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ABSTRACT OF THE THESIS

Reference-Guided Image Enhancement with Retinex Priors and Diffusion Models
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Siddharth Seth
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Professor Ming-Hsuan Yang, Chair

Image restoration, particularly low-light and compression artifact removal, remains a

challenging problem due to severe loss of illumination, color distortion, and high-frequency

detail degradation. Traditional methods often struggle to preserve semantic content, while

existing learning-based approaches require large annotated datasets and are limited in han-

dling extreme underexposure. In this paper, we propose a novel reference-based image

enhancement framework, ReGIE, that integrates Retinex priors, reference image condi-

tioning, and a diffusion model guided via ControlNet. Our method leverages a Retinex-

based decomposition of the degraded image to provide structural illumination priors and

conditions the generative process using a semantically similar reference image retrieved

from a multi-view dataset. To mitigate the over-smoothing effects common in latent dif-

fusion models, we introduce a high-frequency fidelity constraint using Discrete Fourier

Transform and Sobel filtering, encouraging edge-aware restoration. Extensive experiments

on multi-view datasets demonstrate that our model achieves state-of-the-art performance

in both quantitative metrics (PSNR, SSIM, DreamSim) and qualitative perceptual qual-

ity. Our results highlight the potential of combining physical priors, generative modeling,

and reference-based conditioning for controllable and high-fidelity image enhancement in

extremely challenging lighting conditions and compression artifacts.

ix



Chapter 1

Introduction

Image restoration is a fundamental task in computer vision that focuses on recover-

ing high-quality images from degraded observations affected by various distortions such as

noise, blur, low resolution, compression artifacts, and exposure issues [11]. These degrada-

tions can arise due to limitations in imaging sensors, environmental conditions, motion, or

lossy transmission and storage processes. The goal of image restoration is to reconstruct vi-

sually appealing and perceptually accurate images while preserving fine details, structures,

and textures.

Image compression is indispensable in modern imaging pipelines, enabling efficient

storage and transmission of large volumes of visual data. However, lossy compression

methods such as JPEG, while widely used due to their simplicity and efficiency, introduce

a range of artifacts—blocking, ringing, blurring, and color distortion that significantly de-

grade visual quality and hinder the performance of downstream vision applications [47, 5].

Consequently, developing robust restoration techniques that can effectively mitigate these

artifacts is essential for both perceptual enhancement and reliable machine vision perfor-

mance.

Capturing high-quality images under diverse and challenging lighting conditions is a

critical problem in modern computer vision [4, 48]. Lighting plays a fundamental role in

image formation, influencing the visibility, color balance, contrast, and overall perceptual

quality of captured images. While well-lit environments allow for clearer, more detailed

captures, extreme lighting conditions—such as low-light (under-exposure) introduce sig-

nificant degradations that compromise both human visual perception and automated com-

1
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puter vision algorithms.

In under-exposed (low-light) conditions, the lack of sufficient illumination results in

dark, low-contrast images, making it difficult to discern objects and details [29]. This is

particularly challenging for vision systems operating at night, in dimly lit indoor envi-

ronments, or under adverse weather conditions like fog or heavy rain. Low-light images

frequently suffer from:

• Noise amplification – Due to increased sensor gain (ISO) settings, images exhibit

excessive noise, graininess, and speckle distortions [40].

• Reduced contrast and visibility – Shadows and dark regions become indistinguish-

able, leading to loss of critical scene information [52].

• Color distortion – Under low-light, cameras struggle to accurately capture colors,

often resulting in unnatural color shifts or washed-out tones [50].

• Detail loss and blur – Motion blur increases in low-light conditions as cameras use

longer exposure times to compensate for darkness [4].

Conversely, in over-exposed (high-brightness) conditions, such as direct sunlight, high-

glare environments, or reflective surfaces, images suffer from:

• Saturation and highlight clipping – Overexposed regions lose all detail, turning into

bright white patches where information is irreversibly lost [14].

• Dynamic range limitations – Standard imaging sensors struggle to balance bright and

dark areas simultaneously [55].

• Lens flare and reflection artifacts – Harsh lighting can introduce unwanted reflections

and flares, further degrading the image quality [44].

• Color fading and unnatural tones – High brightness levels wash out colors, resulting

in low contrast and loss of vibrancy [62].

These problems are not merely aesthetic concerns—they have severe implications for

downstream computer vision tasks. Many automated vision systems rely on high-quality
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images to extract meaningful features for decision-making, and degraded images can severely

impact the performance of:

• Object Detection and Recognition – Poor lighting or compression artifacts can make

it difficult for AI models to distinguish objects from the background, especially in

surveillance, security, and retail applications [25].

• Tracking and Scene Understanding – Motion blur and extreme lighting conditions

can disrupt object tracking algorithms, affecting real-time applications such as au-

tonomous driving and robotics [58].

• Medical and Healthcare Imaging – In radiology, endoscopy, and microscopy, incor-

rect exposure or compression artifacts can lead to misinterpretation of critical de-

tails [65].

• Digital Photography and Computational Aesthetics – Over/underexposed images fail

to capture the intended artistic vision, requiring extensive post-processing to restore

their quality [18].

Given these widespread challenges, the development of robust image enhancement and

exposure correction techniques is essential. Modern image restoration methods, including

deep learning-based approaches [59, 4], physics-driven modeling [12], and hybrid enhance-

ment frameworks, are continuously evolving to address these issues. The goal is to restore

natural-looking images that preserve details, maintain accurate colors, and optimize visi-

bility for both human observers and computer vision algorithms.

1.1 Challenges in Exposure Correction

Correcting exposure and enhancing low-light images is inherently an ill-posed problem,

as different lighting conditions introduce various types of degradations that require context-

aware restoration strategies. We next describe the key challenges.

Visibility Degradation and Color Distortion. Low-light images often suffer from

intensity attenuation and color distortion due to sensor limitations [52]. Conventional en-

hancement methods tend to over-amplify certain color channels, leading to unnatural tones
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and chromatic shifts. Over-exposed images, on the other hand, may lose important texture

details, especially in highlighted or saturated regions, making it difficult to recover lost

information.

Noise Amplification and Detail Preservation. Under-exposed images captured in

low-light conditions frequently contain photon noise, sensor noise, and compression arti-

facts [40], which get amplified during enhancement if not handled properly. Some methods,

particularly aggressive contrast enhancement approaches, tend to smooth out fine textures,

making images appear overly artificial [29].

Limitations of Traditional Methods. Traditional approaches such as histogram equal-

ization [11] can improve contrast but often introduce artifacts and do not consider local

exposure variations. Gamma correction works well in some cases but assumes a fixed

non-linearity, which does not adapt to different exposure conditions. Retinex-based meth-

ods [20, 12], inspired by human visual perception, decompose an image into reflectance

and illumination components, but often fail to handle noise and color distortions in com-

plex scenes.

1.2 Compression Artifacts

Mitigating compression artifacts has been an active area of research. Traditional meth-

ods, including filtering [51], dictionary learning [34], and sparse coding [8], often lack

robustness and generalizability. The advent of deep learning has revolutionized artifact

removal, with early CNN-based approaches like ARCNN [7] and DnCNN [60] demon-

strating notable improvements in restoring compressed images. More recently, generative

models and diffusion-based methods have emerged as powerful tools for image restora-

tion. Diffusion models, originally designed for high-fidelity image generation, have shown

promise in inverse problems like denoising, super-resolution, and artifact removal [45, 43].

However, most existing diffusion models rely on multi-step sampling, leading to significant

computational overhead and making them unsuitable for real-time or resource-constrained

settings.

To overcome these limitations, Guo et al. propose CODiff, a compression-aware one-

step diffusion model for JPEG artifact removal [13]. CODiff introduces a Compression-
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aware Visual Embedder (CaVE) that integrates JPEG quantization priors into a powerful

feature extractor. This feature representation is used to condition the one-step denoising

process, drastically reducing inference time. Furthermore, CODiff employs a dual learn-

ing strategy combining explicit quality prediction and implicit reconstruction objectives.

This dual guidance enables the model to better understand compression levels and recover

visually pleasing images even under heavy degradation.

In parallel, other architectures such as Swin2SR [26, 3] leverage transformer-based

backbones to capture long-range dependencies and achieve state-of-the-art results in com-

pressed image super-resolution. Similarly, DAGN [63] explores the synergy between compression-

sensitive and compression-invariant features to enhance restoration. Despite these advance-

ments, achieving high-quality restoration across diverse compression levels while main-

taining real-time efficiency remains an open problem. In this work, we aim to address

these challenges using our ControlNet diffusion model.

1.3 Scope of This Work

In this study, we present a novel framework for image restoration, ReGIE, particularly

low-light enhancement and image compression artifacts mitigation that combines:

Retinex Theory: This works on the theory of decomposing an image into its illumina-

tion and reflectance components. This helps in better handling exposure variations while

minimizing artifacts and noise.

Diffusion-Based Restoration Mechanisms: For realistic exposure enhancement through

iterative refinements and better generalizability, leveraging diffusion priors obtained from

millions of real-world images.

This work aims to correct under-exposed images in a unified framework, suppressing

noise without sacrificing detail richness. Using a Retinex model, we can ensure real-time

efficiency, making the method practical for autonomous driving, medical imaging, and

mobile photography applications, i.e., deployment-friendly, while using a diffusion model

helps generalize to varying environments. By addressing the fundamental challenges and

leveraging recent advancements, we seek to push the boundaries of automated exposure

correction and compression artifact removal, making it more adaptive, efficient, and gener-
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alizable to diverse real-world conditions.



Chapter 2

Related Work

Recent advances in image enhancement tackle challenges in both low-light and compression-

degraded scenarios. Methods like Zero-DCE [12] and LLFlow [49] enhance low-light

images without paired data, while transformer-based models such as Retinexformer [2] im-

prove structure preservation. For compression artifact removal, approaches like SwinIR [26]

and DAGN [63] leverage attention mechanisms and dual-path learning. CODiff [13] further

introduces a one-step diffusion model with JPEG priors for fast and high-fidelity restora-

tion.

2.1 Low-Light Image Enhancement

Low-light image enhancement (LLIE) is a longstanding problem in computer vision,

aiming to improve the visibility and perceptual quality of images captured under subopti-

mal illumination. Traditional approaches rely on hand-crafted priors and physical imaging

models. Retinex theory [22] forms the foundation for many classical methods, where an

image is decomposed into reflectance and illumination components to simulate human vi-

sual perception. Numerous variants [20, 12, 52] have been proposed to address illumination

estimation and reflectance preservation, although they often struggle with noise amplifica-

tion and color distortion in extremely dark regions.

Learning-based methods, particularly those driven by convolutional neural networks

(CNNs), have gained prominence in recent years. Supervised models such as Enlighten-

GAN [19], KinD [62], and Zero-DCE [12] have shown substantial improvements by learn-

7
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ing illumination correction directly from paired or unpaired data. However, these models

often require large-scale annotated datasets, and their ability to generalize to real-world

low-light conditions remains limited.

2.2 Reference-Based Image Restoration

Reference-based image restoration introduces auxiliary images as guidance to improve

the restoration of a degraded target. These auxiliary inputs—referred to as reference im-

ages—can provide structural, contextual, or appearance-based cues that are otherwise ab-

sent in the corrupted image. This strategy has been explored in super-resolution [64, 57],

denoising [9], and video frame interpolation [35]. In low-light settings, reference images

can serve as semantic anchors, compensating for the severe loss of detail, texture, and

illumination cues present in the target image.

Unlike multi-frame or stereo-based enhancement techniques, reference-based restora-

tion does not necessarily assume temporal continuity or geometric alignment. Instead, the

goal is to exploit visual similarity and semantic overlap between the target and reference.

Approaches like SGZ [54], SMORE [33], and TTSR [56] employ reference encoders to

extract transferable appearance features, which are then fused with the target’s structural

information using attention or correlation modules. Our method builds on this idea but

leverages a diffusion-based framework with explicit control pathways to disentangle struc-

ture and appearance through structured priors and reference image embeddings.

2.3 Diffusion Models for Image Restoration

Denoising diffusion probabilistic models (DDPMs) [16, 46] have emerged as a power-

ful class of generative models capable of synthesizing high-quality images through itera-

tive denoising of Gaussian noise. Recent advancements have extended their application to

image-to-image translation tasks, such as super-resolution [43], inpainting [31], and blind

restoration [24]. The core advantage of diffusion models lies in their capacity to model

complex image distributions without adversarial training, while naturally supporting itera-

tive refinement.
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However, vanilla diffusion models are often slow to converge and are not inherently

guided by spatial priors. Conditional variants, such as guided diffusion [6], classifier-free

guidance [17], and latent diffusion models (LDMs) [41], address this by incorporating con-

ditioning signals into the reverse process. In particular, ControlNet [61] has introduced a

flexible and scalable framework for injecting spatial control via zero-initialized convolu-

tional branches. This allows pretrained diffusion models to respond to structure-preserving

cues like edge maps, depth maps, or semantic masks. Our work adapts ControlNet to condi-

tion on Retinex priors and reference image features, enabling spatial and appearance-aware

low-light enhancement.

2.4 High-Frequency Preservation in Restoration

A major challenge in image restoration, especially under strong degradations such as

low-light conditions, is the recovery of high-frequency details. These include edges, tex-

tures, and fine structures that are often lost during encoding or diffusion. Previous works

have attempted to address this through perceptual losses [21], adversarial training [23], and

frequency-domain constraints [53]. In the context of VAEs and diffusion models, VAE-

induced blurring is a common issue due to the smooth latent representations.

To mitigate this, recent studies have proposed injecting high-pass filtered components,

using Discrete Fourier Transform (DFT) [36], Wavelet transforms [27], or edge-based reg-

ularizers such as Sobel operators [38]. Our method integrates high-frequency fidelity con-

straints that operate in both the frequency and gradient domains. These constraints are

applied at inference time to encourage structural consistency between the output and the

ground truth, even in fine-grained detail.

In contrast to prior works, our approach combines Retinex theory, reference-based

conditioning, and high-frequency constraints within a unified ControlNet-based diffusion

framework. By doing so, we enable structure-aware, appearance-guided enhancement that

is especially effective in extreme low-light conditions. Our design facilitates controllable,

high-fidelity restoration while maintaining flexibility across varying lighting and scene

complexities.



Chapter 3

Approach

We approach the problem by formulating it as a reference-based image restoration task.

In this setting, the goal is to recover a high-quality target image from a degraded or noisy

input, using an additional reference image that provides complementary information. The

reference image typically shares semantic or structural similarity with the target, such as

being from the same scene, subject, or identity, but captured under different conditions

(e.g., pose, lighting, or resolution). By leveraging the correlation between the input and

the reference, the model can more accurately infer missing details, reduce artifacts, and

improve the fidelity of the restored output. This formulation allows us to exploit both low-

level pixel-wise cues and high-level contextual information from the reference, leading to

more robust and visually coherent restoration performance.

Our work specifically focuses on low-light and compression artifact images enhance-

ment within the reference-based image restoration framework. Low-light conditions often

lead to images with poor visibility, elevated noise levels, and significant loss of detail, par-

ticularly in darker regions. By leveraging a well-lit reference image that shares semantic

or structural similarity with the low-light input, our method aims to guide the enhancement

process more effectively. Leveraging a multi-view scene setup, the reference view provides

additional context to compensate for missing information, helping the model to recover fine

textures, correct color and brightness distortions, and suppress noise. This targeted formu-

lation allows us to address the inherent ambiguity in low-light scenes by grounding the

restoration in real, high-quality visual cues drawn from the reference image.

To tackle the task of low-light and compression artifact image enhancement, our pro-

10
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posed framework, ReGIE, introduces several key innovations:

• We incorporate structural cues derived from Retinex decomposition to guide the en-

hancement process, enabling effective recovery of global illumination in severely

underexposed images by explicitly modeling noise.

• By leveraging semantic and stylistic information from reference images, the model

restores fine-grained details that are typically lost in degraded conditions.

• We build on a ControlNet-augmented diffusion architecture to enable precise, spa-

tially aligned conditioning at multiple scales throughout the generative process, al-

lowing for disentangled and controllable image synthesis.

• To suppress VAE-induced blurring and preserve edge sharpness, we introduce a loss

term that combines Discrete Fourier Transform (DFT) and Sobel filtering in the fre-

quency domain.

Together, these components form a robust enhancement pipeline capable of address-

ing both global illumination recovery and detail preservation in challenging low-light and

compression artifact-affected scenes.

3.1 Preliminaries

Diffusion models. are a class of generative models that rely on a two-phase process: a

forward (diffusion) process and a reverse (denoising) process. These models are inspired

by nonequilibrium thermodynamics and are capable of generating complex data, such as

images, by learning to gradually corrupt and then reconstruct data.

In the forward process, also known as the noising process, a clean input image x0

is progressively corrupted by adding Gaussian noise over a series of discrete time steps

t ∈ {0, 1, . . . , T}. At each step, the input is transformed into a noisier version xt according

to the following equation:

xt =
√
ᾱt x0 +

√
1− ᾱt ϵt

Here, ᾱt is a variance scheduling parameter that determines the proportion of the original

signal preserved at time step t, and ϵt ∼ N (0, I) represents isotropic Gaussian noise. As t
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increases, the signal degrades progressively until xT is approximately pure Gaussian noise.

The reverse process aims to invert the corruption and reconstruct the clean image x0

starting from the noisy image xT . This is achieved by learning a denoising function pa-

rameterized by a neural network ϵθ, which estimates the noise component ϵt added at each

step.

The model is trained to predict ϵt using a noise prediction objective. A commonly used

loss function is the mean squared error (MSE) between the true noise and the predicted

noise:

Ldiff = Ex0,t,ϵ∼N (0,1)

[
∥ϵ− ϵθ(xt, t)∥22

]
By minimizing this objective, the network learns to denoise step-by-step, enabling the gen-

eration of high-quality samples during inference by reversing the diffusion trajectory from

pure Gaussian noise back to a structured image.

Inputs Assumption. We aim to tackle the task of restoring images degraded due to under-

saturation, with a specific focus on correcting exposure in low-light conditions. To address

this, we assume access to ground-truth (GT) paired training data consisting of a clean,

well-exposed image Igt ∈ RH×W×3 and its corresponding degraded, low-light version Ia ∈
RH×W×3. The artifact-affected image Ia exhibits significant under-saturation due to low

illumination conditions at capture time, while Igt serves as the target of the same image

captured under ideal lighting. We also assume the availability of a corresponding reference

image, Ir ∈ RH×W×3, which provides complementary visual information to guide the

restoration process. The reference image is assumed to be semantically or structurally

related to the target scene, potentially sharing viewpoint, content, or context, but may differ

in appearance due to variations in pose, lighting, or other factors.

While the paired supervision allows the model to learn a direct mapping between low-

light and well-lit imagery, we provide the restoration network Ir to capture the underly-

ing semantics, textures, and illumination patterns necessary for effective enhancement at a

scene level. Additionally, this setting enables the network to disentangle true scene content

from noise and lighting artifacts, thus enabling more faithful restoration.
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Figure 3.1: Overall pipeline of our proposed approach for low-light image enhancement.

3.2 Overall Method

Our reference-based image restoration framework, ReGIE, operates under the assump-

tion that, for each training sample, we have access to an artifact-degraded image along

with its corresponding clean target and a reference image. However, rather than requir-

ing manual collection of reference images for each artifact image, we leverage multi-view

scene data, which inherently contains multiple perspectives and lighting variations of the

same scene. This allows us to extract suitable reference-clean pairs directly from the ex-

isting dataset, significantly reducing the need for additional reference image acquisition.

The selected reference image shares semantic or structural similarity with the target image,

offering complementary information for effective restoration.

To provide a strong inductive bias for the downstream generative model, we preprocess

the degraded (low-light) artifact images using a Retinex-based decomposition module. This

module enhances visibility by separating the illumination and reflectance components of

the image, effectively suppressing degradation introduced by low-light conditions. The

enhanced output serves as a refined prior input to the diffusion model, emphasizing critical
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structural and content features in the corrupted image.

Our core generative model builds upon a diffusion architecture with a ControlNet back-

bone, enabling conditional generation guided by both structural cues and reference-based

appearance information. The model takes as input the artifact image Ia, the corresponding

clean target Igt, and the reference image Ir, and generates a restored output Îa. The network

is trained to preserve the structural and spatial layout of the artifact image while borrowing

appearance features such as texture, color, and tone from the reference image, resulting in

perceptually coherent and visually pleasing restorations.

To further improve reconstruction quality, we address the common issue of VAE-induced

blurriness in diffusion models, which often results in the loss of fine details. We incor-

porate a Fourier transform-based module to retain high-frequency information during the

generative process. This frequency-domain representation helps to enhance edge sharpness

and texture fidelity by fusing back fine-grained spectral components into the final output,

thus mitigating the smoothing effects of latent compression and producing sharper, more

detailed images. We show the overall approach in Fig. 3.1.

Since our proposed method remains the same for low-light image enhancement and

compression artifact removal, we simply describe each of the components forming the

proposed low-light image enhancement approach in detail.

3.3 Retinex-based Exposure Correction

According to the Retinex theory, an image I ∈ RH×W×3 can be decomposed into a

reflectance image R ∈ RH×W×3 and an illumination map L ∈ RH×W as

I = R⊙ L, (3.1)

where ⊙ denotes the element-wise multiplication. This Retinex model assumes I is corruption-

free, which is inconsistent with the real under-exposed or over-exposed scenes. We identify

that the corruptions predominantly arise from two sources. First, the use of high-ISO and

long-exposure settings in dark scenes naturally leads to the introduction of noise and ar-

tifacts. Second, the process of brightening these images may tend to not only amplify

existing noise and artifacts but may also result in incorrectly exposed images and color

distortions.
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Figure 3.2: Retinex module to process highly undersaturated images and provide a strong

inductive bias for the generative model.

To account for the corruptions, the following equation models the perturbations in R

and L:
I = (R+ R̂)⊙ (L+ L̂)

= R⊙ L+R⊙ L̂+ R̂⊙ (L+ L̂),
(3.2)

where R̂ ∈ RH×W×3 and L̂ ∈ RH×W denote the perturbations. Similar to [2], we regard R

as a well-exposed image. To light up I, we element-wise multiply the two sides of Eq. (3.2)

by a light-up map L̄ such that L̄⊙ L = 1 as

I⊙ L̄ = R+R⊙ (L̂⊙ L̄) + (R̂⊙ (L+ L̂))⊙ L̄, (3.3)

where R̂ ⊙ (L + L̂) represents the noise and artifacts hidden in the dark scenes and are

amplified by L̄. R⊙(L̂⊙L̄) indicates the under-/over-exposure and color distortion caused
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by the light-up process. We simplify Eq. (3.3) as

Ilu = I⊙ L̄ = R+C, (3.4)

where Ilu ∈ RH×W×3 represents the lit-up image and C ∈ RH×W×3 indicates the overall

corruption term.

We show a simplified diagram of Retinexformer in Fig. 3.2. We then formulate the

exposure correction loss function between the retinex-mitigated image Ie and the ground

truth clean image Igt as

Lec(Igt, Ie) =
1

N

N∑
i=1

(I igt − I ie)
2 (3.5)

3.4 Reference dataset collection

To construct our reference-based image restoration dataset, we leverage multi-view

scene data that inherently captures the same scene from various perspectives and under

varying lighting conditions. For each scene, we iterate over individual images and apply

augmentation techniques to simulate underexposure or degradation, resulting in the artifact

image, Ia. A clean image, Igt of the same view, is selected to serve as the ground-truth

target, and an additional reference image, Ir is identified from within the same scene based

on semantic or structural similarity. This process yields a triplet consisting of the clean

image, its augmented version - the artifact image, and the reference image. To enhance

reference selection, we perform a similarity matching step, ranking candidate reference

images using a matching function and selecting the top-k most relevant ones (e.g., rank-

1, rank-2, rank-5). Furthermore, we evaluate the impact of different downscaling factors

(e.g., 0.5, 0.25, 0.125, 0.0625) on both the runtime and accuracy of similarity estimation.

This allows us to assess the trade-off between computational efficiency and matching per-

formance, guiding the choice of scale factor for large-scale data generation. The resulting

dataset provides rich, diverse triplets for training and evaluating reference-guided image

enhancement models. The algorithm is shown in Algorithm 1.
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Figure 3.3: ControlNet with Retinex-based pre-processing for reference-based image

restoration. A diffusion model with induced priors on exposure correction produces the

corresponding mitigated image.
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Algorithm 1: Reference Triplet Dataset Construction
Require: Multi-view scene dataset S , similarity matching function M, scale factors

F = {0.5, 0.25, 0.125, 0.0625}
Ensure: Triplet dataset D of form {(Ia i, Igt i, Ir i)}

1: for each scene s ∈ S do

2: for each image Igt i ∈ s[images] do

3: Apply data augmentation to Igt i to obtain Ia i

4: Retrieve a clean, similar-view image Ir from the same scene

5: Append triplet (Igt i, Ia i, Ir i) to dataset D
6: end for

7: end for

8:

9: // Similarity Matching (Triplet Selection)

10: for each image Ii in scene s do

11: Compute similarity scores M(Ii, Ij) for all Ij ∈ s, where j ̸= i

12: Rank the images by similarity score

13: Select top-k matches (e.g., rank-1, rank-2, rank-5) as candidate references Ir
14: end for

15:

16: // Scale Factor Evaluation (Optional for Trade-off Analysis)

17: for each scale factor f ∈ F do

18: Downscale images by factor f

19: Evaluate similarity matching performance and runtime

20: Record trade-off between speed and accuracy

21: end for

22: return Triplet dataset D and optional similarity-ranking metrics

3.5 Diffusion Enhancement Module

At the core of our restoration framework is a diffusion-based generative model en-

hanced with a ControlNet backbone, enabling conditional image generation guided by mul-

tiple structured inputs. Unlike conventional diffusion models that are conditioned solely
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on time-step and textual prompts, ControlNet introduces auxiliary conditioning branches,

allowing the integration of spatial priors and external appearance cues. This design signif-

icantly improves generation quality, especially under severe degradation scenarios such as

low-light imaging. We design it to incorporate both structural priors and reference-based

appearance cues into the denoising process. The objective is to reconstruct a high-quality

image Îa from a degraded input Ia, leveraging a corresponding clean target Igt to predict

the noisa and a reference image Ir as guidance.

At each diffusion step t, the model receives a noisy latent variable zt, which is ob-

tained by perturbing Ia through a forward diffusion process. The generation is conditioned

on three additional signals. A timestep and prompt embedding ct, typically encoded via

sinusoidal or learned positional embeddings is the usual signal given in the controller ar-

chitecture. A structural prior cl = fretinex(Ia) extracted from the low-light input using a

Retinex decomposition module captures illumination and edge-aware features. Finally, an

appearance prior cr = fref(Ir) is computed by encoding the reference image Ir through a

dedicated, trainable encoder. As we want the diffusion model to focus on collecting the

appearance information from the reference image, we keep the text prompts null.

These conditioning signals are injected into the diffusion U-Net using zero-convolution

layers within the ControlNet architecture, allowing for precise spatial alignment without

disrupting the pretrained weights of the diffusion backbone. Specifically, the noise predic-

tion network ϵθ operates as:

ϵθ(zt, t, ct, cl, cr),

where zt is denoised with the guidance of both cl and cr. The Retinex prior cl biases the

generation toward preserving structural fidelity in Îa, while the reference embedding cr

contributes high-level appearance attributes such as color, tone, and texture.

The ControlNet backbone follows a U-Net structure with encoder and decoder blocks

at multiple spatial resolutions (e.g., 64 × 64, 32 × 32). Each resolution stage processes

the latent input zt and integrates the conditional features via feature-wise addition and nor-

malization. The encoded latent is then progressively decoded to reconstruct the denoised

image. The model is trained using the standard noise prediction objective:

Ldiff = EIa,t,ϵ∼N (0,1)

[
∥ϵ− ϵθ(zt, t, ct, cl, cr)∥22

]
.

Through this multi-branch conditioning strategy, the ControlNet-enhanced diffusion model
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learns to synthesize structurally consistent and visually plausible restorations, grounded in

both the corrupted input Ia and the semantically aligned reference Ir.

3.6 High-frequency Preservation

In image restoration and generation tasks, preserving fine-grained semantic and spa-

tial details is critical for producing perceptually convincing outputs. However, the standard

VAE-based reconstructions often fail to retain high-frequency components such as textures,

edges, and especially text, which are crucial for semantic fidelity. To address this limita-

tion, we explicitly enforce high-frequency consistency between the generated image and its

ground truth counterpart, we introduce a fidelity constraint that compares their responses

to high-pass filtering operations. We utilize two complementary operators: a frequency-

domain operator F(·), implemented via the Discrete Fourier Transform (DFT) [36], and an

edge-domain operator S(·), implemented via the Sobel filter [38]. The Fourier-based com-

ponent transitions an image into the frequency domain, isolates high-frequency components

using a high-pass filter, and reconstructs them using the inverse transform. Simultaneously,

the Sobel operator captures prominent gradient information to highlight edge structures.

Given a ground truth image Igt and a generated image Dθ(zt→0) decoded from the

estimated latent representation at time step t, the fidelity loss Lf is computed as:

Lf (Igt, Dθ(zt→0)) = ∥F(Igt)−F(Dθ(zt→0))∥22
+ ∥S(Igt)− S(Dθ(zt→0))∥22

(3.6)

To obtain the latent zt→0, we use the predicted noise ϵ from the diffusion model H to

perform deterministic denoising from step t to step 0.

The final training objective is a weighted combination:

L = Ldiff + λfreqLfreq + λedgeLedge,

where we have expanded Lf = Lfreq + Ledge and λfreq and λedge are hyperparameters con-

trolling the contribution of the auxiliary losses.
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Experiments

In this section, we describe the dataset used for training and evaluation, baselines com-

pared with, evaluation metrics, and implementation details.

4.1 Datasets and Evaluation Metrics

To evaluate our proposed reference-based image enhancement framework, ReGIE, for

low-light and compression artifacts, we conduct experiments on the WRIVA challenge

dataset [1]. The dataset is a multi-view image dataset with multiple scenes captured in

different outdoor scenarios. The multi-view setup helps us formulate the image restoration

problem as a reference-based image restoration problem. The dataset also features different

cameras for capturing the scenes. The diversity in the outdoor environment makes the

dataset challenging to train on. We use a subset of the dataset, using cameras A08 and

M07. Each of the cameras captures several outdoor scenes. Since the dataset is originally

clean, we simulate low-light conditions and compression artifacts using the albumentations

library. The library provides different parameters that help us generate varying illumination

conditions and levels of compression artifacts. We use the evaluation set present in the

dataset. Since the evaluation set consists of images with different artifact types, we only

choose the ones affected by low exposure and compression artifact scenarios.

For reference image construction, we first compute visual similarity using a traditional

feature-matching method such as SIFT [30]. To improve robustness, we further refine the

ranking using a learned similarity function based on CLIP features [39]. From this ranked

21
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Figure 4.1: Qualitative comparison of our proposed approach with other low-light enhance-

ment methods on the M07 set. Our method consistently shows better retention of structural

details and color information. Best seen in color.
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GT Artifact Reference ControlNet OursRetinexformer Reti-Diff

Figure 4.2: Qualitative comparison of our proposed approach with other low-light enhance-

ment methods on the A08 set. Our method consistently shows better retention of structural

details and color information, while Retinexformer and Reti-Diff show washed-out visual

results. Best seen in color.

list, we select the top-k similar candidates and choose the most relevant reference image

for each target image within a scene.

We follow [42] to employ widely adopted non-reference perceptual metrics DreamSim
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score [10]. It bridges the gap between low-level metrics (e.g. LPIPS, PSNR, SSIM) and

high-level measures (e.g. CLIP).

4.2 Qualitative Evaluation

Since we propose the first reference-based low-light and compression artifact image

correction, we choose to compare our results with the baseline - ControlNet that takes

multiple conditionings as input, i.e., the artifact image and the corresponding reference

image. We also compare ReGIE with single-image low-light/restoration methods for a

broader discussion about the advantages of using a reference image for image restoration.

Fig. 4.1 and Fig. 4.2 showcases visual comparisons with competing methods. Our

approach, ReGIE, produces images with more natural illumination, better texture recovery,

and fewer artifacts, especially in challenging dark regions. The reference conditioning

helps recover fine details (e.g., text, signage) that other methods fail to restore, while the

Retinex prior contributes to balanced exposure correction.

4.3 Quantitative Results

We compare our proposed method against state-of-the-art low-light enhancement meth-

ods, including Reti-Diff [15], Retinexformer [2], DiffPlugIn [28], and ControlNet [61].

Table 4.1: Quantitative comparison for low-light image enhancement on A08 subset.

Method PSNR↑ SSIM↑ DreamSim↓
Retinexformer 11.23 0.31 0.69
DiffPlugIn 12.1 0.46 0.55
Reti-Diff 12.8 0.54 0.61
ControlNet 13.21 0.39 0.46
ReGIE (Ours) 14.97 0.49 0.30

Our method achieves the best performance across the DreamSim and PSNR metrics

on both A08 and M07 sets, demonstrating both high fidelity and perceptual quality. We

achieve the best performance on the A08 set for the SSIM metric and are close to Reti-Diff

on the M07 set. We show the results in Table 4.1 and Table 4.2.
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Table 4.2: Quantitative comparison for low-light image enhancement on M07 subset.

Method PSNR↑ SSIM↑ DreamSim↓
Retinexformer 12.46 0.43 0.65
DiffPlugIn 13.56 0.51 0.57
Reti-Diff 13.32 0.52 0.60
ControlNet 14.20 0.41 0.37
ReGIE (Ours) 16.91 0.49 0.17

Table 4.3: Quantitative comparison for compression artifact removal on M07 subset.

Method PSNR↑ SSIM↑ DreamSim↓
PromptIR 18.86 0.56 0.41
DA-CLIP 19.91 0.69 0.35
ControlNet 20.41 0.77 0.23
ReGIE (Ours) 21.14 0.81 0.12

We also compare our proposed method against state-of-the-art compression artifact en-

hancement methods, including DA-CLIP [32], PromptIR [37], and our own baseline Con-

trolNet [61].

Our method achieves the best performance across the DreamSim and PSNR metrics

on both A08 and M07 sets, demonstrating both high fidelity and perceptual quality. We

achieve the best performance on the A08 set for the SSIM metric and on the M07 set. We

show the results in Table 4.3 and Table 4.4.

4.4 Discussion

Our results highlight the effectiveness of combining Retinex-based illumination priors

with reference image conditioning in a diffusion-based generative setting. The integra-

tion of ControlNet allows for precise injection of structural and semantic cues, enabling

high-quality enhancement without relying on extensive fine-tuning or adversarial losses.

Moreover, the frequency-domain fidelity constraint (DFT + Sobel) helps preserve edge

sharpness and mitigates VAE-induced blurring typically observed in latent diffusion mod-

els. The reference-guided enhancement strategy proves particularly advantageous in scenes

with fine details, where a purely image-to-image mapping is insufficient.
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Table 4.4: Quantitative comparison for compression artifact removal on A08 subset.

Method PSNR↑ SSIM↑ DreamSim↓
PromptIR 18.60 0.64 0.51
DA-CLIP 19.30 0.62 0.42
ControlNet 20.20 0.71 0.27
ReGIE (Ours) 20.76 0.77 0.15

Table 4.5: Ablation study on A08 subset for compressed image enhancement.

Method PSNR↑ SSIM↑ DreamSim↓
ControlNet 20.20 0.71 0.27
Ours w/o Retinex priors 18.7 0.69 0.24
Ours w/o HFP 19.45 0.74 0.19
ReGIE (Ours) 20.76 0.77 0.15

In the context of image compression artifact mitigation, this framework also demon-

strates strong potential. Compression artifacts often manifest as blockiness, ringing, and

loss of high-frequency details—issues that conventional mitigation models struggle to re-

store due to their limited inductive bias toward spatial fidelity. By incorporating both

frequency-domain constraints and reference-based conditioning, our model effectively re-

covers structural coherence and restores perceptual quality, even in highly degraded inputs.

The illumination prior aids in decoupling compression-induced tonal distortions from se-

mantic content, while ControlNet ensures spatial alignment with the reference image. To-

gether, these components create a robust system capable of enhancing not only poorly

illuminated images but also those compromised by aggressive compression.

4.4.1 Ablation Study

To better understand the contributions of each component in our framework, we con-

duct an ablation study by incrementally removing key modules and observing their impact

on performance. We evaluate PSNR (↑), SSIM (↑), and DreamSim (↓) across various con-

figurations. The results are summarized in Table 4.5.

Effect of Retinex priors. Removing Retinex-based illumination priors leads to a no-

ticeable drop in PSNR and SSIM, suggesting their importance in providing global illumina-

tion cues and structural guidance. Despite a slight improvement in DreamSim, the overall
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perceptual quality degrades, indicating the Retinex priors’ role in enhancing photometric

consistency.

Effect of high-frequency fidelity (HFP). Constraint Eliminating the frequency-domain

fidelity loss (DFT + Sobel) results in reduced PSNR and perceptual sharpness, as reflected

in the higher DreamSim score. This demonstrates that the HFP constraint is crucial for

edge preservation and mitigating VAE-induced blurring artifacts.

Comparison with ControlNet baseline. While the ControlNet-only baseline bene-

fits from reference-based spatial conditioning, it lacks both the illumination-aware Retinex

guidance and the high-frequency constraint. Our full model outperforms the baseline by a

significant margin across all metrics, validating the complementary benefits of our design

components.

4.4.2 Reference Condition Block

To inject semantic and structural priors using reference conditioning, the model lever-

ages a set of reference images k. These are processed through a Reference Conditioning

Block, composed of trainable copies of the shallow Stable Diffusion (SD) encoder blocks

(specifically the 64×64 and 32×32 resolutions). These blocks extract multi-scale features

from the references and align them with the degraded inputs. The diffusion model back-

bone follows the U-Net architecture used in Stable Diffusion, consisting of multi-resolution

encoder and decoder stages: The encoder comprises SD Encoder Blocks A through D, pro-

gressively reducing spatial dimensions (from 64×64 to 8×8). The bottleneck is handled by

a frozen SD Middle Block (8×8). The decoder reconstructs the image through symmetrical

blocks, culminating in the output at the original spatial resolution.

4.4.3 Comparison to ControlNet

The default ControlNet architecture takes in one conditional input, for example, a single

degraded image. However, a straightforward extension to our reference-based problem

setup is to have two ControlNets. We can then give the degraded image as one conditional

signal and the reference image as another.

ReGIE differs with directly ControlNet in several points. First, we use a Retinex-based
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image enhancement module as the pre-processing step. This decomposes the input image

into illumination and reflectance components. The enhanced degraded images better retain

structural details. Second, we modified the ControlNet architecture as we found that con-

ditioning on all ControlNet blocks is inefficient. Instead of using two ControlNets, we use

one ControlNet for the degraded image, and for conditioning the reference image, we use

only the first block. This helps semantically map information from the reference image to

the degraded image. Lastly, we apply a high-frequency preservation loss. We use FFT and

Sobel operators to minimize high-frequency losses, as the output of diffusion models often

fails to retain high-frequency information due to VAE compression.
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GT Artifact ReferenceControlNetOurs DA-CLIP

Figure 4.3: Qualitative comparison of our proposed approach with other compression arti-

fact removal methods and baselines on the A08 set. Our method consistently shows better

retention of structural details and color information, while DA-CLIP struggles to remove

the artifact as seen in the visual results. Best seen in color.
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Figure 4.4: Qualitative comparison of our proposed approach with other compression arti-

fact removal methods and baselines on the M07 set. Our method consistently shows better

retention of structural details and color information, while DA-CLIP struggles to remove

the artifact, as seen in the visual results. Best seen in color.
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Conclusion and Future Work

5.1 Conclusion and Future Work

In this paper, we proposed a framework, ReGIE, for reference-based low-light and com-

pressed image enhancement that integrates Retinex-based illumination priors, reference-

guided conditioning, and a ControlNet-based diffusion model. Our method is specifically

designed to address the challenges of semantic degradation and detail loss in severely un-

derexposed and compressed images. By leveraging the structural information extracted

from Retinex decomposition, generative priors from a ControlNet-based diffusion model,

and the semantic and stylistic cues provided by a reference image, the model is able to

recover both global illumination and fine-grained details. The use of ControlNet enables

precise and spatially aligned conditioning at multiple stages of the diffusion process, fa-

cilitating a disentangled and controllable generation pathway. Furthermore, we introduced

a high-frequency fidelity constraint, incorporating both Discrete Fourier Transform and

Sobel operators, to enhance edge sharpness and suppress the blurring artifacts typically

introduced by VAE-based diffusion models.

Our experiments, conducted on a multi-view scene dataset, demonstrate that our ap-

proach consistently outperforms prior methods across a range of quantitative metrics, in-

cluding PSNR, SSIM, and most importantly, DreamSim. Qualitative comparisons highlight

the model’s ability to produce perceptually pleasing results with enhanced texture, better

exposure correction, and fewer artifacts.

Although our current model focuses on single-reference and fully supervised settings,

31
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there are several promising directions for future work. One natural extension would be to

support multi-reference fusion, where information from multiple retrieved images is adap-

tively combined to provide more diverse and comprehensive guidance. Additionally, mov-

ing beyond the need for paired supervision by exploring unpaired or semi-supervised train-

ing strategies—potentially leveraging generative adversarial losses or cycle-consistency

objectives—would enhance the model’s applicability to real-world, uncurated datasets.

Another important avenue is the extension of our framework to video sequences. In-

troducing temporal priors or motion-aware reference alignment mechanisms could support

temporally consistent low-light video enhancement, which remains a challenging task. Ef-

ficiency is another critical aspect, and future work could investigate faster sampling tech-

niques or model distillation methods to reduce the computational overhead associated with

diffusion-based inference, making the model viable for real-time applications. Lastly, in-

corporating scene-aware retrieval strategies, such as those informed by depth estimation or

semantic segmentation, could improve the relevance and alignment of selected reference

images, further boosting restoration quality in complex environments.

Overall, this work demonstrates the potential of combining physics-based priors, reference-

guided generation, and conditional diffusion modeling for high-quality restoration under

extreme low-light conditions. We hope this framework lays the groundwork for future in-

novations at the intersection of generative modeling and extreme low-light and compressed

image enhancement.
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