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Abstract

Photometric calibration is a critical process that ensures uniformity in brightness across
images captured by a camera. It entails the identi�cation of a function that converts the
scene radiance into the pixel values in an image. The goal of the process is to estimate the
three photometric parameters - camera response function, vignette, and exposure.

A signi�cant challenge in this �eld is the heavy reliance on ground truth information in
current photometric calibration methods, which is often unavailable in general scenarios.
To address this, we investigate our proposed simple method, New Photometric Calibra-
tion (NPC), which eliminates the need for ground truth data. Firstly, we integrated our
photometric calibration algorithm with long-term pixelwise trackers, MFT, enhancing the
system's robustness and reliability. Since the MFT e�ectively handles occlusion and re-
duces drifting, it results in a more stable trajectory. By incorporating MFT to track feature
points across frames and using the trajectory as corresponding points, we can utilize the
pixel intensity of corresponding points to forgo the need for exposure ground truth dur-
ing initialization. Subsequently, we independently optimize the photometric parameters to
sidestep the exponential ambiguity problem.

Our experiments demonstrate that our method achieves results comparable to those
utilizing ground truth information, as evidenced by comparable root mean square errors
(RMSE) of the three photometric parameters. In scenarios without ground truth data,
NPC outperforms existing methods. This indicates that our approach maintains the accu-
racy of photometric calibration and can be applied to arbitrary videos where ground truth
information is not provided.

In conclusion, our research represents a signi�cant advancement in the �eld of photo-
metric calibration. We investigate a novel and e�ective method that requires no ground
truth information during the photometric calibration process. Our approach incorporates
the use of a robust tracker, enhancing the trajectories of feature points, thereby improving
the overall performance of our method. Furthermore, our model not only bypasses the
exponential ambiguity problem inherent in the optimization process but also addresses
the challenges associated with the traditional reliance on ground truth information, out-
performing previous photometric calibration methods when the input lacks ground truth
data.
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Chapter 1

Introduction

1.1 Overview

Photometric calibration is a pivotal process that determining the relationship between the
brightness of a scene and the pixel intensity values captured by the camera [23]. Here is a
concise overview of this thesis.

The process of photometric calibration encompasses the following tasks:

ˆ the conversion of image intensities into sensor irradiance values,

ˆ the management of intensity variations, and

ˆ the estimation of photometric parameters.

The key steps involved typically comprise:

ˆ the extraction of feature points from video frames,

ˆ the initial estimation of parameters,

ˆ the modeling of the camera response function and vignetting,

ˆ the optimization process,

ˆ the validation and re�nement stages, and
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ˆ the reconstruction of a photometrically calibrated video.

The photometric calibration process involves identifying a function that translates pixel
values into standardized light measurements, known as SI light units. The objective of
this procedure is to ascertain the values of the three photometric parameters - Camera
Response Function (CRF), Vignette (V), and Exposure (e) [3]. This process allows for
the transformation of pixel values, generated by a speci�c digital camera, into universally
recognized photometric quantities [74]. It serves as an indispensable preprocessing step for
optical 
ow computation, Visual Odometry (VO) [57], Direct Sparse Odometry (DSO) [11],
and Simultaneous Localization and Mapping (SLAM) systems [10]. All these systems
operate based on the fundamental assumption that the brightness of a given point in the
scene remains consistent across various images [3]. Additionally, photometric calibration
is critical for computational techniques that depend on understanding the light intensity
of a scene. This includes methods like photometric stereo, high dynamic range image
formation, shape from shading, and color constancy [18].

VO [57] and DSO [11], for instance, use photometric calibration to track camera poses
and estimate 3D points. They are fundamental building block for many emerging technolo-
gies such as autonomous vehicles, drones, and robot navigation. SLAM [10], on the other
hand, utilizes photometric calibration for autonomous operation in unknown environments.
SLAM has a wide range of applications, including consumer robotics (such as drones or
vacuum cleaners), self-driving cars, augmented reality applications on smartphones, mobile
3D mapping systems, and deploying robots in unexplored environments (such as disaster
sites, underwater, or extraterrestrial locations).

The aim of conducting photometric calibration is to improve the e�cacy of SLAM [10],
VO [57], and DSO [11], particularly in scenarios with drastic changes in brightness. With
the help of photometric calibration, the overall performance can be signi�cantly improved,
not only in direct method [3] but Hybrid Sparse Visual Odometry (HSO) [51]. Fig. 1.1
demonstrates an instance of with and without photometric calibration in DSO [11]. Yanget
al. [70] conducted thorough experimental research on photometric calibration, focusing on
state-of-the-art direct, feature-based, and semi-direct methods. Their �ndings revealed
that the application of photometric calibration signi�cantly boosts the performance of
direct methods. However, for semi-direct and feature-based methods, the e�ect is not uni-
form and is contingent upon the speci�c feature used, the response function of the camera,
and the overall light intensity of the scene. Recent direct methods strive to adjust for
changes in automatic exposure, for instance, by re�ning an a�ne mapping to correlate
brightness values across distinct images [13]. However, the majority of direct methods
proceed under the presumption of a steady exposure time [12, 35]. Besides, photometric

2



calibration facilitates the easing of the assumption of constant brightness that is the foun-
dation of widely used feature trackers like Kanade-Lucas-Tomasi (KLT) and other direct
algorithms [31, 64]. Accordingly, the purpose of this thesis is to explore the intricacies
of photometric calibration. We aim to contribute to the existing body of knowledge by
exploring novel methodologies and addressing potential challenges in the �eld. This re-
search is expected to have signi�cant implications for the advancement of computer vision
technologies.

1.2 Problem Scope

Essentially, there are two primary approaches to photometric calibration - the joint opti-
mization method [3] and the sequential method [23]. However, both of these approaches
have their own set of challenges.

The joint optimization method, as the name suggests, optimizes three photometric pa-
rameters and the tracker simultaneously, leading to an inherent issue known as exponential
ambiguity. This ambiguity poses a signi�cant hurdle in photometric calibration, especially
when attempting to recover the camera response function and exposure ratios from the in-
tensity mapping, which can have multiple potential solutions [19]. Additionally, the joint
optimization method employs the ground truth value of the CRF to tackle the issue of ex-
ponential ambiguity. Moreover, it can only compute exposure on a relative scale, meaning
it estimates the exposure ratios. To determine precise exposure for each frame, it relies on
the ground truth exposure values.

On the other hand, the sequential method estimates three parameters independently [23].
This independent optimization, coupled with the assumption that the inverse response
function is a polynomial function, e�ectively circumvents the exponential ambiguity inher-
ent in the optimization process [19]. However, previous implementations of the sequential
method still relied on the ground truth of exposure time [23]. For many videos, auto expo-
sure settings dictate the exposure times, which are typically selected automatically and are
beyond the user's control. When viewing a new video, it is generally impossible to access
the ground truth information regarding the camera's photometric parameters. In response
to this, our model builds upon the sequential method, incorporating further enhancements
to eliminate the need of ground truth information and boost its performance.

Furthermore, feature trackers are essential tools in computer vision [66], playing a cru-
cial role in tasks such as image registration, motion analysis, and robot navigation [72].
Most of the currently available feature trackers are based on optical 
ow, which oper-
ates under the assumption of brightness consistency [47]. This assumption posits that the
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brightness remains consistent across di�erent frames in a video sequence, which may not
always hold true, particularly in datasets with photometric changes. Therefore, the perfor-
mance can be signi�cantly impacted by photometric changes in datasets, such as variations
in lighting conditions. These changes can lead to inconsistencies in feature detection and
tracking, thereby a�ecting the overall accuracy of computer vision systems.

Given the importance of feature trackers and the potential impact of photometric
changes, it is of paramount signi�cance to investigate and evaluate their performance
under these conditions. In our research, we conducted an in-depth study of the details
of this survey, discuss our evaluation methodology, and present our �ndings. One if our
aims is to provide insights into the performance of di�erent feature trackers under varying
photometric conditions and identify potential improvements to enhance their robustness
and accuracy.

To sum up, a notable challenge with the methods of photometric calibration o� the
shelf is their heavy reliance on ground truth information of CRF and exposure. This
dependency can be problematic, as obtaining accurate ground truth information can be
complex and resource-intensive. Moreover, in most cases, the videos we aim to work on
do not come with ground truth. To address this, our research �rst investigates long-term
trackers, which are designed to handle various challenges in tracking, including occlusions,
appearance changes, and illumination changes [56]. We then investigate a novel approach to
photometric calibration that discards the need for ground truth information by initializing
the exposure ratio through pixel intensity. This innovative approach aims to overcome the
limitations of existing methods and enhance the robustness and accuracy of photometric
calibration.

1.3 Contribution

The primary contributions of this thesis are twofold:

ˆ We assess the performance of long-term feature trackers under datasets with photo-
metric changes.

ˆ We investigate a simple method for photometric calibration that utilizes pixel inten-
sity to eliminate the need for ground truth information.

In our research, we �rst aim to gain a deeper understanding of how di�erent feature track-
ers perform under various photometric conditions. One of our goals is to identify potential
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enhancements that could improve their robustness and accuracy. To achieve this, we ex-
plore the details of our investigation, discuss the methodology we employed for evaluation,
and share the �ndings of our research. As a second key point, we investigate a New Pho-
tometric Calibration (NPC) method, which does not require any ground truth data by
using pixel intensity from the MFT [56]-tracked feature points to initialize the exposure
ratio. We will also conduct a comprehensive evaluation of its performance across various
datasets. This evaluation will allow us to understand the e�ectiveness and applicability of
our method in di�erent contexts and conditions. It's an essential step in demonstrating
the robustness and versatility of our approach.

1.4 Thesis Outline

This thesis is organized as follows.

ˆ Chapter 2 provides a comprehensive literature review and background information
on photometric calibration and feature trackers. The concepts of Image Quality
Assessment (IQA) and Video Quality Assessment (VQA), both of which are pivotal
in understanding the performance and e�ectiveness of feature trackers, are discussed.
Additionally, this chapter also introduces the datasets that we utilize in our research.

ˆ In Chapter 3, we present our proposed methodology. This includes a detailed expla-
nation of our research design and the evaluation techniques we employ to assess the
performance of our approach. This chapter serves as the foundation of our research,
outlining the steps we take to ensure a rigorous and thorough investigation.

ˆ Chapter 4 is dedicated to the presentation of our experimental results. Here, we
provide a detailed analysis of our �ndings, interpreting the data and discussing its
implications. This chapter presents understanding the impact and e�ectiveness of
our proposed methodology.

ˆ Lastly, Chapter 5 states and summarizes our results and conclusions as well as iden-
tifying future research opportunities.
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(a) With photometric calibration.

(b) Without photometric calibration.

Figure 1.1: An example of 3D reconstruction with and without photometric calibration in
DSO [11] on the TUM Mono Dataset [14] sequence 40. Without photometric calibration,
there is a signi�cant drift, particularly noticeable between the start and end segments. In
contrast, when photometric calibration is applied, the drift is considerably reduced.
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Chapter 2

Background

2.1 Photometric Calibration

Photometric calibration enables the retrieval of accurate sensor irradiance values from
measured intensities, which is a crucial pre-processing step for various vision algorithms.
The primary inputs for a photometric calibration process are the corresponding points in
frames [23], and the ultimate goal of this process is to recover three main parameters: ex-
posure (e), the CRF, and the attenuation factors of the sensor irradiance due to vignetting
(V) [3].

Exposure time, denoted as (t), is the interval during which a camera's sensor is exposed
to light, critically in
uencing the resultant image's brightness. The exposure, represented
by (e), is a function of both the aperture size (d) and the exposure timet, following the
formula:

e = ( � � d2) � t (2.1)

Typically, exposure times are selected through an automatic process known as auto
exposure, which is not subject to user modi�cation. The signi�cance of exposure in image
luminance has been well-documented in the literature, such as in Grossberg and Nayar's
work [19].

The CRF describes how a camera maps irradiance to pixel values, and it is the main
reason that the mapping is nonlinear [30]. It is unique to each camera and can signi�cantly
a�ect the appearance of images. Currently, most methods are built on the Empiric Model of
Response (EMoR) introduced by Grossberg and Nayar [20]. Principal Component Analysis
(PCA) is utilized to determine the mean responsef 0(x) and the basis functionshK (x).
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These elements can be linearly combined to construct the camera response functionf G(x)
by selecting appropriate parametersck 2 R. The CRF at the location x can be written as
follow:

f G(x) = f 0(x) +
nX

k=1

ckhk(x) (2.2)

When examining a video frame, the only accessible value is the image intensityO.
Consequently, in photometric calibration, actually the goal is to estimate the Inverse Cam-
era Response Function (ICRF), represented asf � 1. Grossberget al. [20] have demon-
strated that the ICRF can be modeled as a second-degree polynomial with the property
of f G(0) = 0, f G(1) = 255. To identify the three parameters, this serves as an e�ective
approximation in terms of both accuracy and the time needed. With pixel intensityO, the
ICRF can hence be written as:

f � 1(O) = c0 + c1O + c2O2 (2.3)

Fig. 2.1 presents an example of both the CRF and ICRF derived from sequence 30
in the TUM MONO Dataset [14]. The ground truth provided for all 50 sequences in
this dataset is the ICRF. The �gure demonstrates the non-linear mapping characteristic
of this function. The horizontal axis represents intensity, while the vertical axis signi�es
irradiance. This arrangement illustrates that the CRF maps irradiance to intensity and
vice versa.

Vignetting, which is caused by the optical system of the camera, refers to radiative
attenuation of pixel intensity towards image boundaries [18]. Vignetting is commonly
perceived as a radial and symmetric phenomenon centered around the image, which can
be mathematically represented by the following equation, whereR(x) is the radial distance
at the position x:

V(x) = 1 + v1R(x)2 + v2R(x)4 + v3R(x)6 (2.4)

Fig. 2.2a illustrates an example of the vignette e�ect, which is fundamentally rep-
resented as radial. Correspondingly, Fig. 2.2b demonstrates that the vignetting factor
diminishes from the center of the image towards the corner.

Given the knowledge of the three photometric parameters, the photometric formation
process can be described, as shown in Fig. 2.3. A scene point on a Lambertian surface is
illuminated by a light source, re
ects the light, and is then captured by a camera sensor.
RadianceL, is the measure of light re
ected from a point in a scene. It represents the
energy that a surface emits in a speci�c direction per unit area, encapsulated within a

8



Figure 2.1: The function of both the CRF and ICRF for sequence 30 in the TUM MONO
Dataset [14].

unit solid angle [27]. The total amount of energy received at the sensor locationx is
termed as the IrradianceI (x). The irradiance I (x) is in
uenced by vignetting based on
its location, expressed asI (x) = V(x)L. The sensor irradiance is integrated over a time
window determined by the camera's exposure time. Consequently, the total irradiance
value is given as:

I t (x) = eI (x) (2.5)

Finally, the camera response function mapsI t into pixel intensity O. This transfor-
mation is expressed as Eq. 2.6, for the CRFf maps total irradiance to pixel intensity
O:

O(x) = f (eV(x)L) (2.6)
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