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Abstract

Images captured in maritime environments often suffer from a low signal-
to-noise ratio due to a lack of ambient light at night, which poses a challenge for
auronomous systems re]ying on camera sensors. While precise object identifica-
tion is vital for downstream tasks like navigation, the constant motion of sensors
and subjects makes acquiring paired datasets for supervised learning unfeasible.
Current unsupervised methods often fail to accurately recreate scructural clar-
ity necessary for reliable maritime perception. To address these limitations, this
thesis proposes a semi-supervised enhancement framework that utilizes a novel
structural loss function informed by infrared imagery. By applying this loss dur-
ing training, the model learns to enhance low-light images using only RGB input
at inference. Qualitative analysis indicates that this approach achieves superior
structural recovery compared to existing unsupervised baselines, suggesting that
[R-informed training is a viable solution for data-scarce environments.

Keywords: image enhancement, hallucination resistance, deep 1Carning, IR supervision,

autonomous systcms
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Chapter 1

Introduction

In recent years data driven deep learning methods have established themselves as the state-
of-the-art for various image enhancement tasks, fundamentally shifting how computer vi-
sion systems process information. While these models have achieved great success in well-lic
scenes, low-light conditions remain a challenge due to the physical limitations of cameras.
Short-exposure images captured in poorly lit environments suffer from low Signal-to-Noise
Ratio (SNR) due to the inherently low number of photons reaching the camera sensor. By
capturing images at higher exposures brightness can be improved, but obtaining such data in
domains with non-static scenes is difficult due to long exposures resulting in motion blur [6].
Traditional methods therefore often struggle to differentiate the true signal, correspond-
ing to physical objects in the scene, from sensor noise in extremely low-light environments.
Furthermore, aggressive neural network-based enhancement might lead to the generation of
non-existent details and structures not present in the physical scene [27], often referred to as
hallucinations [8], especially in regions with very limited RGB information.

These physical limitations pose a major challenge for many current methods which often
rely on fully supervised learning, necessitating large datasets of paired low-light and well-lic
ground truth images 16, 30]. Acquiring pixel—aligned ground cruth daca in dynamic scenes is
very difficult due to the challenges of long-exposure image capture. To address this some re-
search, especially within medical imaging, has explored utilizing Long-Wave Infrared (LWIR)
cameras in multi-modal fusion models [44]. As opposed to RGB sensors, LWIR cameras are
illumination-independent and can thus capture image structure in low exposure and low illu-
mination scenarios. Such cameras are however signiﬂcantly more expensive and the captured
data does not have as rich information as cameras operating in the visual spectrum. Moreover,
fusion models often require IR images to be available as input during inference, and usually
still rely on ground truth RGB images during training [36]. This makes them susceptible to
similar data acquisition problems as the traditional models.

Saab Kockums is a leader within computer vision and autonomous systems for naval de-
fense and security. The ﬁndings of this thesis are especially relevant in such maritime en-
vironments, where data collection is Complicated as both subjects and the camera sensors




1. INTRODUCTION

themselves are moving, motivating a semi—supervised approach. Furthermore, maritime en-
vironments often contain little to no ambient lighting at night, resulting in images with very
low SNR and making a model which can reliably differentiate true signal from noise ex-
tremely valuable. Autonomous systems are heavily reliant on correctly identifying structures
and objects in their surrounding to achieve robustness and safety on tasks such as navigation,
object detection and decision making in general.

In this thesis we aim to address the challenges of extreme low-light image enhancement
in dynamic environments by proposing a semi—supervised training framework, IR-based En-
hancer (IRE). By utilizing IR imagery as privileged information during training, we intend to
guide the structural enhancement and denoising of RGB images without relying on well-lic
ground truth datasets.

Research Questions

RQ1: To what extent can IR images be used as privileged information during training to
guide high-frequency enhancement of structure and contrast?

RQ2: How can an architecture be designed to provide both global illumination enhancement
and local structural refinement in extreme low-light scenarios?

RQ3: Canloss functions and training constraints be formulated to punish hallucinated struc-
ture, while still encouraging strong contrast and detail recovery?




Chapter 2
Related work

Computer vision, like many other fields, has undergone a transformation in the past decade
from classical signal processing algorithms to data-driven deep learning methods. This shift
has fundamentally altered how low-light image enhancement is approached, moving from
pixel wise transformations and fixed statistical models to learnable representations that can
extract deeper features in latent space by training on large datasets [40]. However, while
many deep learning models have achieved great success in visibility restoration tasks, they
are limited by the reliance on paired data and struggle to differentiate signal from noise in
scenes with little to no ambient light, leading to hallucination of nonexistent structure and
texture.

In this chapter we review existing literature across three main areas to contextualize our
work. First, we explore how low-light image enhancement has previously been approached,
from traditional methods to both supervised and unsupervised deep learning models. We
then explore how thermal imaging has been utilized to supplement RGB data in fusion archi-
tectures. Lastly, we discuss the phenomenon of hallucination in generative models, existing
ways to quantify them, and suppression techniques.

2.1 Low-Light Image Enhancement

Early approaches to low-light image enhancement relied heavily on statistical and physical
models, most notably Histogram Equalization (HE) and Retinex theory [37,39). HE usually
operates on a pixe]—]eve] or patch—]eve] basis and balances the histogram of the entire image
by redistributing the pixels uniformly. While fast and mathematically interpretable, HE and
its variations struggle on high dynamic range images with varying lighting and very dark re-
gions, often introducing severe noise and washing out details [10]. Alternatively, Retinex the-
ory assumes that images can be decomposed into illumination and reflectance components.
This decomposition has inspired both traditional algorithms [39] and deep learning archi-
tectures [45] to enhance the illuminance of the image while retaining its intrinsic physical

9



2. RELATED WORK

qualities (reflectance). However, both traditional and deep-learning Retinex-based methods
frequently fail in low SNR scenarios, such as low-light images, as heavy noise corrupts the
reflectance estimation [35] 45].

The advent of Convolution Neural Networks (CNNs) and later Generative Adversar-
ial Networks (GANs) shifted the paradigm from hand-crafted features to data-driven map-
ping [6]. Seminal works by Chen et al. [6] and Lore et al. [30] demonstrated how end-to-
end convolutional networks could outperform the traditional image processing pipeline by
learning direct mappings between raw noisy data to enhanced denoised RGB outputs. These
models employ U-Net or Auto-Encoder (AE) architectures to learn latent features in low-
light images and produce denoised enhanced outputs. Subsequent supervised methods utilize
more complex architectures such as transformers to capture global context better through a
broader receptive field [49]. The success of these models is bottlenecked by the need for
paired datasets consisting oi‘strietiy aligned short—exposure images and corresponding 1ong—
exposure ground truth. The acquisition of such data is difficult, costly, and highly susceptible
to misalignment and motion blur, especially in dynamic environments. While a widely uti-
lized alternative is synthetic datasets where noise is artificially added and gamma lowered,
models trained on such data often struggle to generalize to the complex noise profiles of
real-world scenarios [1].

To address the scarcity of paired training data, unsupervised approaches such as Zero-
DCE and EnlightenGAN, have been explored [14] 22]. Zero-DCE approaches the enhance-
ment process as a curve estimation problem where zero-reference loss functions are used to
climinate the requirement of paired data. Conversely, EnlightenGAN utilizes an adversarial
framework and unpaired low-light and normal-light data to guide the model towards gener-
ating a realistic light distribution. While these methods generalize better to unseen data and
solve the data acquisition problem, the lack of structural ground-truth guidance means they
struggle to differentiate noise from true signal in extreme low-light scenes, often resulting in
lost details and suboptimal enhancement resules [36].

2.2 Multi-modal IR-guided Enhancement and
Fusion Models

Due to the degradation of images captured by RGB sensors in low-light and poor environ-
mental conditions, research has increasingly looked towards using IR imaging. Since IR sen-
sors capture thermal radiation, they are inherently robust against these illumination limita-
tions [36]. The most wide-spread use of IR images in RGB image enhancement has been in
multi-modal fusion networks where features are extracted from both modalities and fused in
some stage of the processing pipeline to generate a composite image [36]{29](32].

However, a persistent challenge across all multi-modal architectures is the strict require-
ment for cross-modal alignment. As noted by Ma et al. [31], because RGB and IR sensors
have different fields of view and physical placements, achieving perfect pixel-level registra-
tion is difficult. This spatial misalignment of network inputs can introduce severe parallax
artifacts during fusion or guided enhancement [48]. Several registration techniques have
been explored in the literature to address this spatial misalignment [31]. These typically in-
clude area-based methods, which align images by minimizing pixel-wise differences under
a defined metric, and feature-based methods, which measure the correspondence between

10
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common structural elements, such as edge maps, extracted from both modalities.

Furthermore, existing multi-modal low-light image enhancement methods usually re-
quire both RGB and IR inputs during inference. One solution to this is the Learning Under
Privileged Information (LUPI) paradigm [43] where the a model is provided auxiliary in-
formation that is only available during training to improve performance, which has been
utilized in various cross-modal fusion networks [17,2]. Wichin low-light image enhancement
however, to the best of our knowledge, no research has yet explored using IR exclusively
for structural supervision during training. By embedding IR-based structural understanding
into an RGB-only network, this approach eliminates the need for an IR imagery at inference,
thereby bypassing the alignment issues.

2.3 Hallucinations

As low-light image enhancement is fundamentally an ill-posed problem, algorithms are forced
to infer severely degraded or entirely absent spatial and textural information [I]. Conse-
quently, existing generative models often struggle to accurately reconstruct missing informa-
tion, especially in extreme low-light scenarios [1}[8]. In particular, diffusion and GAN-based
methods and have been found to produce erroneous semantic hallucinations [7, B4], produc-
ing fictitious object contours and textures derived from learned training distributions rather
than the information found in the actual scene [16]. The implications of these hallucina-
tions are significant, particularly in domains where structural integrity is critical, such as
autonomous navigation and nighttime surveillance [1].

To mitigate erroncous hallucinations different methods have been proposed, for example
integrating semantic segmentation networks to preserve information useful for higher level
tasks during the image restoration. process [Z]. Another strategy that is commonly utilized is
enforcing structural losses, such as SSIM or edge-aware penalties during training [50]. Given
the inherent deterioration of RGB data in extreme low-light conditions, this fundamental
limitation motivates approaches incorporating IR information as guidance through special-
ized loss functions.

11
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Chapter 3
Background

Enhancing the visibility of structures in extreme low-light environments requires a method
which can learn to differentiate true signal from pure noise in very low SNR images. The cur-
rent literature highlights how this task lends itself well to unsupervised or semi-supervised
approaches due to the difficulties of data collection, as well as approaches incorporating
cross-modal guidance. To contextualize our methodology and findings, this chapter estab-
lishes the theoretical foundations that underpin modern low-light enhancement networks.
While the broader fields of computer vision and machine learning encompass a wide range
of image processing and deep learning techniques, this chapter focuses primarily on unsuper-
vised and cross-modal methods. We assume the reader has a basic fﬁmi]iarity with concepts
such as neural networks, digital image representations and how deep networks learn through
gradient descent and back-propagation.

3.1 Infrared Imaging and LWIR Sensors

Infrared (IR) imaging operates within the portion of the electromagnetic spectrum between
visible light and microwaves. While visible light occupies the 0.4um to 0.7um range, the
infrared spectrum extends from approximately 0.7um to 1000um, though imaging applica-
tions typically focus on the region between 0.7um and 14um [11]. This spectrum is furcher
categorized into distinct sub-bands based on their physical properties and interaction with
matter, as detailed in [Table 3.1}

Unlike the Near-Infrared (NIR) cameras, which rely heavily on reflected photon energy
and often requires active illumination in total darkness, LWIR cameras capture emitted ra-
diation, eliminating the need for external light sources [11].

This property makes LWIR a compelling tool for low-light enhancement tasks, as the
thermal signatures provide a stable structural representation of the environment that is in-
variant to the presence or absence of visible illumination. However, because LWIR sensors
capture emissive rather than reflective properties, the resulting images often lack the fine tex-

13



3. BACKGROUND

ture and high-frequency details found in RGB images, necessitating the supervision strategies
discussed in

The sub-band LWIR corresponds to the peak thermal emission of objects at terrestrial
temperatures (approximately 300 K or 27°C), as described by Planck’s Law of blackbody
radiation [18], and is therefore suitable for practical scenarios.

Band Abbreviation  Wavelength (um)
Near-Infrared NIR 0.7um — 1.4um
Short-Wave Infrared SWIR 1.4um — 3um
Mid-Wave Infrared ~ MWIR 3um — 8um
Long-Wave Infrared  LWIR 8um — 15um
Far-Wave Infrared FIR 15um — 1000um

Table 3.1: Sub-bands of the Infrared Spectrum [11]

3.2 Histogram Equalization

Histogram Equalization (HE) is a technique used to enhance image contrast by redistributing
intensity levels to approximate a uniform discribution. This process "scretches” the dynamic
range of an image by mapping a narrow cluster of frequently occurring input intensities across
the entire available spectrum, commonly 0-255 for byte—va]ued pixe]s. This is achieved by us-
ing the normalized Cumulative Distribution Function (CDF) as the transformation function.
As shown in the equalization process transforms the original non-linear CDF into
a near-linear CDF, thus increasing the separation between intensity levels and revealing de-
tails in previously underexposed or overexposed regions [38].

Histogram Equalization: Before vs. After

Original 1e6 Histogram (before) CDF (before)

R

awy £
E
8
1.01
0.5
0.04 K
T T T T T 0.0 T T T T T
) 50 100 150 200 250 0 50 100 150 200 250
Pixel value Pixel value
Equalized 1e6 Histogram (after) CDF (after)

0.8 — Blue
B al

0.6 1
151

Count

1.0 0.4 1

Cumulative fraction

0.5 024

0.0 7
) 50 100 150 200 250 0 50 100 150 200 250
Pixel value Pixel value

Figure 3.1: A low-light image alongside its corresponding intensity
histogram and CDF before (top row) and after (bottom row) his-
togram equalization. Image from Zero-DCE [14]
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3.3 ZERO-DCE

3.3 Zero-DCE

Zero-Reference Deep Curve Estimation (Zero-DCE) is a method for low-light image en-
hancement that reframes the task as a pixel-wise curve estimation problem instead of the
conventional image-to-image approach [14], as shown in Unlike conventional su-
pervised deep learning approaches that require paired datasets of low-light and ground-truth
normal-light images, Zero-DCE is trained using a set of differentiable loss functions that are
not dependent on a well-lit reference image. This "zero-reference” approach allows the model
to learn transformations directly from unpaired images, which avoids the biases and collec-
tion challenges inherent to synthetic or real-world paired datasets [14].

(b)

]
——| LE, = LE(I; A{RGBY) I—»

AER,G.B}

—a,=05

—a=1

RG.B
LE; = LE(LEy; A{™9?)) I_’ o 02 04 08 08 1

-

Deep Curve Estimation Network|
(DCE-Net)

AéR'G‘R}

(a) LE, :LE(LEw];A%R.(;,U})l_,

ALRG.B)

Curve Parameter Map Enhanced Image

Figure 3.2: The Zero-DCE curve application process. By estimating
pixel-wise LE-curves and iteratively applying them to the input im-
age the enhanced image is produced. Figure from [14].

3.3.1 Light Enhancement Curves (LE-curves)

The design of LE-curves is inspired by the curve adjustment tools found in photo editing
software. In such applications, users manipulate a curve to map the input pixel intensities
to new output values, thereby adjusting the dynamic range and exposure of an image. Zero-
DCE automates this process by training a network to estimate these curves automatically
based solely on the characteristics of the input image [14].

Specifically, the network estimates a pixel-wise curve parameter map, A, where each in-
dividual parameter @ € [—1, 1] acts as a gain factor [14]. This gain determines the magnitude
of the curve’s curvature and thus the degree of exposure adjustment for every pixel in the
image. By predicting these parameters locally, the network can apply a high gain to brighten
dark regions while maintaining or subtly adjusting well-lit areas.

The enhancement process is defined by a quadratic mapping that is app]ied iterativeiy to
approximate higher-order curves, providing better dynamic range adjustment. The enhanced

pixel value at iteration n, denoted as LE, (x), is calculated as[Equation 3.1

LE,(x) = LE, () + A,(X)LE,_(x)(1 - LE,_(X)) GB.1

where LEy(x) is the original input pixel value and each A, is the estimated parameter
map for that specific iteration [14]. The final output of the model is the enhanced image
obtained after n iterations (where n is typically set to 8).

15



3. BACKGROUND

3.3.2 DCE-Net

The Deep Curve Estimation Network (DCE-Net) is a plain CNN consisting of seven convolu-
tional layers and is the model used in the original Zero-DCE [14]. Unlike other architec-
tures like U-net which reduce spatial resolution to caprure context, DCE-Net discards all
downsampling (pooling) and batch normalization layers to preserve the relations between
neighboring pixels. This ensures that the network maintains a full-resolution feature map
throughout the entire process. A defining feature of DCE-Net is its use of symmetrical con-
catenation. In this configuration, feature maps from the first three layers are concatenated
with the feature maps of the last three layers.

3.3.3 Losses

Since Zero-DCE is a zero-reference network, it does not rely on ground-truth images during
training, Instead, the framework uses four specia]ized loss functions to evaluate the qua]ity
of the enhanced output.

Spatial Consistency Loss (L)

Encourages the network to maintain spatial coherence in the reconstructed image by pre-
serving the relative differences between neighboring regions as they appeared in the original
input. This discourages the network from "flattening” local contrast or introducing structural
artifacts that deviate from the input image [14].

K
Lo =% 0 3 (06 =)=~ 1)) 62

i=1 jeQ(i)

where K is the number of local regions, (i) denotes the four neighboring regions (top, down,
left, right) of region i, and Y and I represent the average intensity of the enhanced and input
images, respectively.

Exposure Control Loss (L,,))

Regulates the dynamic range of the output by restraining regions that are cither underex-
posed or overexposed. It functions as the "target” for the network, measuring the L1 distance
between the average intensity of local regions and a predefined "well-exposedness" level, de-
noted as E [14].

M
1
LeX:—EY—E 33
P Mk:1|k | ( )

M represents the number of non overlapping local regions of size 16 X 16, Y} represents
the average exposure in region k, and E is set to 0.6 (the gray level in the RGB color space).

16



3.4 U-NET

Color Constancy Loss (L)

Corrects potential color deviations in the enhanced image. It is based on the Gray-World
color constancy hypothesis, which assumes that the color in each sensor channel averages to
gray when evaluated over the entire image. It prevents the model from disproportiona]]y
amplifying a specific color channel and therefore helps the model keep the inherent color
balance of the input image [14].

L= ), ("=J%, &={R,G),R B),G,B) (3.4)
Y(p.q)ee
where J? and J9 denotes the average intensity value of channel p in the enhanced image,
and (p, g) represents a pair of channels.

lllumination Smoothness Loss (L;,)

To prevent abrupt transitions in the enhancement curves and preserve monotonicity between

neighboring pixels, a Total Variation (TV) loss is applied to the curve maps A:

1 - c c\2
Liva = Z:; ;qvxm + IV, A%, & ={R,G, B} (3.5)
where N is the number of iteration steps (typically N = 8), and V,, V; denote the hori-
zontal and vertical gradient operations [14].

Total Loss
Ltotal = Lspa + Lexp + Wcochol + WIV](L[Vy( (36)

The coefficients W,,; and W,, are used to balance the loss terms and are set to 0.5 and
20, respectively [14].

3.4 U-Net

U-Net is a convolutional neural network architecture commonly used for semantic segmenta-
tion, where the goal is to assign a class label to every pixel in an image [41]]. Originally designed
for biomedical image :ma]ysis, U-Net is characterized by its symmetric U—shaped structure
consisting of a contracting encoder path and an expansive decoder path, as seen in

The architecture begins with a contracting path, which uses successive convolution and
pooling layers to reduce spatial resolution while increasing feature depth. There is evidence
that such a structure capture abstract high-level features for an image [41]. Unlike standard
CNNs that only reduce resolution to produce a single classification, the expansive path of the
U-Net performs upsampling (transposed convolutions) to recover the original dimensions of
the input. The novelty of U-Net is the use of skip connections, which concatenate high-
resolution feature maps from the contracting path directly onto the upsampled maps in the
expansive path. This allows the network to integrate low-level texture with the high-level
features from the encoder, thereby promoting the retention of spatial details and texcures
that might otherwise be lost in the bottleneck [41].

17
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Figure 3.3: The U-Net architecture, consisting of an encoding (con-

tracting) path and a decoding (expansive) path. Figure from [41].

The benefit of this architecture is its high spatial precision and its ability to perform
well with limited training data. By processing the image through this symmetric network, it
learns both the global context (what is in the image) and the local localization (where it is)
simultaneously. While many segmentation models require massive datasets, U-Net’s heavy
use of data augmentation and architectural efficiency makes it well-suited for tasks where
labeled data is scarce [41].

Although U-net is commonly used for semantic segmentation, in this paper it is used to
predict the pixel-wise LE-curves, similar to the approach used in Zero-DCE [14] .

3.5 Attention Mechanisms

Attention mechanisms are integrated into convolutional neural networks to boost the model’s
performance by enabling it to focusing on relevant features while suppressing less informa-
tive ones.

3.5.1 Squeeze-and-Excitation Attention

The Squeeze-and-Excitation (SE) block [20] is designed to weigh different channels. The SE

mechanism consists of three stages:

1. Squeeze: Spatial information is squeezed into a channel descriptor using Global Aver-
age Pooling. This produces a vector z € R™*€ where each element z, represents the
global average of the c-th channel.

2. Excitation: To capture non-linear dependencies between channels, the descriptor Z is
passed through a bottleneck structure consisting of two fully connected layers (FC).

18



3.5 ATTENTION MECHANISMS

A reduction ratio 7 is typically employed to limit model complexity. The excitation is
calculated as:

S = O'(WzReLU(le» (37)

c c . . . .
where Wy € R7C and W, € R“*7. The sigmoid activation o ensures the resulting
weights are in the range [0, 1].

3. Scale: The final output is the product of the the original feature maps X and the learned
weights § via channel-wise multiplication: Y, = s - X,.

Global )
Input ———» Average ——» — j::é __: E?Lrhjoi_:; Scaled input
X Pooling g ¥
HxW=xC ix1xC HxW=xC

> ®

Figure 3.4: The structure of Squeeze-and-Excitation

3.5.2 Coordinate Attention

While SE blocks effectively capture channel-wise relationships, they do so by collapsing all
spatial information, thereby ignoring local spatial distributions. Coordinate Attention (CA)
[51] addresses this by embedding positional information into the attention maps. The CA
mechanism follows a three-step process similar to Squeeze-and-Excitation:

1. Squeeze (Coordinate Information Embedding): Instead of using global pooling, CA
decomposes the squeeze operation into two 1D average pooling operations. Features
are averaged along the horizontal and vertical axes separately. This produces two
direction-aware feature maps: 7" € ROHXL 110d 77 € REXIXW.

By pooling along one dimension, each vector captures long-range dependencies along

that axis (e.g., horizontal context) while preserving precise positional information
along the orthogonal axis (e.g., vertical coordinates).

2. Excite: The two feature maps are concatenated and passed through a 1 X 1 convo-
lution that acts as a bottleneck to capture cross-channel interactions. The resulting
intermediate tensor is then split back into two separate tensors. Two additional 1 X 1
convolutions and a sigmoid activation function are applied to transform these tensors
into the attention weights g € RO and g¥ € ROV,

3. Scale: The final output Y is the product of the weights and the input X. For a channel
¢ at coordinate (i, j), the output is defined as:

Y.(i, ) = X.(, j) x g'(i) x g(j) (3.8)
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3. BACKGROUND

where g/'(i) and g¥(j) represent the weights for the height and widch dimensions, re-
spectively.

CxHx1

% S

C/rx(HeW)x1 c/ rx{H+W)x1

mddnd S

Cxle

il

Y AVG POOL

Figure 3.5: The structure of coordinate attention. Figure from [23].

3.6 DA-Zero-DCE

Denoising-Attention based Zero-Reference Deep Curve Estimation (DA-Zero-DCE) is an extension
of the Zero-DCE method optimized for low-light enhancement in challenging environments
such as transportation tunnels, which is a semi-closed environment affected by artificial light
sources. The images are often captured by cameras from a long distance, making pedestrians
appear blurry. This combination of poor lighting and blurry pedestrian targets makes it
difhicult for downstream image recognition algorithms to perform well.

While it maintains the core principle of pixel-wise curve estimation, DA-Zero-DCE in-
troduces three primary architectural improvements to address the uneven illumination, local
occlusion, and high noise levels characteristic of tunnel imagery. It swaps DCE-net to a U-
net backbone, adds coordinate attention, and uses an additional denoiser module NAF-Ner
after the application of the LE-curves [51]. It also uses a denoising loss LoSSgenise to train
NAF-Net.
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Figure 3.6: Overview of the DA-Zero-DCE architecture

3.7 Retinex Theory

Retinex theory is based on the human perceptua] system and posits thatan image is Composed
of two components: Luminance (L) and Reflectance (R). Reflectance describes the intrinsic
properties of the objects within the image, such as their contour and color. Luminance repre-
sents the light falling upon those objects [26]. Given a source image S, Retinex theory states

that it can be decomposed into its luminance and reflectance components as in|Equation 3.9

S=R-L (3.9)

In the context of computer vision, luminance is general]y understood to be spatia]]y
smooth, low-frequency gradients of the lighting in the image, whereas reflectance corre-
sponds to sharp, high-frequency edges around structure and noise [25].

3.8 Inverse Problems

Understanding inverse problems is critical for understanding why low-light image enhance-
ment is a difficult task in the first p]ace. A forward prob]em is a well-defined, deterministic
operation, such as darkening or inserting noise into a clean image. An inverse problem is
the reverse process of trying to find the clean image which corresponds to the observed data.
The problem being ill-posed means that, due to the degradation of information in the input,
there is no stable or unique solution and there are multiple candidates for clean images which
could have produced the exact same noisy output [12].

To frame such problems, deep models often employ Bayes theorem . Here
P(x|y) is called the posterior and represents the probability of x being the true image, given
the noisy observation y. The aim is to find a model which maximizes the posterior. The term
P(ylx) is the likelihood, and represents how likely it is to observe the noisy output, if x is the
true image. This term is therefore only based on the observed data. Lastly, P(X) is called the
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prior probability, or simply prior, and represents the likelihood of the clean image x existing
in the real world, independent of the observations [13].

P(xly) o< P(ylx)P(x) (3.10)

There are two primary ways in which models use the Bayesian equation to estimate the
likelihood. The first is Maximum Likelihood Estimation (MLE), where the prior is assumed
to be constant with respect to y, and dropped out of the equation entirely. The task then
becomes to find parameters which maximize the likelihood based on the observed data. The
other method is called Maximum A Posteriori (MAP) estimation, in which the parameters
that maximize both the likelihood and the prior are found. The prior then acts as a regular-
ization on the possible parameters which limits the outputs to what images “normally” look

like [13].

3.9 Hallucination

While the term hallucination lacks a universally accepted definition within the field of com-
puter vision, it commonly refers to the generation of plausible but incorrect structural or
semantic information [3 [15]. In low-light image enhancement, the risk of hallucination is
particularly high due to the lack of information in the input. Low-light conditions lead to low
photon counts, sensor noise, and color distortion which degrades the input in exceptiona]]y
dark regions [6]. From a Bayesian perspective, Sampson et al. [42] argue that hallucinations
occur when generation of the output is dominated by a data-driven prior, rather than being
based mostly or entirely on the observation likelihood. This primarily occurs in the areas
lacking strong input signal mentioned above, which causes the likelihood term to become
weak.

Hallucinations can manifest themselves in multiple different ways. Structural and tex-
tural hallucinations can occur when heavy noise in low SNR images is misinterpreted as
true high-frequency edges. Color distortions and chromatic noise often present in RAW im-
ages can lead to incorrect color mappings. In severe cases semantic hallucinations can occur,
where entirely new features are invented due to them commonly appearing in the model’s
training data. Addressing and mitigating these hallucinations remains a critical challenge
in low-light image enhancement, particularly in domains where structural fidelity is strictly
required, such as medical imaging and autonomous navigation in low-light environments.

3.10 RAW Images

RAW images contain the minimally processed data captured directly by the camera sensor.
This is in contrast to RGB images which are the result of the camera’s internal image pro-
cessing. RAW data is stored as a single-channel mosaic where each pixel records a single
intensity value instead of full color information. Because of this, RAW images often have
higher dynamic range and higher bit depth than processed alternatives [47].

RAW sensor data typically has a bit-depth of 12 or 16 bits, which offers a significantly
higher dynamic range than the standard 8-bit RGB format. In extreme low-light scenarios,
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8-bit quantization can introduce severe precision loss, and in very dark regions subtle sig-
nal variations are compressed or entirely clipped to pure black. High bit-depth RAW data
preserves these subtle signals and provides a higher SNR for the model [4].

Standard RGB images are produced when a RAW file passes through an Image Signal
Processor (ISP). While the ISP makes images visually appealing, it often removes the critical
structural information needed for accurate reconstruction. By processing RAW data directly,
models can generate structural and textural improvements based on the unadulterated sensor

signal [4].

3.11 Sobel Filter

The Sobel filter is an operator used in computer vision to estimate the gradient of intensities
in an image and therefore serves as a tool for edge detection [9]. The operation involves
convolving the image I with two 3 X 3 kernels to calculate the gradient components in the
horizontal and vertical directions, denoted as G and Gy respectively. The final edge map G is
constructed by calculating the magnitude of the combined directional edge maps as defined

in[Equation 3.11

1.0 0.0 -1.0 1.0 2.0 1.0
G,=1(20 00 =201 G,=100 00 00 ]|=*/ G = /G + G; (3.11)
1.0 0.0 -1.0 -1.0 -20 -1.0
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Chapter 4
Method

Having established the theoretical basis of semi—supervised ]earning, and the uti]ity of uti-
lizing cross-modal information to improve the models enhancement capabilities, this thesis
secks to design such a network and apply it to images with challenging low-light conditions.
This chapter details the design, implementation and training methodology of our proposed
image enhancement pipeline. The architecture can conceprually be split into three main
components: A curve parameter estimation backbone contributing to global illumination
recovery, an [R-based Enhancer module which focuses on local detail reconstruction, and fi-
nally a custom cross-modal loss function which guides the model in recovering structure in
low-light scenarios.

The remainder of this chapter is structured as follows. First provides a high-
level overview of the system architecture and design decisions. This is followed by@
which outlines the dataset used and preprocessing of the RAW images. Then, @
dives deeper into each component of the architecture, anddescribes our custom
IR-supervised loss function, along with other losses used during training. The setup of the
baselines which we compare our network against is specified in Lastly, in
details concerning the specific training set-up and hyperparameters are presented.

4.1 System Overview

The following architecture is designed to address the fundamental challenge of unsupervised
low-light image enhancement without introducing hallucinations. In safety critical appli-
cations, generative models that synthesize rather than modulate existing pixel data may in-
troduce an unacceptable risk of hallucinations. Therefore, the proposed architecture adopts
Zero-DCE's [14] approach of framing image enhancement as an illumination curve-mapping
problem rather than a pixel generation task. By constraining the deep network’s output to
simple exposure multip]iers, along with enforcing losses that ensure structural adherence, the
network is limited in it’s ability to hallucinate high-frequency details not present in the orig-
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inal scene. To improve upon the original Zero-DCE, and enable the model to better focus its
enhancements on especially low-light areas containing salient objects, this thesis draws ar-
chitectural inspiration from DA-Zero-DCE [51], speciﬁcally adopting its U-Net-based curve
estimator and Coordinate Attention mechanism. The U-Net backbone allows the network
to process global illumination context while retaining local edge data. Simultaneously, Co-
ordinate Attention provides directional and positional awareness to target specific spatial
features. [51].

However, after the LE curve output, our architecture departs from the DA-Zero-DCE
pipeline. The original DA-Zero-DCE architecture utilizes a deep NAF-net block to denoise
the images, requiring training on paired, well-lit ground truth RGB images. In this thesis,
one of our specific goals is to not rely on such supervision, and thus no such data is available.
To resolve this, we replace the heavy NAF-Net with a constrained IR-based Enhancer. By
limiting the depth to three convolutional layers and bounding the output via a restricted
activation function, this architecture limits the ability to hallucinate non-existent features,
forcing it to act as a localized edge sharpener. The entire system architecture, which we name

IR-Zero-DCE, can be seen in

HxWx1 H/2 x WI2 x 4
Normalized
input
RAW Image B U-Net Curve
Estimator
A 4
Coordinate
Attention
Thermal IR Structural
Image Loss
Pixel-wise
enhancement curves
Enhanced
Final image <« IR-based Image Curve applier
Enhancer

ZeroDCE losses

Figure 4.1: The system architecture of IR-Zero-DCE

4.2 Dataset and Preprocessing

Since our method has the goal of being applied in nighttime naval scenarios, we are interested
in extremely low-light images. To the best of our knowledge, sufficiently dark images are not
available in any public datasets. Therefore this thesis relies on data provided by Saab.
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Our experiments are conducted on two distinct datasets. The first, Datasety p, was col-
lected in a controlled lab environment and consists of 74 RGB-IR pairs (example shown in
Figure 4.2). This dataset is primarily used to illustrate the contributions of our losses and
architecture as being able to control the environment enabled us to capture extreme low
light scenarios. The second, Datasetyjaisime, is made up of images captured in a maritime en-
vironment after sunset (example shown in . This dataset is substantially larger,
consisting of 859 pairs, and is used to demonstrate the model’s performance in a more realis-
tic setting. Both datasets consist ofpaired RAW RGB and IR images collected from cameras
set a few centimeters apart. The RGB images are captured with 12-bit depth, while the IR
images are captured with a 16-bit depth. RAW images are used for the benefits discussed

inlsection 3.10)

Lab Maritime

Figure 4.2: Sample image pairs from Datasety,, and Datasetyaricime-

(RAW
RGB)

Raw inputs are gamma boosted for Visibi]ity. The IR images are
normalized.

To prepare the data for model input the images were normalized to the [0, 1]-range. To
account for the different resolutions, aspect ratios, FOVs and physical placement of the visual
spectrum and thermal cameras, the image pairs were cropped, scaled, resized and aligned.
While automatic registration for the image pairs using Enhanced Correlation Coefhicient
(ECC) and feature-based matching was attempted, the resulting alignment proved to be infe-
rior compared to obtaining the transformations for each camera pair through careful manual
alignment, which was the method ultimately used.

4.3 Network Architecture

In this section we dive deeper into ecach component of the IR-Zero-DCE architecture. The
network is divided into two distinct phases: First a curve estimation phase where the Zero-
DCE LE-curves are produced and subsequently applied to each pixel of the input image. This
phase is responsible for low-frequency global illumination enhancement. In the second phase
our IR-based Enhancer takes the relit image and increases the contrast and sharpness of high-
frequency cross-modal features while simultaneously dampening the noise.
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4.3.1 U-Net Curve Estimator Backbone
Our curve estimation backbone is shown in As in the original DA-Zero-DCE

architecture, we utilize a U-Net backbone to estimate the pixel-wise Light-Enhancement
(LE) curves. By replacing regular Zero-DCE's seven-convolutional layer DCE-Net with a
deeper network which incorporates downsampling, we aim to increase the receptive field
of the model and give it a better understanding of the global illumination context. Heavy
downsampling does however degrade high-frequency edges in the input, and therefore our
U-Net utilizes skip connections between layers to bypass this bottleneck and preserve such
information. Rather than generating pixels, the U-Net estimates pixel-wise LE-curves. This
approach constrains the model to a mapping-based transformation that preserves the original
scene’s topology, which in combination with the total variation loss penalizes erratic spatial
gradiencs [14].
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Figure 4.3: Structure of the U-Net curve estimation backbone. Co-
ordinate attention is applied to the final feature map of the last de-
coding stage. Figure adapted from [41].

4.3.2 Coordinate Attention

Standard CNNs process images uniformly, applying the same filter across every pixel. How-
ever, this can lead to over-processing certain areas and under-correcting others. For this
reason, using attention mechanisms that tell the model where to focus its adjustments, en-
abling more localized refinements, has been shown to improve the performance of deep net-
works [19].

For our application it is essential to retain not only which features are important, but
also where they are spatially located within the image. The coordinate attention mechanism,
shown in achieves this by separately applying vertical and horizontal pooling along
the rows and columns of the feature map respectively. This instead produces two 1D vectors,
retaining the exact coordinates of attended features. When these vectors are multiplied to-
gether in the last step of the CA-block their intersection acts as a precise crosshair of where

the feature is located, producing the attention map. shows an example of how
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the coordinate attention map can look during inference for a given input image. Note that
the IR image is included only to highlight the attention map, and not used to inform the
CA-module during training.

(a) Input Image (b) Coordinate Attention Map  (¢) IR Image (only for reference)

Figure 4.4: Visualization of the internal coordinate attention mech-
anism (b) during inference on an input image (a). The IR image (c)
is only provided for reference to show the composition of the input
scene, as it is too dark to see directly.

4.3.3 IR-based Enhancer

In licu of the NAF-Net denoiser from the original DA-Zero-DCE architecture, as it requires
paired well-lit images for training, IR-Zero-DCE introduces the [R-based Enhancer (IRE) to
address the noise in the output from the curve estimator as well as increasing the sharpness
and contrast of structural boundaries. The structure of the IRE can be seen in
Prior to entering the IRE, the image is converted to grayscale and detached from the com-
putational graph. The reason for this detachment is to prevent gradient updates stemming
from the IR supervision from reaching the backbone. While the U-Net backbone outputs
multiplicative pixel-wise LE-curves, the IRE instead outputs an additive residual map to the
enhanced image. The final activation function used is the hyperbolic tangent, bounding the
output to [—1, 1] which is then further constrained by a multiplicative constant 0.5. The rea-
son for this is to constrain the networks ability to hallucinate as the IRE module is capable
of generating sharp, high—frequency adjustments which can disrupt the local spatia] correla-
tions of neighboring pixels in the input. The IRE performs two distinct tasks, guided by the
IR-supervision, to improve the structural reconstruction capabilities of IR-Zero-DCE. The
first task is edge amplification: Where there are geometric boundaries in the image, the en-
hancer outputs positive residuals to the brighter side of the edge and negative residuals to the
darker side. This steepens the gradient creating a sharper, higher contrast boundary around
the object of interest. The second task is noise suppression: Amplified sensor noise in the
enhanced image creates thousands of high-frequency gradients. In regions where there are no
features of interest in the corresponding IR image, e.g a dark background, the IR supervision
punishes such edges. Here the IRE outputs residuals to dampen the noise spikes and smooth
out the area. Crucially, the IRE is constrained from aggressively smoothing all non-IR fea-
tures. Because thermal images inherently lack the fine textural and luminance details present
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in RGB data (e.g. printed text or shadows), the noise dampening is calibrated to preserve
these RGB-specific high-frequency textures, rather than forcing the output to strictly mimic
the thermally flat regions of the IR ground truch.

Enhanced
Image

Detach &
convert
to grayscale

Input Output

o @ 2 0 @
conv2d conv2d conv2d conv2d

1->32 32->32 32->32 32->1

Figure 4.5: The IR-based Enhancer architecture

4.4 Loss Functions

Our model uses a composite loss function designed to balance global illumination enhance-
ment with local structural recovery. While IR-Zero-DCE adopts the non-reference learning
method of Zero-DCE [14], the spatial consistency loss (Ly,) proves insufficient when deal-
ing with the extremely low signa] to noise, and the low-contrast boundaries characteristic of
RAW low-light data.

To address these limitations, we introduce a cross-modal scructural loss that leverages
infrared guidance to recover edges. This section details the mathematical formulation of
these components and the rationale for their integration into the total loss function.

4.4.1 Edge-Enhancing Structural Loss

To guide the model towards enhancing cross-modal structural boundaries we present the
following custom loss function. Given the input image Iy, the predicted image Ip,q and
the corresponding thermal image Ijg, the objective of the loss is twofold: First, produce an
enhanced output Ip,.q with sharp, high-contrast edges around structures which are found in
I1npur o1 I1g. Second, punish the network for producing sharp edges where none exist in either
of the modalities.

By extracting gradients in both X and Y directions using Sobel filters as in|Equation 3.11]
we obtain the edge magnitude maps Gyypur, G prea, and Gyg for Lypus, Lprea, and Iig respectively.
To minimize the noise picked up by the Sobel filters, a Gaussian blur filcer is applied to the
images prior to extracting the edge maps.

To further prevent unwanted gradients caused by noise, as we are dealing with RAW im-
ages in extreme low-light conditions, we extract only the sharpest and most prominent edges
of the input edge map and IR edge map by masking out all values in Gypue and G under a
certain threshold. This threshold is dynamically determined for each image using PyTorch’s
torch.quantile function, and computed as P(Grnpur < Tinpur) = g and P(Gig < Tig) = g
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to find a threshold T for the ¢ quantile. For our datasets a good value for g was experimen-

tally determined to be 0.97. Utilizing this threshold a binary mask Migges = Minpue U Mg is

created, where My, and Mg are calculated according to[Equation 4.1

I ifG>T
MG =1" 0> (4.1)

0, otherwise

To account for misalignment between input and thermal images, Mg is expanded using

max pooling. The resulting thresholded binary masks are shown in

(2) Minpus (b) Mg before expansion (©) Mgges

Figure 4.6: Visualization of the edge mask generation process. (a) Bi-
nary mask M, from the input image, (b) binary mask M, derived
from the thermal image before expansion, and (c) the final combined

and expanded edge mask M, g5 (q = 0.97).

Using the binary mask, the first objective of the loss, to reward the model for enhancing
object contours, is formulated as Where i denotes the pixel index. This corre-
sponds to the L1 distance between the predicted gradients and a target gradient magnitude
of 0.5, normalized by the total edge area. The reason for targeting a softer 0.5 gradient mag-
nitude at the edges rather than for example 1.0, is that such sharp edges almost never appear
in ordinary images, and therefore too steep targets result in unnatural looking outputs.

My |GY  -05

edges pred

Ledge‘y = Zi M(i) (42)

edges

The second objective is to punish the model for producing edges where none exist in the
thermal image. To perform this noise suppression, while still allowing the preservation of tex-
tures and features only present in the input’s visual spectrum (but not the thermal spectrum
of the supervising IR image), the following method is employed:

L. To determine the signal amplification of the network, given an input image Iy, we
MPred
Hinpu+e€’
value and € a small constant for stability.

calculate a scalar boost factor = where p is the respective image’s mean pixel

2. The gradients Gmpm of the input image are extracted, and scaled with the boost factor:
Glnput = ,8 : Glnput-
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3. The network’s noise amplification Ny, is calculated (shown in [Figure 4.7a), which
determines how much the predicted image’s background gradients have scaled beyond
the input’s scaled gradients: Ny, = max(0, Gpred — Grnpur)-

Finally, by inverting the binary mask M, = =My, and only punishing the noise am-
plification, the background component of the loss is formulated as Similarly
t0 Legges, this corresponds to the L1 distance between the noise amplification and zero, nor-
malized by the total background area.

Zi Mg) : Ncglrzlp

Ly, - (4.3)

0.5
0.5
r0.4
r0.4
- 0.3
0.3
0.2 02
( 0.1 0.1
‘\ W)
I “WH
L 0.0 0.0
(a) Namp (b) Mbg : Namp
Figure 4.7: (a) shows the gradients which have been amplified be-
yond the naturally scaled input. In (b) the IR and RGB edges have
been masked out, as we do not want to suppress the edges that cor-
respond to true structure. What remains in (b) is the noise that the
background loss punishes.
The total loss is then formulated as:
leruct = Ledges + ng (44)

4.4.2 \Vertical Total Variation Loss

To address the extreme noise in the input images, often presenting as horizontal “banding” or
readout noise, we introduce a simple Vertical Total Variation Loss. The purpose is to reduce

the banding that is otherwise amplified in the enhanced image, as can be seen in
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Figure 4.8: The input images contain prominent horizontal banding
noise. Note that the image in the figure is gamma boosted to high-

light this.

This loss is functionally similar to the [llumination Smoothness Loss [Equation 3.5 but
operates on the final output image from the IRE rather than on the LE-curve maps. The
loss calculates the absolute difference between vertically adjacent pixels in each channel, and

then takes the overall average over all those differences, as described by

Lyers = % DI My = leyerd (45)
=54

Note that this loss is not part of the default architecture for our network, but is still
included as an optional add-on to produce smoother and arguably more visually pleasing
images.

4.4.3 Total Loss

The total loss is described as:

Ltotal = WexpLexp + Wcochol + thﬂLtVﬂ + Wstructhtruct (46)

Where Lgyyer is our custom Edge-Enhancing Structural Loss which replaces the Spatial

Consistency Loss (Equation 3.2) from regular Zero-DCE.

4.5 Baselines

To contextualize our results, we evaluate IR-Zero-DCE against three baseline methods: Zero-
DCE, DA-Zero-DCE, and Histogram Equalization. To ensure a fair comparison while pre-
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serving the core characteristics of the original architectures, we made only the minimal ad-
justments necessary to accommodate our RAW data format and training pipeline. These
modifications are detailed below for each baseline.

Zero-DCE

To adapt the Zero-DCE curve estimation network (DCE-Net) to our four-channel RGGB
RAW input, we modified the initial convolutional layer to accept four input channels racher
than the standard three. Consequently, because the network estimates pixel-wise curve pa-
rameters for each color channel across 8 iterations, the output layer was adjusted to produce
32 parameter maps (4 X 8 = 32) instead of the original 24 (3 X 8 = 24). Finally, to make
comparisons with our model’s grayscale output possible, we implemented a straightforward
RGGB-to-grayscale conversion at the end of the Zero-DCE pipeline. We first consolidate the
two green channels of the RAW format by averaging them, and then apply standard lumi-
nance Weighting to the resu]ting R, G, and B components. The final grayscale intensity Y is
computed as:

Y = 0.299R + 0.587 (%) +0.114B (4.7)

where Gy and G, represent the two green channels in the RGGB Bayer pattern.

Otherwise the original DCE-Net architecture is kept intact, and the parameters of the
network are initialized with zero mean and a 0.02 standard deviation Gaussian function, as
in the original paper [14].

DA-Zero-DCE

Because there is no official, publicly available codebase for DA-Zero-DCE, we implemented
the network based on our best interpretation of the original paper, leveraging standard im-
plementations for its two core components: the U-Net and Coordinate Attention modules.
A critical deviation from the original architecture involves the NAF-Net denoising module.
In the original work, this module is trained using paired, well-lic RGB images. Since rely-
ing on paired data strictly contradicts our objective of training without such supervision, we
omitted the NAF-Net module entirely.

The U-Net backbone of DA-Zero-DCE mirrors the one used in our proposed model, illus-
trated in One notable departure from the original DA-Zero-DCE implementation
is that we reduced the channel capacity of each layer by a factor of four. This reduction was
introduced to accommodate computational constraints, mitigate the risk of overfitting on
our relatively small dacaset, and because the original U-Net capacity is arguably excessive for
the comparatively simple task of estimating Light Enhancement-curves. Furthermore, initial
experiments using transposed convolutions for upsampling, as in the original DA-Zero-DCE,
produced severe artifacts and heavy vignetting in the output images. To resolve this, and to
further reduce the risk of overficting by reducing the total parameter count, we replaced the
ConvTranspose2d layers in the U-Net backbone with bilinear upsampling followed by stan-
dard convolutions, as recommended by Odena et al.[33]. Similar]y to the regu]ar Zero-DCE

baseline, as a final step we convert the image to grayscale (Equation 4.7).
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Histogram Equalization

Prior to equalization the images are passed through the same preprocessing pipeline used for
the models’ inputs. Then HE is app]ied to each channel independently, and the equa]ized

channels are stacked to produce the final image. For comparison with the other methods the

image is then converted to grayscale (Equation 4.7).

4.6 Experiments

The experiments and tests were performed on a system with an RTX 4070 GPU. The training
procedure included training for 50 epochs with a batch size of 8, a learning rate of 0.0001
and an AdamW optimizer with weight decay of 0.0001 to reduce the risk of overfitting on
our relatively small datasets. An unconventionally small batch size was used due to compu-
tational constraints. The Weights for the losses are presented in where the biggest
difference is our implementation replacing the Spatial Consistency Loss from the baselines
with our custom Edge-Enhancing Structural Loss.

Loss Weights
Weight Name Our Model Zero-DCE & DA-
Zero-DCE
Wy 10.0 10.0
W,, N/A 1.0
Wl 5.0 5.0
Wi Lo, 200.0 200.0
Wtruer 5.0 N/A

Table 4.1: Weighting of loss components for our model and the base-
lines
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Chapter 5

Results & Discussion

5.1 Evaluation Metrics

Common evaluation metrics used in low-light image enhancement include full-reference
metrics such as PSNR and SSIM. These metrics require a well-lit ground truch image as ref-
erence, which is not available for the images within our datasets. Furthermore, as discussed
carlier, existing public benchmark datasets do not contain images in the same domain, for-
mat and extremely dark lighting conditions as our model was trained on. One approach
would be to try and evaluate the structural similarity between the model output and the
corresponding IR, but standard SSIM fails in this regard due to the completely different do-
mains of the images. Another approach is to extract some common features from both the
prediction and thermal image, then compare that set of features. This is exactly what our
Edge-Enhancing Structural Loss does, acting as a quantitative metric of hallucination, but
simu]taneous]y making it a bad measure for comparison. As Goodhart’s law states: When a
measure becomes a target, it ceases to be a good measure [46]. Due to this our thesis prioritizes
qualitative visual analysis and quality assessment.

5.2 Ablation Study

We present three versions of IR-Zero-DCE to highlight the impact of the different design
decisions concerning the loss functions. The Default version uses the exact architecture and
losses described in excluding the Vertical Total Variation (VTV) Loss. The second
version, Denoising, is identical to Default, except that it utilizes the VTV Loss, weighted at
Wyry = 20.0. The last version, Edge-Only, is identical to the default setup, but discards the
background noise suppression component of the Edge-Enhancing Structural Loss, thereby

making this loss equal to Legges (section 4.4). [Figure 5.1 shows how the different models

perform on data from Datasety .
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Input RAW ‘ Defgult’ Edge—iny

Denoising

Figure 5.1: Visual ablation study of three different loss setups

While managing to suppress some noise, the denoising version fails to adequately address
the complex noise patterns in the input. Without any reference ground truth RGB images, the
model does not learn to distinguish noise from true signal in the image, and instead slightly
blurs the entire image. The third version, which only rewards enhancing edges, is free to
over-amplify background noise in the output. Without the background noise suppression
component, the model produces a pattern of artifacts which might best satisfy the loss, but
clearly degrades the background from a qualitative perspective. Through this analysis we find
that our default setup performs the best, and is thereby the model we use for our comparison
with the baselines

5.3 Comparison with Current Methods

To evaluate the efficacy of our proposed solution, we compare its performance to the tra-
ditional method Histogram Equalization (HE), as well as the deep learning frameworks our
work is based on, Zero-DCE and DA-Zero-DCE. The results demonstrate that our method
provides superior structural definition when working with grayscale images. Notably, HE

performs surprisingly well which is further discussed in
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Input RAW Ours Zero-DCE DA-Zero-DCE HE

(a)

(b)

Figure 5.2: Visual comparison of baseline methods on images from
Dataset ;. Compared to baseline methods, our proposed model
increases contrast and clarity around structures and Objects, such as
people who emit thermal radiacion.

In a) and (b), the proposed model demonstrates sharper local contrast around
the whiteboard compared to the baselines. Similarly, in image (c) our method achieves a more
distinct separation between the persons and the background, with improved contrast.

Input RAW Ours Zero-DCE DA-Zero-DCE

(b).....
(C).....

Figure 5.3: Edge maps of the outputs from computed

with a 3x3 Sobel operator and visualized as the gradient magnitude
G2+ G%. All maps in this figure are normalized by a single shared

maximum so that magnitudes are directly comparable across meth-

ods.

The Sobel gradient maps in demonstrate that IR-Zero-DCE achieves supe-
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5. RESULTS & DISCUSSION

rior structural recovery. By leveraging spatial information from the IR images, the proposed
method enhances the edges of the subjects. While this leads to a higher noise floor in the
background compared to the baselines, the final output shows greater boundary clarity. This
suggests that the model prioritizes the preservation of object geometries even at the cost of
some background noise amplification. To highlight the the improved boundary of the person,

a cropped and enlarged view of image (c) from is presented in

Although the Sobel operator is an internal component of the Lgyye loss, these results
confirm that the network effectively translates cross-modal scructural data into the enhanced
output, reconstructing contours that are otherwise lost in the baseline methods.

Ours Zero-DCE

Figure 5.4: Cropped and zoomed in version of image (¢) from

The edges of the person is more prevalent in our version,
although at the cost of amplified background noise.
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5.4 LE-CURVES & IRE RESIDUAL

5.4 LE-curves & IRE Residual

To showcase the separation of responsibilities between the curve-estimation backbone and
the IR-based Enhancer, illustrates the effect the two different modules have on the
image. shows the curve maps applied to the input image, while|Figure 5.5d|shows

the residual which is added by the IR-based Enhancer.

(a) Input Image (b) IR Image (only for refer-
ence)

(c) LE-curves (avcragcd over 8 (d) IRE residual

iterations and normalized to

[0,1])

Figure 5.5: The different components of the enhancement pipeline
visualized, when applied to an input image (a). The thermal image
(b) is not used as input to the network, and is only provided for
reference to show how the network learns to focus its enhancements.
(¢) shows an average over the curve parameter maps, A, generated
by the backbone. (d) shows the additive residual generated from the
IR-based Enhancer.

This example shows a clear separation of responsibilities within our network. The back-
bone outputs smooth curve parameter maps responsible for the global illumination recovery
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5. RESULTS & DISCUSSION

of the scene. The IR-based Enhancer on the other hand is responsible for localized, high-
frequency adjustments and the sharpening of edges around objects.

This is similar to the two components which Retinex theory states an image is composed
of, spatially smooth illumination (L), and high-frequency structural reflectance (R) [25]. Our
architecture is constrained to separate these components, making it easy to reason about
where different types of enhancements stem from. The application of LE-curves is strictly
multiplicative, and acts as a scaling factor of the images illumination. Additionally, the heav-
ily weighted TV loss encourages the backbone to output low-frequency parameter maps. The
visualization in shows that the curve maps are entirely smooth, confirming that
the luminance mapping which this part of the architecture performs resembles (L).

The IRE on the other hand is limited by a 9 X 9 receptive field, making it blind to any
global context. Through guidance from the two components of the Edge-Enhancing Scruc-
tural Loss, the additive residual which it outputs instead contains only high-
frequency gradients which enhance edges around structures and people, as well as counteract-
ing noise in the background, corresponding to (R). By separating responsibilities between the
two stages of the pipeline and training them independently with specialized loss functions,
we demonstrate how the model approximates Retinex decoupling in its image enhancement.

5.5 Hallucination Resistance

In lieu of quantitative measures of hallucination, here we establish an argument to why our
model is hallucination resistant and highlight how the different components of our architec-
ture contribute to our goals of providing both image-wide exposure correction and localized
edge refinement around structures.

Image Enhancement is an lll-Posed Inverse Problem

First, we reiterate that image enhancement is an i]]—posed inverse prob]em, meaning the
model is tasked with reconstructing the “true” image from degraded, noisy, and incomplete
data in the input. In such problems, even small variation in noise can cause instability and
drastically change the output, as there is no unique, stable solution due to the insufficient in-
formation in the input. To provide stability, and limit the output space to only the plausible
solutions, image restoration models therefore often rely on either explicit prior knowledge
or priors learned from distributions in the training data [12].

Why The Curve Estimation Backbone is Hallucination
Resistant

With this background in mind, we can see that how the model manipulates the input, and
what information it relies on to produce the output, is of utmost importance for reasoning
about the model’s ability to hallucinate. To show how the generation of curve parameter maps
in the backbone of our network differs from traditional image-to-image pixel generation, we
compare this architecture to other methods such as Generative Adversarial Network’s (GAN)
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5.5 HALLUCINATION RESISTANCE

and Diffusion models. These models often rely on encoder-decoder architectures, which com-
press an input image into a latent space, losing high frequency detail and noise information
but capturing broader semantic meaning, and then recreate the image to produce a sharper,
brighter, or noise-free output. The reconstruction performed is then based on both the in-
put, but also the models’ semantic understanding of what an image is supposed to look like,
its prior. In areas where the input lacks information, such as extremely dark areas, the prior
dominates the generation of the output resulting in higher risk of hallucination [42]. Furcher-
more, due to the complexity, high—parameter counts and non-linear activation functions of’
many generative models, even a small difference in the noise pattern of the input can cause
drastic variations in the output, something which is especially relevant in low-light RAW
images where random shot noise is prevalent.

The generation of pixel-wise LE-curves, as performed in our architecture, is drastically
different than the pixel-to-pixel approaches. Firstly, the model does not predict pixels di-
rectly, but instead estimates curves that are constrained by a predietab]e and limited math-
ematical formula . The manipulation of the pixels themselves only occurs in
the curve application phase, where each output pixel’s value is directly based on the corre-
sponding input pixel’s value, applied to the curve formula. Furthermore, the output values
are strictly limited to the range [0, 1] and due to the monotonicity of the curves, the relative
contrast between neighboring pixels will be preserved [14]. The predictability and rigidness
of how the actual pixel values are manipulated means small variations in noise does not have
a considerable impact on the output of the model. It does however also mean that the model
is limited in its ability to denoise, as it can not understand the semantics of the image and
predict sharp high-frequency curves to negate the noise.

Decoupled Architecture

A natural critique of the IR-Zero-DCE architecture then arises regarding the IR-based En-
hancer. While the curve estimator outputs smooth, monotonic curves, the IRE is by design ca-
pable of sharp, high-frequency adjustments. Furthermore, as it is trained with IR-supervision
through the Edge-Enhancing Structural Loss, it must be examined whether this module learns
a data-driven prior, which we have established is a root cause of hallucination. While these
concerns are valid, our architecture mitigates the risk of hallucination through three specific
constraints: mathematical bounding, limited receptive field, and gradient isolation during
learning,

Firstly, similarly to the curve estimator, the IRE is limited in its output capacity. Instead
of performing direct image-to-image generation, the IRE outputs a residual map which is
then added to the enhanced image. This residual is further restricted by a scalar mu]tiplier
acting as a restraint on the magnitude of the residual and keeping the output grounded to
the input.

Secondly, the receptive field of the IRE is restricted to a 9 X 9 window, limiting it from
learning any global semantic prior. By restricting it to local adjustments, it lack the spatial
awareness to learn any semantics of the image. Instead what the network learns is highly
localized gradient enhancement, a likelihood P(x|IR) which teaches it to differentiate weak
structural edges from pure noise. As argued by Sampson et al. the likelihood P(x|IR) will
not induce any hallucinations [42].

Finally, the training pipeline achieves strict decoupling between the IRE and the curve es-
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timator backbone through gradient detachment. Gradients stemming from the Edge-Enhancing
Structural Loss are explicitly prevented from flowing back from the IRE to the backbone.
This ensures that the curve estimator U-Net, which has a large receptive field and is capable

of semantic understanding, remains completely isolated from the IR-supervision. The back-
bone is therefore prevented from learning any structural priors, maintaining its role as an
unsupervised hallucination-resistant global illumination enhancer.

Loss Function Tug of War

The robustness of the proposed network stems from a deliberate tension between the curve
estimator backbone and the IR-based Enhancer. By separating the objectives of the network
and training the two modules in isolation, we achieve both improved spatially aware global
illumination and high contrast amplification without cross-contamination.

On the one side the backbone which is constrained by its zero-reference loss functions,
specifically the TV loss, focuses on uniform, spatially aware illumination correction. This
allows the network to deal with complex lighting scenarios containing both under and over-
exposed regions. It possesses a global understanding of the scene, but is bound in its adjust-
ment capabilities through the curve application mathematics and detachment from the IR
supervision.

The IRE on the other hand lacks semantic understanding and is restricted to local adjust-
ments, but exploits the IR-based guidance to enhance object contours in extremely low-light
regions beyond what approaches like vanilla Zero-DCE is capable of.

This tension allows the network to accomplish two inherently contradictory goals: Main-
taining smooth illumination gradients and sharply reconstructing structural details in low-
light regions, while simultaneously ensuring both components involved in achieving these
goals are hallucination resistant.

Perception-Distortion Tradeoff in Hallucination-Resistant
Networks

While the proposed architecture is designed to remain resistant to hallucination, the strict
adherence to the input signal introduces an inherent trade-off in visual quality. Because the
network is constrained from inventing information where the input signal is weak, heavy
noise present in the RAW input remains in the output.

It is important to note that the method through which generative image-to-image ap-
proaches such as GAN and Diffusion models achieve visually pleasing results is precisely
through their reliance on a prior. Hallucinations in these models are an intended feature
which allows the network to produce sharp, high-quality output without being entirely teth-
ered to the input [42]. Through their training data they learn “dictionaries” which map noisy,
low-quality semantic content in the input to their well-lit, sharp counterpart.

The Perception-Distortion Tradeoff [27] explicitly outlines the phenomenon that distor-
tion and perceptual quality are at odds with each other in image generation tasks. Models
cannot achieve both low distortion and high perceptual quality. The rise of perceprual loss
functions [24], and architectures such as GAN [28] stems in part from the realization that
traditional distortion metrics such as PSNR and SSIM do not align with aesthetic quality.
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5.6 ANALYZING HISTOGRAM EQUALIZATION PERFORMANCE

Our network therefore produces images that are noisier and less visually pleasing than
what would be achieved with other state-of-the-art approaches such as Diffusion or GAN.
However, in safety critical domains where hallucination of false structure is unacceptable,
this sacrifice may prove necessary.

5.6 Analyzing Histogram Equalization Per-
formance

As shown in HE performs surprisingly well compared to the deep learning meth-
ods in restoring structural Visibility. A comparative analysis of HE and Zero-DCE helps
clarify why this is the case, particularly by highlighting how the performance gap narrows
when color information is disregarded.

Input Output RGB

Output grayscale

0 0
HE

r

I “{mm"ﬂmn
Zero-DCE

r

Figure 5.6: Visual comparison of Histogram Equalization (HE) and
Zero-DCE

In extremely dark image enhancement, the primary challenge is to map a highly com-
pressed input distribution, where signal values are mostly near zero, into the full dynamic
range of the output. This objective is fundamentally aligned with the mathematical operation
of HE, which flattens the image histogram to maximize global contrast. Because Datasety 4,
is extremely dark and has a very narrow dynamic range, this contrast strecching is highly
effective at revealing objects in the scene.

Furthermore, the transition to grayscale simplifies the noise profile by removing the chro-
matic artifacts that HE would otherwise amplify. While the deep learning methods like Zero-
DCE do not struggle with this due to their learned exposure and smoothness constraints, this
advantage is diminished when the images are evaluated in grayscale.

5.7 Limitations

While the qualitative and theoretical assessment of our method shows promise in both its
enhancement capabilities and hallucination resistance, there are several constraints which
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limit the performance. The ill-posed nature of low-light image enhancement and the tradeoff
between noise suppression and structural fidelity affects the perceprual quality of our images
and potentially the performance on downstream tasks such as object detection. In this section
we critically evaluate the limitations in our approach, specifically in regards to performance
on maritime domains and alignment issues between the RGB and IR images.

Performance on Maritime Dataset

To showcase how our model performs in a varied and realistic domain, compares
our model to the baselines on images from Datasetyayisime. 1t can be seen that the scenes
are more complex, with a majority of the fine structural detail located in a small portion
of the image along the horizon. Due to this, the misalignment of RGB-IR image pairs in
our data becomes a greater issue, and our mitigation techniques of expanding the edge-maps
to account for that misalignment instead results in the model blurring out details in order
to match the broad edges . We can however see promise in our model in this
setting as well. While producing slightly blurred result, it performs on par with HE in terms
of increasing contrast around buildings and masts, making them stand out more from the
background compared to Zero-DCE and DA-Zero-DCE. Where HE struggles with varied
lighting conditions, our model retains natural lighting without over-exposing bright arcas
and under-exposing dark ones.

Input RAW Zero-DCE DA-Zero-DCE

Figure 5.7: Visual comparison of baseline methods on images from
DatasetMaritime
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Figure 5.8: Due to the dilation of the edge map, when a lot of fine
structural detail is concentrated in a small portion of the picture,
the model is incentivized to blur the image in order to match the
target edges.

Inwe see an example of a failure case for our model. Looking at the building
to the left in image (c) we see that while attempting to increase the contrast of its borders,
the facade of the building is a flat surface (which also doesn’t contain any texture in the
RGB) and therefore the background loss flattens out the area making the building "disappear”

(Figure 59).

Figure 5.9: The model manages to bring out the edges of the building
against the background, but is not guided towards also increasing
the contrast of the facade.

In image (b) we can see a promising scenario for our model. It is the only model which
attempts to suppress the difficult head-on lighting and extract the ship’s structure behind
it. While the result is not necessarily satisfactory in this particular case, a model that has
the awareness to perform such an enhancement and keep the ship visible is clearly useful for
many downstream applications such as detection, navigation and distance measuring.

47



5. RESULTS & DISCUSSION

Alignment Issues

One bottleneck for our solution is potential misalignment between the RGB and IR image
pairs. As our Edge-Enhancing Structural Loss function compares gradients in the two images,
even slight misalignment can cause a large spike in the loss, pushing the model to find alter-
native ways of satisfying the loss which do not correspond with our objective of increased
contrast and sharp edges around structures. One illustrative example of this can be seen if
the expansion of the target edge map Mgges is decreased. This expansion is performed to
provide tolerance for some misalignment of geometric elements, and by decreasing it from 3
pixels in either direction tol pixel , the model produces a blurry
output as it strictly punished for sharpening edges in the input which are not aligned with
edges in the target map.

o ™ z O

(a) Target edges expanded by 3 pixels (b) Target edges expanded by 1 pixel

Figure 5.10: When the target edges are not wide enough to account
for the misalignment between the RGB inputs and IR targets, the
model blurs the output in an attempt to align the edges (b). By ex-
panding the target edges, the model is free to create sharper edges
in the output, as they now align with the expanded target (a).
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Chapter 6
Future Work

This thesis has exp]ored the complex challenge of extreme 10W—1ight image enhancement for
safety critical applications where hallucinations pose a major risk. While we present a the-
oretically sound architecture to tackle such problems, several challenges remain for future
work to examine.

6.1 Improved Alighment

A primary complication throughout our work has been the registration of RGB-IR image
pairs. Due to the differences in domain, resolution, aspect ratio and FOV between the differ-
ent cameras, both manual and automatic alignment has proved difficule. To account for the
misalignment, several measures such as blurring and edge-map expansion were undertaken.
While these were successful in improving the performance of the model on our dataset, we
expect significant performance improvements if the images were perfectly aligned and the
measures above would not need to be taken in the first place. This is especially important
when, as is the case for our Edge-Enhancing Structural Loss, the loss relies on precise con-
formity between edges in both images. Measures such as mask dilation to account for mis-
alignment will inherently make such a loss less precise and produce resules which do not align
with the true goal of sharp and clear structural boundaries. We believe the most robust way
to achieve cross-modal pixel perfect registration for our application is to perform geometric
camera calibration for the camera pair to calculate both the intrinsic and extrinsic parame-
ters of the cameras. This would allow alignment that accounts for both differences in FOV,
aspect ratio and distortion as well as physical offset and rotation.

An alternative approach involves moving away from an alignment sensitive loss function
altogether. This could be achieved by utilizing a pre-trained feature extractor such as DINO
[5] to distill the IR and RGB images into a shared feature-space. A loss function can then be
formulated comparing the two sets of high-level features. By utilizing a dataset of paired IR
and well-lit RGB images and training a small layer to project the IR feature space to RGB
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feature space, such a loss could also lead our model to produce outputs which better capeure
the illumination, spatial relations and semantics of bright images. This is similar to what
perceptual losses, such as those based on VGG, aim to capture [24].

6.2 Quantitative Evaluation

Downstream Performance and Image Quality

One of the main applications of our model is to improve performance on downstream tasks
such as object detection, tracking, and classification. While we hypothesize that increased
structural contrast and clarity would be beneficial, a key expansion on our work is to apply
our model to such downstream pipelines and evaluate the difference in performance.

We could validate this performance using an established benchmark like the KAIST Mul-
tispectra] Pedestrian Detection dataset [21]. Although these images are not in RAW format,
are brighter than our use case, and capture urban rather than maritime environments, the
dataset is relevant as it features paired RGB and IR images along with object detection anno-
tations. Evaluating our model on the KAIST dataset would allow us to measure how the
structural improvements impact the precision of downstream object detection networks.
Testing objeet detection performanee on this dataset would provide a proxy for semantic
image quality and allow for a quantitative comparison against existing models that have al-
ready been benchmarked on the same data. It should be noted however, that performance on
this benchmark does not necessarily generalize to extremely dark maritime environments.

Another evaluation framework for model comparison could utilize well-lit, paired RGB-
IR datasets by applying synthetic degradation. By artificially darkening the well-lit images,
we could utilize standard full-reference metrics such as PSNR or SSIM to measure the sim-
ilarity between our model’s enhanced output and the original, well-lit ground tructh. While
synthetically darkened images do not fully capture the complex noise characteristics of a
true night scene, this approach could still provide a valuable comparison between models for
image restoration.

Hallucinations

In this thesis we present a theoretical justification for the hallucination resistance of the
IR-Zero-DCE architecture, especially against prior-induced hallucinations. By developing a
cross-modal objective via a custom loss function, the model is grounded by IR-supervision
to enhance structure strictly where it exists in the physical scene.

However, the qualitative nature of this evaluation presents an opportunity for continued
research. Future work could be dedicated to developing a quantitative framework for mea-
suring the degree to which low—light image enhancement networks hallucinate. We see two
primary challenges in doing this for our application: First, we operate on datasets without
reference ground truth images. This makes it difficult to distinguish fabricated details from
the true structure of the scene. Second, if utilizing the paired IR images as a proxy for a
structural ground truth during evaluation, there is a risk of optimizing the network for the
measure itself. Because our proposed network is a]ready trained to align predicted spatial gra-
dients with thermal images via its loss function, using thermal alignment as an independent
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test metric conflates the measure with the target. One potential solution to these challenges
is to once again use the performance on an object detection benchmark as a proxy metric for
hallucinations. It can then be argued that a model which performs well on such a benchmark
likely does not inject false semantic or structural elements.

6.3 Train on Larger Datasets

This thesis was natura”y limited in scope in terms of data acquisition and processing due
to both time and resource constraints. While the performance of our model on our datasets
shows a promising direction for the architecture, training on larger and more diverse data
would likely lead to even better performance and highlight areas of the training process where
the pipeline would need to be refined.

6.4 Reduce Noise in Edge Maps

The current implementation of the Edge-Enhancing Structural Loss uses a static percentile-
based thresholding strategy which preserves the top 3% of the strongest gradients in each
image. This introduces a vulnerability to inconsistent SNR in the dataset as it may inad-
vertently preserve noise induced artifacts and not just legitimate physical boundaries. To
mitigate this, future research could explore different denoising strategies to be used before
edge extraction, such as bilateral filtering,

6.5 Alternative architectures

In our approach we utilized structural features extracted from the IR images as privileged in-
formation directly applied to the output of the network through the Edge-Enhancing Struc-
tural Loss. This ensures the network learns structural constraints during training while only
requiring RGB images at inference. One alternative approach to incorporate the thermal im-
ages during training is to emp]oy a fusion architecture. These architectures utilize a “teacher”
network trained on both RGB and IR input to extract some set of common latent features
between the modalities, which are then used to guide the training of a “student” network.
A comparison between this alternative approach of learning under privileged information
through feature-based knowledge distillation, and the one presented in this thesis, could
provide valuable insight into how the incorporation of IR features in different stages of the
pipeline affects model performance. Particularly how our loss-guided architecture which en-
forces constraints directly on the output compares to the distillation-based fusion networks,
which learn a latent representation, in terms of hallucinations.
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Chapter 7

Conclusion

Low-light conditions remain a critical challenge for many tasks within computer vision, in-
cluding autonomous systems relying on camera sensors for tasks such as navigation and ob-
ject detection. While deep ]earning methods have Vast]y improved performance in image
enhancement tasks, their reliance on difficult to acquire paired data remains a challenge.
Furthermore, generative approaches which are not constrained to ground their output in
the input signal may introduce unacceptable risk of hallucination in safety critical tasks. In
this thesis we propose a decoupled architecture IR-Zero-DCE and a semi-supervised training
approach utilizing a novel cross-modal Edge-Enhancing Structural Loss which incorporates
guidance from thermal images. The proposed method is designed to achieve superior re-
covery of structure and contrast, while remaining resistant to hallucination. The primary
objectives of this thesis were formalized in three research questions. Based on the evaluation
of the proposed framework, these questions are answered as follows:

RQ1: To what extent can IR images be used as privileged information during training to guide high-
frequency enhancement of structure and contrast?

Our results suggest that IR imagery can be effectively leveraged as privileged informa-
tion to guide the enhancement of structural details. By incorporating IR-supervision
through the Edge-Enhancing Structural Loss, we demonstrate that structural infor-
mation from the thermal images can be successfully distilled into the network during
training. Qualitative evaluations indicate that this approach increases the visibility
and contrast of structures against the background, and outperforms the selected base-
lines in challenging low-light scenarios

RQ2: How can an architecture be designed to provide both global illumination enhancement and local
structural reﬁnement in extreme low—light scenarios?

We propose a decoupled architecture which separates the responsibility of low-frequency
luminance estimation and high-frequency structural enhancement, similar to Retinex
theory. By adopting the Zero-DCE curve estimation formulation for the backbone,
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RQ3:

and residual learning strategy for the IR-based Enhancer, the model independently
performs the two distinct types of enhancements.

Can loss functions and training constraints be formulated to punish hallucinated structure,
while still encouraging strong contrast and detail recovery?

By mathematically tethering the the output capacity of the model to the input signal,
the network is constrained in its alteration capabilities. Furthermore, by restricting
the receptive field of the IRE and blocking gradient updates stemming from the IR-
supervision from reaching the backbone, the model is resistant to semantic or struc-
tural prior-induced hallucinations. By exploiting the superior structural information
found in thermal images in low-light scenarios, the Edge-Enhancing Structural Loss
aims to prevent the network from hallucinating structure in areas only containing pure

noise.

The qualitative analysis in this thesis shows promising results for the IR-Zero-DCE frame-

work on two difficult datasets with extremely low-light images. However, both IR-guidance

and hallucination suppression are relatively unexplored in the literature, and more work is

likely needed before methods such as the one presented here can reliably be applied for down-

stream tasks.
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Al som ser i morkret utan att hallucinera

POPULARVETENSKAPLIG SAMMANFATTNING Samuel Naumann, Karl Hammar

Moderna sjalvstyrande system ar ofta beroende av kameror, men deras formaga att
tolka omgivningen forsamras drastiskt i morkret. Genom att lata var Al-modell dra

nytta av infrarétt ljus kan vi dterskapa ljusa bilder ur extremt morker.

Detta ger

framtidens autonoma teknik det morkerseende som kravs for att ta sakrare beslut.

Maéanga har upplevt hur Al-baserade chatbottar
kan hitta pa information som inte Overensstdm-
mer med verkligheten. P& samma satt kan Al-
modeller som forbéttrar bilder uppfinna saker som
inte finns i originalbilden. Detta ar ett stort prob-
lem for exempelvis sjdlvstyrande fordon som forli-
tar sig pa kameror for att analysera sin omgivning.
Nér en vanlig kamera placeras i ljusfattiga forhal-
landen s saknas informationen som den beh&ver
for att fanga en bra bild. Genom att utnyttja in-
frarétt ljus som fangar virmesignaturer i morkret
kan Al:n ldra sig var objekt faktiskt befinner sig
och didrmed forstirka det riktiga motivet.

I vart arbete har vi trdnat ett neuronnét pa bade
morka bilder och deras infrar6da motsvarighet
samtidigt. Istéllet for att gissa sig fram till var en
byggnad eller person finns i omgivningen, sa kan
IR-data anvéndas som ett facit. Den resulterande
modellen kan forbattra synligheten av intressanta
objekt i extremt morka bilder, utan att hallucin-
era.

Morkerseende ar avgérande for att autonoma
fordon och robotar ska kunna navigera och und-
vika hinder. Det handlar inte bara om vad som é&r
precis framfor fordonet, den maste ocksa se objekt
pa langt hall for att kunna ta effektiva beslut. Om
Al-modellen hallucinerar och skapar falska objekt
i bilden, riskerar det att leda till felaktiga och di-

rekt farliga beslut.

.—I_n_>

Bild 1: Genom att kombinera den vanliga kamer-
abilden (vénster) med infraréd data (mitten) kan
Al-modellen aterskapa en tydlig bild (hoger) trots
extremt morker.

Vi lever i en virld diar AI kan generera
uppfinningsrika bilder med ett enda knapptryck.
Men nar ett fartyg navigerar okant vatten mitt i
natten s kan precis samma formaga att fabricera
vara livsfarlig. Genom att utveckla Al som héller
sig till sanningen bygger vi inte bara system som
kan se i morkret, vi bygger system man kan lita
pa nar det verkligen géller.
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