauITes
tricks).
Extremely | Very Slow (requires 10- | Very High during Very Large (e.g., U-
Diffusion | High (long | 1000 sequential steps). inference. Net with attention).
Models | training
times).
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Table 4: Practical Application & Usability

Category Ease of Implementation C?:r?eurztlri];;iii Primary Application Domains
Traditional Very_Easy; o_fter_l a si_ngle Lowi performapcg [ !Basic_ photo editing, medi_cal
function call in libraries consistent but limited, does | imaging (CLAHE), real-time
Methods | like OpenCV. not adapt to content. systems.
CNN- Moderate; requires High; generalizes well General super-resolution,
expertise in deep learning | within the domain of its denoising, deblurring,
Based frameworks. training data. commercial upscaling tools.
Methods
GAN- Difficult; sensitive to Moderate; can fail Photo-realistic enhancement,
hyperparameters and prone | unpredictably on out-of- artistic style transfer, extreme
Based to training instability. distribution data, leading to | low-light vision.
Methods artifacts.
Very Difficult; cutting- Very High; demonstrates Research, high-end photo
Diffusion | edge research, requires strong zero-shot editing, medical imaging, any
Models significant resources. generalization and task application where quality is
flexibility. paramount over speed.

e Traditional vs. Deep Learning: The choice is between speed and simplicity (Traditional) versus
performance and adaptability (Deep Learning).
e CNNs vs. GANs: The trade-off is between quantitative accuracy and stability (CNNSs) versus
perceptual quality and realism (GANS).
e GANSs vs. Diffusion Models: The trade-off is between inference speed (GANS) versus ultimate
output quality and generation diversity (Diffusion Models).
Each family of methods presents a trade-off. Traditional methods are simple and fast but lack the power for
complex enhancements. CNNs offer a strong balance between performance and speed and are highly
effective for well-defined tasks. GANs excel in perceptual quality but can be challenging to train and may
introduce hallucinated details. Diffusion models currently produce the highest-quality results but are
computationally intensive due to their iterative nature, making them slower for inference.
Future research is likely to focus on:

1. Efficiency of Diffusion Models: Developing faster sampling techniques and more efficient
architectures to make diffusion models practical for real-time applications.

2. Unified Frameworks: Creating single models that can robustly handle a wide array of enhancement
tasks (e.g., joint super-resolution, denoising, and color correction).

3. Perceptual Metrics: Developing better evaluation metrics that align with human perception, as
traditional metrics like PSNR often fail to capture visual quality accurately.

4. Ethical Considerations: Addressing the potential for misuse of powerful generative enhancers, such as
the creation of deepfakes or the alteration of forensic evidence.

V1. CONCLUSION

The field of image enhancement has undergone a rapid and profound transformation. The journey from
histogram equalization to sophisticated deep learning models illustrates a move from hand-crafted algorithms to
data-driven, semantic-aware solutions. While CNNs and GANs have dominated the landscape in recent years,
diffusion models have emerged as a powerful new paradigm, pushing the boundaries of what is possible in
terms of visual fidelity. Despite the computational challenges, their performance signifies a new state-of-the-art
and points toward an exciting future where the line between enhancement and generation becomes increasingly
blurred. The ongoing research will undoubtedly continue to yield more efficient, powerful, and versatile image
enhancement tools.
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