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ABSTRACT

MINIMIZING GHOSTING IN HIGH DYNAMIC RANGE IMAGES AND
VIDEOS WITH HYBRID APPROACHES AND EVENT GUIDANCE

Alpay, Kadir Cenk
Ph.D., Department of Computer Engineering
Supervisor: Prof. Dr. Ahmet O8uz Akyiiz

September 2025, 87 pages

The increased interest in consumer-grade high dynamic range (HDR) images and
videos in recent years has caused a proliferation of HDR deghosting algorithms. De-
spite numerous proposals, a fast, memory-efficient, and robust algorithm has been
difficult to achieve. In this thesis, we address this problem by first leveraging the
power of attention and U-Net-based neural architectures and using a conservative hy-
brid deghosting strategy to enable the deployment to hardware-constrained devices.
Then, we explore the use of event data with the bracketed low dynamic range (LDR)
RGB image data to gain temporal precision and HDR information on the dynamics of
the scene during the capture of the LDR bracket to guide the minimization of ghosting

artifacts further.

Keywords: HDR deghosting, event cameras, deep networks.
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~ HIBRIT YAKLASIMLAR VE OLAY REHBERLIGI ILE YUKSEK
DINAMIK ARALIKLI GORUNTU VE VIDEOLARDA HAYALETLENMEYI
EN AZA INDIRME

Alpay, Kadir Cenk
Doktora, Bilgisayar Miihendisligi Boliimii
Tez Yoneticisi: Prof. Dr. Ahmet Oguz Akyiiz

Eyliil 2025 , 87 sayfa

Son yillarda tiiketici sinifi yiiksek dinamik aralikli (HDR) goriintii ve videolara olan
ilginin artmasi, HDR goriintiide hayalet giderme algoritmalarinin yayginlagsmasina
neden olmustur. Cok sayida Oneriye ragmen, hizli, bellek acisindan verimli ve sag-
lam bir algoritma elde etmek zor olmustur. Bu tezde, oncelikle dikkat ve U-Net ta-
banli sinirsel mimarilerin giiciinden yararlanarak ve donanim kisith cihazlara dagitimi
miimkiin kilmak i¢in muhafazakar bir hibrit hayalet giderme stratejisi kullanarak bu
sorunu ele aliyoruz. Ardindan, LDR goriintiilerin pes pese ¢cekimi sirasinda sahnenin
dinamikleri hakkinda zamansal hassasiyet ve HDR bilgisi elde ederek hayaletlenme
hatalarinin daha da azaltilmasina yardimci olmak icin bu pes pese ¢ekilmis diisiik
dinamik aralikli (LDR) RGB goriintii verileriyle olay verilerinin birlikte kullanimini

inceliyoruz.

Anahtar Kelimeler: HDR hayalet giderme, olay kameralari, derin aglar.
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De nition

High Dynamic Range (HDR) imaging aims to capture a broader dynamic range of
the radiance levels of a scene, enabling more detail to be included in the nal image
by reducing the number of over- or under-saturated pixels. A typical daytime outdoor
scene, for example, includes a wide range of radiance levels that current low dynamic
range (LDR) commodity camera sensors cannot capture well, as they have limited

capacity and thus are not able to capture the complete irradiance falling on them.

High irradiance lls an LDR sensor up to its limit and thus is clipped at the maxi-
mum capacity of the sensor, which causes the camera to output over-saturated image
regions. Inversely, the radiance levels that are too low for the camera'’s current expo-
sure time setting get clipped to zero, causing no pixel information to exist in darker

regions of the output image.

A naive approach to solve those problems is to build HDR sensors that are able to
capture a wider dynamic range of radiance levels directly without risking clipping.
However, this solution is not feasible due to its high cost and high sensor complexity
for commodity usage. Therefore, a feasible solution that leverages commodity sen-
sors, such as mobile phone cameras, should be employed to produce HDR images

and videos.

To this end, an HDR image or video of a scene is typically produced by merg-
ing differently-exposed frames of that scene taken by an LDR camera in bracketing

mode [1, 2]. Figure 1.1 a scene from Kalantari HDR image dataset [3] is shown to

1



demonstrate the multi-exposure bracketed capture process with a single LDR sensor,
such as a smartphone camera, by modifying its exposure setting to capture a wider

dynamic range of luminance levels.

By the nature of this approach, time passes between the bracketed capturing of LDR
images at different exposure time settings. During that time, the objects in the scene,

or the camera itself, might move, resulting in non-aligned LDR exposures.

When those exposures are directly merged afterwards, ghosting artifacts may occur
in the nal HDR image [4]. Figure 1.2 visualizes a tone-mapped ghosted HDR image

output alongside the tone-mapped ground-truth HDR image capture of a scene. The
severity of this visual artifact emphasizes the need for smart deghosting algorithms

for HDR images and videos.

Addressing the ghosting problem has received much attention in the HDR literature in
recent years. On the one hand, traditional algorithms have dealt with this problem by
trying to discover pixel correspondences ensued by a warping step [4, 5]. More recent
algorithms, on the other hand, heavily relied on deep learning to directly reconstruct
an HDR image from the input exposures [6, 7]. The most successful ones amongst
these algorithms are generally the most computationally intensive ones, hindering

their use for computationally limited applications.

1.2 Proposed Methods and Models

In this thesis work, we introduce two studies to propose solutions for the HDR deghost-
ing problem. In our rst study, we propose a low complexity algorithm by approach-

ing the deghosting problem with three important design decisions:

1. Deghosting should be done only when needed.

2. A learning-based solution should be employed only for the most dif cult task,

leaving room for a more ef cient and traditional approach for the simpler steps.

3. Two exposures should be used instead of three or more to further reduce com-

putational complexity while still maintaining HDR quality.

2



(a) High exposure.

(b) Medium exposure.

(c) Low exposure.

(d) Expected HDR merge result.

Figure 1.1: Bracketed LDR capture is visualized. The merged HDR image includes

a broader scene detail, including the darker and brighter regions, with no ghosting.
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