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Abstract

In autonomous driving, balancing the quality of training data is essential for
developing safe and reliable self-driving models. Exclusively using clear-
weather data can reduce performance in adverse conditions, while too much
bad-weather data may impair performance in clear conditions. A necessary
prerequisite for striking this balance is to accurately assess data quality. This
thesis investigates methods for evaluating the quality of images and point
clouds without relying on reference data, known as no-reference image quality
assessment (NR-IQA) and no-reference point cloud quality assessment (NR-
PCQA), respectively. Five NR-IQA methods (IL-NIQE, TOPIQ, DBCNN,
QualiCLIP, and Q-Align) and two NR-PCQA methods (MM-PCQA and MS-
PCQE) were evaluated. The image data were sourced from the FGI dataset,
which consists of two drives in winter conditions, and the point clouds were
obtained from the REHEARSE dataset, comprising sensor data captured under
controlled weather conditions. The images and point clouds used in the thesis
were synthetically distorted with artificial fog and rain. The NR-IQA and
NR-PCQA methods were evaluated based on their ability to accurately rank
different versions of the same image or point cloud by distortion level. Neither
of the two NR-PCQA methods demonstrated reliable performance in ranking
the distorted point clouds. While MM-PCQA outperformed MS-PCQE, it did
not produce accurate rankings. Of the evaluated NR-IQA methods, Q-Align
and IL-NIQE achieved the best performance, significantly outperforming the
other methods. These findings suggest that large multimodal models and
natural scene statistics are promising approaches for assessing the quality of
weather-distorted images. The results also suggest that NR-PCQA methods
are not yet mature enough to reliably evaluate point cloud quality in the
autonomous driving domain.

Keywords

Autonomous Vehicles, No-Reference Image Quality Assessment, No-Reference
Point Cloud Quality Assessment, Weather-distorted Images, Weather-
distorted Point Clouds, Data Quality
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Sammanfattning

Vid triningen av sjdlvkorande fordon ir det vésentligt att balansera kvaliteten
pd traningsdatan for att utveckla sidkra och tillforlitliga modeller. Att
enbart trdna pd data insamlad under goda viderforhillanden begrinsar
modellernas prestanda i daliga vidderforhdllanden. Samtidigt kan trining pa
en for stor mangd data fran daliga vaderforhallanden forsdmra prestandan
under goda forhillanden. For att uppnd en balans i triningsdatan krivs
tillforlitliga metoder for att avgora datakvalitet. Det hir arbetet undersoker
metoder for att evaluera kvaliteten av bilder (NR-IQA) och punktmoln
(NR-PCQA) utan anvindning av referensdata. Fem NR-IQA metoder (IL-
NIQE, TOPIQ, DBCNN, QualiCLIP, and Q-Align) och tvd NR-PCQA
metoder (MM-PCQA and MS-PCQE). Bilddatan himtades frdn FGI, en
datamingd som omfattar tvd korningar i vinterlandskap. Punktmolndatan
himtades frin REHEARSE, en dataméngd med punktmoln fran en korbana.
Bilderna och punktmolnen forvringdes med syntetiskt regn och dimma.
NR-IQA och NR-PCQA metoderna utvirderades utifran deras forméga att
korrekt rangordna olika versioner av samma bild eller punktmoln efter
forvrangningsgrad. Varken MM-PCQA eller MS-PCQE lyckades tillforlitligt
rangordna punktmolnen. Aven om MM-PCQA visade biittre prestanda in MS-
PCQE var dess rangordningar mycket inkonsekventa. Bland de evaluerade
NR-IQA metoderna uppvisade Q-Align och IL-NIQE den bista prestandan.
Resultaten tyder pa att stora multimodala modeller och natural scene statistics
ar lovande metoder for att avgora kvaliteten av viderforvriangda bilder.
Dessutom tyder resultaten pd att NR-PCQA metoder inte ar tillrackligt
utvecklade for att tillforlitligt utvirdera kvaliteten pd punktmoln inom
autonom korning.

Nyckelord

Autonoma fordon, No-Reference Image Quality Assessment, No-Reference
Point Cloud Quality Assessment, Viderstorda bilder, Vidderstorda punktmoln,
Datakvalitet
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Chapter 1

Introduction

Autonomous vehicles (AVs) are becoming increasingly prevalent as more
companies invest in self-driving technology. In 2024-2025, 45% of car
manufacturers are either investing or planning to invest in autonomous vehicle
technology [1]. Currently, the market for autonomous vehicles is valued at
$122 billion, with projected revenues of $400 billion in 2035 [1].

The growing development of AVs is enabled by rapid advancements in
deep learning and other technologies that make sophisticated autonomous
systems possible [2]. The core of these systems lies in two key components:
a sensor suite that collects data about the vehicle’s surroundings and motion,
and an autonomous driving system (ADS) that interprets this data to control
the vehicle. Common sensors used in the sensor suites of AVs include
cameras, LiDARs, and RADARs. Cameras capture visual information of the
environment, which is typically used for tasks such as object detection and
path planning. LiDARs and RADARs generate point clouds of the surrounding
environment, enabling accurate estimation of distances to nearby objects.

A key challenge in autonomous driving is striking the right balance in the
quality of the training data used to develop the ADS. Training exclusively on
high-quality data captured in clear-weather conditions may limit the ADS’s
ability to generalize to environments with fog, rain, or snow [3, 4, 5]. However,
relying too much on low-quality data, such as weather-distorted images and
degraded point clouds, may degrade model performance in clear conditions
[6]. To ensure robust ADS performance in production, it is therefore important
to maintain a balance in the quality of data used during training, which in turn
requires reliable methods for assessing data quality.

This thesis aims to improve the current understanding of evaluating the
quality of both image and LiDAR data, with a particular focus on weather-
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related distortions typical of Nordic conditions. Specifically, it compares
methods for assessing the quality of images and LiDAR point clouds degraded
by such conditions. The thesis is carried out at RISE in collaboration with
ROADVIEW [7], an EU-funded project focused on developing perception and
decision-making systems for automated vehicles in harsh weather conditions.
ROADVIEW is interested in this project because it collects extensive image
and point cloud data and needs to assess its quality to ensure the data is suitable
for training autonomous driving systems. Additionally, the project interests
autonomous driving researchers, who rely on accurate data quality assessment
to develop autonomous vehicles with robust performance in adverse weather.

1.1 Research questions

* RQ1: What methods are suitable for assessing the quality of images
captured by vehicle-mounted cameras under Nordic weather conditions?

* RQ2: What methods are suitable for assessing the quality of point
clouds generated by vehicle-mounted LiDARs under Nordic weather
conditions?

1.2 Purpose

The overarching purpose of this thesis is to enhance the robustness and
reliability of autonomous vehicles. It aims to identify effective methods
for image and point cloud quality assessment that can provide guidance for
selecting appropriate training datasets for self-driving models.

1.3 Ethics and sustainability

Autonomous vehicles raise the ethical issue of algorithmic bias. AVs rely
extensively on training data, and their performance is closely tied to the data
on which they have been trained. As mentioned earlier, if the ADS has been
trained solely on high-quality data captured in clear weather conditions, it is
likely to perform poorly in situations with adverse weather, where data quality
is typically worse. Given that autonomous vehicles are safety-critical systems,
the ADS performing poorly in certain situations can have severe and even fatal
consequences. This thesis aims to enable autonomous driving researchers to
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accurately assess their data and identify a suitable mix of high- and low-quality
data, ultimately leading to more robust autonomous systems.

There are multiple sustainability benefits that AVs might bring to society.
AV can optimize acceleration and braking patterns and reduce the time spent
idling in intersections. Furthermore, shared fleets of AVs may reduce the need
for car ownership, which in turn could decrease the number of cars on the road.
Given the vast amount of resources necessary to manufacture vehicles, this
could substantially reduce the resource use within the transportation sector.

1.4 Structure of the thesis

Chapter 2 outlines the context for data quality in the realm of AVs, weather-
related distortions, and provides background on the fields of NR-IQA and NR-
PCQA. It also discusses the related work to this thesis. Chapter 3 describes
the selected methodology, chosen dataset, distortion techniques, and selection
of image and point cloud evaluation methods. Chapter 4 presents the results of
the evaluation of image and point cloud quality assessment methods. Chapter
5 discusses these results, and Chapter 6 summarizes the key findings and
outlines possible directions for future work.
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Chapter 2

Background

This chapter begins with an overview of data quality and the research fields
of image quality assessment and point cloud quality assessment. It concludes
with a review of related work relevant to this thesis.

2.1 Data quality in autonomous driving

Autonomous vehicles use a suite of sensors to navigate safely on the road,
with LiDARs and RGB cameras being among the most widely utilized [8]. A
LiDAR operates by emitting one or several laser beams and then processing
the light signals that are reflected off the surrounding surfaces. [9]. In most
LiDAR systems used in autonomous vehicles, distances to points are estimated
using time-of-flight (ToF) measurements. This means that the distances to
surrounding objects are calculated based on the time it takes for the laser
pulse to travel to the surface and then return to the LiDAR. In addition to the
measured distance, the LiDAR system records the corresponding azimuth and
vertical angles, written as ¢ and 6, respectively. These angles, together with
the distance measurement, are used to compute the 3D Cartesian coordinates
of each point [9], creating a point cloud representation of the surrounding
environment. Furthermore, the system typically records the intensity of each
reflected laser pulse, which represents the strength of the echoed signal and is
affected by factors such as the type of surface, range, and weather conditions
[10]. This means that each point in the LiDAR output is represented in
the form (x,y, z,4), where (z,y, z) denotes the Cartesian coordinate and i
represents the return intensity. Cameras are also commonly used as sensors
for autonomous vehicles, as they can capture images with rich visual details
of the environment. This makes them particularly well-suited for tasks such as
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object detection and classification, including the identification of road signs,
pedestrians, and surrounding vehicles [11].

Several weather-related factors influence the quality of the collected
images and point clouds. Rain can significantly impair camera performance as
individual raindrops may stick to the lens, resulting in occlusions or blockages
[12]. Object detection is also worsened in rainy conditions due to reduced
brightness, obscured features, and rain streaks that cause visual noise [13].
Additionally, fog can cause uniform visual distortion, making it difficult
to discern details and objects in the scene. Foggy conditions also create
problems for LiDARs as the LiDAR beam is attenuated and backscattered
[14]. Attenuation occurs when fog droplets absorb and scatter portions of the
LiDAR’s laser energy, leading to a reduction in signal strength. Backscattering
occurs when part of the laser signal is reflected by fog particles, resulting in
false returns and noise in the point cloud. LiDAR typically performs better
in rainy conditions, as attenuation and scattering are negligible in low to
moderate rainfall [12]. However, heavy and irregular rain causes lumps of
fog, which leads to similar problems with attenuation and backscattering.

2.2 Synthetic data in autonomous driving

The use of synthetically distorted data in training autonomous driving systems
has become common to improve their robustness in adverse weather. Several
AV datasets consist exclusively of clear-weather data [15], which poses a
problem because models trained on them tend to perform poorly in poor
weather conditions [5]. One approach to addressing this problem is to
collect new data in poor weather. However, collecting AV training data is
both expensive and time-consuming. A more practical alternative used by
researchers is to synthetically degrade clear-weather data to simulate adverse
weather conditions.

Synthetic weather distortion of images takes multiple forms. One
method of simulating rain involves overlaying an image with lines that
mimic rain streaks. This method, used in the image augmentation tools
Albumentations [16] and imgaug [17], allows the user to specify the
amount of rain, as well as the size, shape, and slant of the raindrops. Both tools
also support darkening the image, which is typically performed as rainy scenes
tend to appear darker than non-rainy ones. Albumentations and imgaug
also support fog distortion, which is implemented as large, semi-transparent
circles overlaid on the image to simulate fog or haze. The opacity and blending
factor of the fog can be adjusted, allowing the intensity of the fog effect to be
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controlled. The primary advantage of these approaches is the ability to control
all the parameters of rain and fog generation, which enables deterministic
and reproducible results. However, these augmentation methods also have
limitations. Neither Albumentations nor imgaug considers depth and
assumes that raindrops are uniform in shape and size. More sophisticated
methods for rain and fog generation take this into account. Halder et al.
[18] developed a physics-based rain and fog generation tool that utilizes depth
maps, camera calibration, and estimations of scene lighting to generate more
realistic weather effects. The downside of this approach, however, is that it
requires a per-pixel depth map, which is not always available.

Synthetic weather distortions have also been proposed for point clouds.
Hahner et al. [19] proposed a computationally efficient fog simulation method
that captures both attenuation and backscattering effects from fog particles.
Their method operates on clear-weather point clouds by modifying the range
and intensity of each point based on a validated optical model of a LiDAR.
Hahner et al. used their fog distortion tool to fine-tune 3D object detection
models on synthetically fog-distorted point clouds and evaluated the models
on the Seeing Through Fog dataset, a dataset with authentic fog-distorted
LiDAR data. The results demonstrated that training 3D object detection
models on synthetically fog-distorted point clouds improves performance on
authentically fog-distorted point clouds.

Using synthetic weather distortions to enhance robustness has also been
used for images. Sakaridis et al. [20] developed a synthetic fog distortion
method using depth information to enhance scene understanding, an umbrella
term encompassing tasks such as object detection and semantic segmentation
(assigning a class label to each pixel in an image). The results showed
that fine-tuning the model on synthetically fog-distorted images improved
the model’s performance on authentic fog-distorted images, further indicating
that synthetic data can be helpful in increasing robustness in adverse weather
conditions.

2.3 Image quality assessment

Image quality assessment (IQA) is divided into three fields: full-reference
(FR-IQA), reduced-reference (RR-IQA), and no-reference (NR-IQA) [21,
22]. FR-IQA refers to methods where an image’s quality is determined by
comparing it to a reference image with assumed perfect quality. RR-IQA
works by comparing the image to a set of extracted features from the perfect
reference image. Finally, NR-IQA refers to methods where the evaluated
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images are assessed independently of any reference information. Since images
captured by cameras on AVs lack corresponding reference data, this thesis will
only consider NR-IQA methods.

Methods of NR-IQA can be classified into distortion-specific and general-
purpose methods [23]. Distortion-specific methods are designed to evaluate
the quality of images affected by known distortions. Examples of such
distortions include JPEG and JPEG2000 compression, for which several
distortion-specific NR-IQA methods have been developed [24]. In contrast,
general-purpose methods are designed to evaluate the quality of images
regardless of the type of distortion. As weather-related noise comes in multiple
forms (rain and fog), only general-purpose methods will be considered in this
thesis.

For the purpose of comparison, this thesis organizes NR-IQA methods into
five overarching paradigms: NSS, CNN, attention-based, CLIP-based, and
LMM. These categories are not standardized in the literature nor exhaustive,
as some methods span multiple categories. Nevertheless, these paradigms
do reflect methodological distinctions found across NR-IQA research. The
following sections introduce each paradigm in turn, along with the specific
NR-IQA and NR-PCQA methods used in the evaluation.

2.3.1 Natural scene statistics

A prominent research area within general-purpose NR-IQA is the field of
natural scene statistics (NSS). NR-IQA based on NSS relies on the insight
that high-quality natural images exhibit consistent statistical properties [25]
and distorted images typically possess measurable deviations from these
properties. Using these insights, Mittal et al. [26] developed BRISQUE,
an NSS-based NR-IQA method in the spatial domain. It computes mean-
subtracted contrast-normalized (MSCN) coefficients and fits them to a
generalized Gaussian distribution model. Additionally, BRISQUE computes
pairwise products of neighboring MSCN coefficients using an asymmetric
generalized Gaussian distribution model. The resulting features are then fed
into a support vector machine, which predicts the scores.

While BRISQUE outperforms earlier NR-IQA methods, one limitation
is that it is an opinion-aware model, meaning it is trained on a dataset of
images with corresponding subjective scores, which are scores provided by
humans [27]. A disadvantage of this approach is that it is costly and time-
consuming to collect images with subjective scores. For instance, Ribeiro et
al. [28] found that accurate subjective scores of an image cost approximately



Background |9

0.60 $. Although this may appear cheap, the total cost becomes significant
when considering that NR-IQA datasets often comprise tens of thousands of
images. Furthermore, opinion-aware models may struggle to detect distortions
in images that do not appear in their training data. To address these issues,
Mittal et al. [27] introduced NIQE, an NSS-based NR-IQA method similar
to BRISQUE that does not rely on human-labeled training data. This makes
NIQE opinion-unaware, meaning that it does not rely on subjective scores of
images. Whereas BRISQUE is trained on features extracted from both natural
and distorted images along with human opinion scores, NIQE is exclusively
trained on the NSS features of natural high-quality images. These features are
fitted to a multivariate Gaussian (MVG) model. Evaluation is performed by
calculating the distance between the MVG fitted to the NSS features of the test
image and the MVG of the features of the natural high-quality images.
Extending this approach, Zhang et al. [29] introduced IL-NIQE, which
enhances NIQE by introducing three additional NSS features: quality-
aware gradient features, color distortions, and log-Gabor filters, which detect
patterns at different scales and orientations. IL-NIQE also computes local
quality scores for each image patch and then averages them across all patches.

2.3.2 Deep learning approaches

One consistent limitation of NSS-based approaches is the difficulty of
finding representations that accurately model complex images and distortion
types [30]. The advantage of a deep learning approach is that the
network automatically learns optimized feature representations without human
intervention. This makes deep learning approaches more robust, and as a
result, they typically outperform handcrafted approaches, such as NSS [31].
Zhang et al. [32] proposed DBCNN, a deep learning-based NR-IQA
model comprising two convolutional neural networks (CNNs): one for
synthetic distortions and the other for authentic distortions. The synthetic-
distortion CNN is a modified version of VGG-16, a widely used deep CNN
architecture, trained on a large-scale dataset of synthetically distorted images
from the Waterloo Exploration and PASCAL VOC datasets. The CNN
aimed at authentic distortions is also based on VGG-16, but instead leverages
features learned from the ImageNet database. The output of both networks is
combined via bilinear pooling to form one representation, which is used for
quality prediction. The proposed approach achieves competitive performance,
outperforming several NSS-based and deep learning-based NR-IQA methods.
With the rise of transformers and their defining feature, self-attention,



10| Background

several NR-IQA models have begun to incorporate attention mechanisms
to improve performance. Chen et al. [33] proposed TOPIQ, a top-down
network that emulates the human visual system by using self-attention to
steer the network towards relevant parts of an image. Whereas traditional
bottom-up approaches start with low-level features and build up to high-
level ones, TOPIQ begins with high-level semantic features and progressively
guides lower-level features through downward propagation. Additionally,
TOPIQ employs cross-scale attention, enabling layers responsible for fine-
grained detail to incorporate information from layers that capture higher-
level features. The authors write that this unique architecture achieves
competitive performance, outperforming all CNN-based methods included in
the comparison, as well as MUSIQ and TReS, two prominent transformer-
based NR-IQA models.

Other deep learning models utilize CLIP, a neural network trained to
embed images and text in the same embedding space [34]. It was trained
using 400 million image-text pairs collected from the internet and consists
of two encoders: one for images and one for text. The training objective is
to maximize the cosine similarity between true image-text pairs and minimize
the cosine similarity for mismatched pairs. Using CLIP, Agnolucci et al. [35]
proposed QualiCLIP, a self-supervised opinion-unaware NR-IQA approach.
This offers two key advantages: it removes the need for costly human
annotations and generally improves generalization across datasets. Instead
of relying on subjective scores, QualiCLIP is trained to rank synthetically
degraded images according to their similarity in CLIP’s feature space to
antonym prompts such as "Good photo” and "Bad photo”. Furthermore, it
is trained such that images with similar content consistently obtain similar
feature representations. The authors write that this approach yields an NR-IQA
method that achieves state-of-the-art performance among opinion-unaware
approaches and even surpasses many opinion-aware methods.

A recent research trend involves applying large multimodal models
(LMMs) to the problem of NR-IQA, using LMMSs’ ability to capture semantic
relationships between images and text. Wu et al. [36] proposed a methodology
for teaching LMMs to assess image quality by aligning image representations
with text embeddings of discrete quality levels. Their approach is motivated
by the observation that LMMs, like humans, typically assess images with
qualitative descriptions rather than numerical scores. Thus, the authors
converted the mean opinion scores into five quality labels: “bad,” “poor,”
“fair,” “good,” and “excellent.” Using this approach, the authors extended
mPLUG-OwI-2, a multi-modal model which maps vision and text through
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modality-aware learning, and developed Q-Align, an LMM with state-of-the-
art performance on NR-IQA benchmarks [36].

2.4 No-reference point cloud quality assess-
ment

Similar to image quality assessment, point cloud quality assessment is divided
into three fields based on the availability of information during the evaluation.
These are full-reference (FR-PCQA), reduced-reference (RR-PCQA), and no-
reference (NR-PCQA) methods. Since LiDAR point clouds collected by AVs
typically lack reference data, only NR-PCQA models will be considered in this
thesis. These methods are typically classified into three types: model-based,
projection-based, and hybrid approaches combining both. The following
sections introduce each type in turn.

2.4.1 Model-based NR-PCQA

Model-based NR-PCQA techniques extract color and geometry information
directly from 3D point clouds without projecting them onto a 2D plane
[37]. Liu et al [38] proposed ResSCNN, a model-based NR-PCQA
method using sparse convolutional layers. ResSCNN consists of three
components: hierarchical feature extraction, pooling and concatenation, and
score prediction. The hierarchical feature extraction uses sparse convolutional
layers, which are similar to standard convolutional layers but only operate on
the non-zero and non-missing elements of the input data [39]. After the feature
extraction, the network pools and concatenates the feature vectors, and the
score is predicted using a module consisting of two fully connected layers.
ResSCNN achieved state-of-the-art performance on NR-PCQA benchmarks,
outperforming both FR-PCQA and other NR-PCQA methods [38].

In addition to using deep learning, some NR-PCQA techniques draw
inspiration from image quality assessment and utilize NSS to process point
clouds. Zhang et al. [40] introduced 3D-NSS, which uses NSS computed
from geometric and color properties of a point cloud. Specifically, 3D-
NSS estimates curvature, anisotropy (a measure of variation of geometrical
properties depending on direction), linearity, planarity, and sphericity of each
point. These features are then aggregated, and the resulting vector is fed to a
support vector regressor that predicts the quality of the point cloud.
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2.4.2 Projection-based NR-PCQA

Projection-based methods for NR-PCQA differ from model-based ones in that
they begin by projecting the points in the point cloud onto one or more 2D
planes. The quality evaluation is then carried out on these projections, rather
than the raw point cloud data. The advantage of this approach is that it is
more computationally efficient and leverages existing techniques for assessing
image quality.

Liu et al. [41] introduced PQA-Net, one of the first no-reference methods
for point cloud quality assessment. The model projects the point cloud onto six
2D image planes and then extracts features using a CNN. The resulting feature
vector is then fed into a distortion classifier and a quality predictor, whose
outputs are combined via inner product to produce the final score. Chai and
Shao [42] introduced MS-PCQE, a projection-based NR-PCQA technique that
uses projections of two different focal lengths. For each focal length, the model
projects the point cloud onto six planes (front, back, left, right, up, and down).
These projected images are then processed by a residual neural network to
generate feature maps, which are subsequently fed into a ConvGRU module.
The output is then passed through a mask-aware transformer block with multi-
head attention. This process is repeated four times before the final output is
processed by a multi-layer perceptron to predict the score of the point cloud.

2.4.3 Hybrid methods

Hybrid NR-PCQA methods combine both projection-based and model-based
techniques. The purpose of this multi-modal approach is to capture distortions
that a single modality cannot. For instance, Zhang et al. [43] note that
structural degradation and geometry downsampling are more easily detected in
the point cloud modality, while color quantization and noise are better detected
in the image modality.

Zhang et al. [43] introduced MM-PCQA, the first multi-modal approach
to NR-PCQA. MM-PCQA works by splitting the point cloud into sub-models
and then using a point cloud encoder to create quality-aware embeddings. The
projected images are rendered directly and encoded using an image encoder.
The point cloud and image embeddings are then fused using a symmetric
cross-modality attention block. The results of this block are then fed to
a quality regression module. The authors emphasize that this multi-modal
technique outperformed all state-of-the-art NR-PCQA techniques it was tested
against.
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2.5 Evaluation methods

NR-QA methods, used here as a term to encompass both NR-IQA and
NR-PCQA methods, are typically assessed by comparing their predicted
scores with human evaluations of the same images or point clouds. Human
evaluations, also known as subjective scores, are gathered by asking humans
to score images or point clouds, typically on a five-point scale [44, 37].

Using the subjective scores, NR-QA methods are typically assessed using
the following four metrics: Pearson linear correlation coefficient (PLCC),
Spearman’s rank correlation coefficient (SRCC), Kendall rank correlation
coefficient (KRCC), and Root mean square error (RMSE) [25, 37, 23].
PLCC and RMSE assess the accuracy of predicted scores by measuring their
deviation from corresponding subjective scores. In contrast, SRCC and KRCC
evaluate how well the predicted scores preserve the rank order of the subjective
evaluations.

SRCC measures the prediction monotonicity of the NR-QA by comparing
the predicted scores with the ground-truth quality ranks. The formula is
expressed as:

65", d?
SRCC =1 &=t % 2.1
N(N?—1) @1

where d; is the difference between the objective and ground-truth quality
rankings for image or point cloud i.

To illustrate the use of SRCC, consider the following example. Suppose
a point cloud has been distorted four times, with each version having an
increasing level of noise. These versions can be ranked in order of increasing
distortion as O = [1,2,3,4]. An NR-PCQA method then scores each of the
point cloud versions, and the scores are ranked from best to worst. This results
in the ranking P = [1, 3,4, 2]. Calculating the SRCC is then done using the
following calculation:

6((01 — P)?+ (03— P)? + ... + (0, — P,)?)

SRCC =1 — N D) (2.2)
B 6((1—1)2+(2—3)2+(3—4)2+(4—2)2)_
1 =) =04 (2.3)

KRCC, like SRCC, uses ranks as opposed to absolute scores in its
evaluation [45]. Itis computed by comparing all possible pairs of observations
and classifying them as concordant, discordant, or tied. For two variables
X ={Xy,... X} and Y = {V3,...,Y,,}, we consider all pairs {(7,7) : i <
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j < n}. A pair is concordant, discordant, or tied depending on the following

conditions:
Concordant if (X; — X;)(Y; —Y;) >0

Discordant if (X; — X;)(Y; —Y;) <0
With these definitions, the formula of KRCC (tau-b) is as follows:

C—-D
T = (2.4)
V(C+D+Tx)*(C+D+1Ty)

where C' is the number of concordant pairs, D is the number of discordant
pairs, T'x is the number of ties in X, and 7y is the number of ties in Y.
Using the same example as before, with ground-truth ranking of [1, 2, 3, 4]
and predicted rankings of [1,3,4,2]. The concordant pairs (by index) are
[(0,1),(0,2),(0,3),(1,2)], the discordant ones are [(1,3), (2,3)], and there
are no ties. This means that the KRCC is calculated as:
KRCC = 12 !
VA+2+0)x(4+2+0) 3

2.6 Related work

Previous work on evaluating NR-IQA models has typically involved
benchmark image datasets with subjective scores. The image benchmark
datasets are typically divided into two categories: synthetic and authentic
datasets. Synthetic datasets consist of image datasets where high-quality
images have been distorted by applying artificial degradations, such as blur,
compression, or other forms of noise. Authentic image datasets consist of
images captured in real-world conditions where images are distorted due to
factors such as poor lighting, motion, or lens blockages.

Sheikh et al. [46] developed the LIVE dataset, one of the first and most
widely used synthetic benchmarks for NR-IQA. It contains 779 distorted
images that were generated by distorting 29 pristine reference images. Five
distortion types were used in the process: JPEG compression, JPEG2000
compression, white noise, Gaussian blur, and fast fading. Despite having
a limited range of distortion types, LIVE remains a standard benchmark
in the field of NR-IQA. Another prominent synthetic benchmark developed
by Ponomarenko et al. [47] is TID2013, which comprises 3000 distorted
images generated from 25 reference images using 25 different distortion
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types. In addition to standard degradations such as Gaussian noise and JPEG
compression, TID2013 includes several more specialized distortion types,
such as chromatic aberrations, mean shift, and non-eccentricity pattern noise.

Ghadiyaram and Bovik [48] introduced CLIVE, a widely used NR-IQA
benchmark dataset containing authentic distortions of images. It consists
of 1162 images captured under natural conditions using a variety of mobile
phones. As aresult, the images in CLIVE have complex and varied real-world
distortions stemming from factors such as low-light conditions, defocus, low
resolution, or motion blur. The authors obtained subjective quality scores
through a large-scale crowdsourced study involving over 8000 participants,
which provided robust ground-truth values.

Using these established benchmark image datasets, several studies have
evaluated the performance of NR-IQA models. Xu et al. [45] evaluated several
NSS-based NR-IQA methods on three benchmark datasets: LIVE, TID2013,
and CSIQ. Among the evaluated methods, IL-NIQE and GMLOGQA, an NSS
method based on gradient magnitude and Laplacian features, demonstrated
the best overall performance across the three datasets. However, the authors
also observed that despite their strong average performance, these methods
struggled to accurately assess images with noise distortions that were not
present in their training data.

Yang et al. [30] advanced this research by evaluating the performance
of deep neural network-based methods for NR-IQA. They benchmarked these
models on four synthetic datasets: LIVE, TID2013, CSIQ, LIVE MD, as well
as on the authentic CLIVE database. The authors found that deep learning—
based approaches generally outperformed NSS-based methods, attributing
this to the ability of deep models to automatically learn optimized feature
representations. Among the compared methods, the authors found that
DBCNN achieved excellent performance, outperforming NSS-based methods
such as IL-NIQE and BRISQUE.

Many papers proposing NR-IQA methods also include comparisons
against existing approaches using benchmark image datasets. In their paper
introducing Q-Align, Wu et al. [36] compare it against several state-of-the-
art NR-IQA methods. When trained on the authentic SPAQ dataset, Q-Align
outperformed all six other NR-IQA methods across five benchmark datasets.
These included the CNN-based methods DBCNN, NIMA, and HyperlQA,
along with the CLIP-based approaches CLIP-IQA+ and LIQE, as well as the
transformer-based method MUSIQ.

Similar to NR-IQA, previous work in NR-PCQA consists of benchmark
point cloud datasets with subjective scores. Yang et al. [49] introduced SJTU-
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PCQA, an NR-PCQA benchmark comprising 378 synthetically distorted point
clouds, generated from 10 reference point clouds using 7 distortion types. The
distortion types include color and geometry noise, as well as noise due to
scaling and compression. Another widely used NR-PCQA benchmark is the
Waterloo Point Cloud (WPC) dataset, developed by Liu et al. [50, 51], which
consists of 20 high-quality point clouds and 740 distorted ones. Five distortion
types were used, including downsampling, Gaussian noise, and compression
artifacts resulting from three algorithms for point cloud compression.

Several evaluations of NR-PCQA methods have been performed on these
NR-PCQA benchmarks. Zhou et al. [22] surveyed the area of PCQA
techniques, looking at model-based and projection-based methods and their
performance on four datasets. While the review is not specific to NR-PCQA,
it benchmarked several NR-PCQA techniques on the STJU-PCQA and WPC
datasets. The results show that MM-PCQA outperforms all other NR-PCQA
methods in the comparison across both datasets. Porcu et al. [37] surveyed
the field of NR-PCQA directly. The authors review the state-of-the-art in NR-
PCQA concerning both techniques and datasets. The authors do not directly
compare the performance of NR-PCQA methods but instead use the results of
Chai and Shao [42], who introduced MS-PCQE and evaluated it against five
other NR-PCQA models. The results of the comparison show that MM-PCQA
and MS-PCQE achieved the highest performance across the five point cloud
datasets used in the study.

This thesis distinguishes itself from prior work by focusing on the
evaluation of NR-IQA and NR-PCQA methods in the realm of autonomous
driving. While previous studies assess models on general-purpose image and
point cloud benchmarks, this work is limited to images and point clouds that
are captured in an autonomous driving context.
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Chapter 3
Method

3.1 Literature search

A comprehensive literature review is carried out to gain a clear understanding
of the thesis’s core topics. The key search words were NR-IQA, NR-PCQA,
image distortion, and point cloud distortion. The primary tool used for
finding literature is Google Scholar due to its broad coverage of scientific
papers and journals. In the literature search, both survey articles and original
research papers are considered. Survey articles are primarily used to gain a
broad understanding of the fields of NR-IQA and NR-PCQA, while original
research papers provide detailed information on specific methods. Both types
of articles are also used to compare the performance of NR-IQA and NR-
PCQA techniques. During the literature search, factors such as citation count,
publication venue, year, and language were considered to ensure the quality
of the chosen articles.

3.2 Evaluation approach

The first considered evaluation approach for the NR-IQA and NR-PCQA
methods was to evaluate them on authentic weather-distorted images and
point clouds. However, the problem with this approach is that no dataset
containing either weather-distorted images or point clouds with corresponding
subjective scores could be found. Notably, no major survey on NR-IQA or NR-
PCQA mentions the existence of a dataset tailored explicitly to the AV domain
[25, 30, 37, 22]. Pursuing this option would therefore require conducting a
large-scale survey with human participants to obtain subjective scores. Given
the substantial effort required, this method was ultimately rejected.
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0.77

(b) OD confidence on the two leftmost bounding boxes is 0.85 and
0.87

Figure 3.1: Example where object detection (OD) confidence does not
correlate with differences in image quality. Images are taken from the AVL
dataset [7]
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A second approach, considered only for NR-IQA evaluation, involved
using object detection performance as a proxy for ground-truth image quality.
This method relies on the intuition that since images in AVs are ultimately
used in object detection algorithms, it is logical to assess image quality based
on the confidence of the object detection algorithm.

The problem with this approach, however, is that object detection
performance is not always correlated with image quality. For instance, in
Figure 3.1, the two images are captured within a very short interval and appear
to have precisely the same quality. However, because the vehicles on the right
side of the scene are positioned closer to the camera in the second image,
the object detection algorithm assigns higher confidence scores compared to
the first image. Specifically, it assigns 0.85 and 0.87 in the second image
and 0.78 and 0.77 in the first. These confidence scores represent the model’s
estimated probabilities that the detected objects are cars. If the ground truth
was set based on these scores, the second image would be assigned a higher
quality score than the first, despite the two images exhibiting identical quality.
Thus, object detection confidence was deemed unreliable in setting ground
truth scores, and this approach was rejected. Chapter 6.1 considers alternative
methods for approaching this problem.

The third approach relies on the insight that synthetic noise distortions
at various levels can generate datasets with known quality rankings. To
accomplish this, a reference image or point cloud is used and then distorted
several times with increasing levels of noise. This produces a set of images
or point clouds where the absolute quality of the samples is unknown, but the
relative quality rankings are known. This approach was ultimately the one
adopted in the thesis.

Building on this approach, the evaluation of an NR-QA method is as
follows. An image or point cloud set with known quality rankings is generated
using the method described above. The NR-QA method then scores all
samples in the set, generating a list of scores. The performance of the
NR-QA is then evaluated by comparing its rankings with the ground-truth
rankings using Spearman rank correlation coefficient (SRCC) and Kendall
rank correlation coefficient (KRCC). Since there are no subjective scores for
the images or point clouds, PLCC and RMSE cannot be used as evaluation
metrics.

The approach of applying synthetic distortions to generate image sets with
known quality rankings has previously been used in the field of NR-IQA. Liu
et al. [52] utilized it to generate RankIQA, an NR-IQA method trained to
rank image pairs degraded by four distortion types. Additionally, Agnolucci
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et al. [35] synthetically distorted images with increasing amounts of noise and
trained CLIP to rank the images according to distortion severity.

The approach in this thesis differs from that of Liu et al. and Agnolucci et
al. in a few distinct ways. First, it utilizes larger image sets with known relative
quality rankings, rather than the small sets of synthetically degraded images
employed by both Liu et al. and Agnolucci et al. Secondly, whereas Liu et
al. and Agnnolucci et al. use conventional image distortions such as GB, GN,
JPEG, and JP2K, the synthetic distortions in this work will include weather-
related distortions. Lastly, while previous work has used the approach to train
an NR-IQA method, this thesis employs it to evaluate NR-IQA and NR-PCQA
methods.

3.3 Data collection

The thesis utilizes two datasets for the evaluation: the Finnish Geospatial
Institute (FGI) dataset [53] and the REHEARSE dataset [54]. Each dataset
was chosen for different parts of the evaluation.

The FGI dataset [53] includes data from two drives: one urban drive
around Otaniemi, Espoo, and another covering both urban and rural scenery,
extending from Espoo to Munkkivuori in Helsinki. These two drives are
referred to as Otaniemi and Munkkivuori, respectively. The Otaniemi drive
was captured during the day, resulting in brighter images, whereas the
Munkkivuori drive was captured in the evening, resulting in darker images.
Both drives were recorded on December 3, 2023, during winter conditions
and include data from a LiDAR, an RGB camera, and a thermal camera. The
FGI dataset is stored in ICE S3 storage, a datacenter operated by RISE, and
retrieved using the bot 03 API. The Munkkivuori drive consists of 6915 PNG
images, while the Otaniemi drive consists of 7851 PNG images.

The REHEARSE dataset [54] comprises LiDAR, image, and RADAR
data collected from an outdoor test track and an indoor tunnel using static
sensors. The data is collected under clear, rainy, and foggy conditions, with
the rain and fog artificially generated using sprinklers. Like the FGI dataset,
the data in the REHEARSE dataset is stored in ICE S3 Storage and was
retrieved using the boto3 API. The point clouds are stored as binary files,
each containing a sequence of points of type (x,y, z,4) where (x,y, z) are
the Cartesian coordinates and : is the intensity value.

The FGI dataset was selected for the NR-IQA evaluation due to its
authentic conditions, providing realistic winter road scenes encountered
during real-world driving. Although the REHEARSE dataset contains image
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data, it is only images captured on a test track or in a tunnel, not in authentic
driving conditions. From each drive of the FGI dataset, 10 images were
selected as reference images for the synthetic distortions using Python’s
standard random module with a fixed seed to ensure reproducibility. This
results in a total of 20 reference images. The number of images was chosen to
balance scene diversity with computational efficiency. The selected reference
images can be seen in Figure 3.2.

For the point cloud data, the REHEARSE dataset was selected over the
FGI dataset. The reason is that initial experiments in the project applying NR-
PCQA methods to the FGI point clouds yielded poor results. The REHEARSE
dataset [54], recorded under more controlled conditions, was therefore used
instead. Only point clouds from the outdoor test track were used. The indoor
tunnel data were excluded because extensive preprocessing was required to
make the data compatible with the NR-PCQA evaluation. A total of 40 point
clouds were randomly selected from the outdoor test track, comprising 20
captured in clear weather and 20 in rainy conditions. Of these, 27 were
recorded during the day, and 13 were recorded during the night. The number
of reference point clouds was doubled compared to the images, as only one
distortion type was used in the NR-PCQA evaluation (see Section 3.4)

3.4 Data preprocessing

3.4.1 Image preprocessing

The Albumentations Python library [16] is used to synthetically apply
weather distortions to images. Albumentations is an image augmentation
library featuring over 100 transformations for augmenting images. The
selection of Albumentations is motivated by its support for weather-
related distortions, particularly artificial rain and fog, as well as its ability
to generate image sets with monotonically increasing noise severities.
Furthermore, Albumentations does not require depth information, which
is not available for the images and is often a prerequisite for many synthetic
distortion techniques. Albumentat ions has also been successfully used as
a tool for applying synthetic weather distortions in prior studies [55, 56, 57].
The thesis uses two types of synthetic weather distortions for images: rain and
fog. Noise from falling snow was excluded because Albumentations does not
implement it, and no suitable library capable of generating image sets with
monotonically increasing snow noise was found.

Within A1bumentations, the functional transform add_rain is used
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(b) The ten reference images used from the Munkkivuori drive.

Figure 3.2: The twenty reference images used from the Otaniemi and
Munkkivuori drives.
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to create synthetic images with rain effects. The add_rain transform adds
semi-transparent streaks to an image, simulating the appearance of raindrops.
This is achieved by first defining a set of coordinates as the starting points for
the raindrops, along with their slant angle, width, length, and color. Using this
information, add_rain utilizes OpenCV to draw a line for each specified
raindrop. add_rain also blurs the image using a box blur with a kernel
size determined by the blur_value parameter. Finally, it changes the
brightness of the image by converting it to HSV format and multiplying the
value component by the brightness_coefficient parameter.

For each image selected in Chapter 3.3, 100 versions with synthetic rain are
generated using the parameters outlined in Table 3.1. This builds upon earlier
work of synthetic image distortion, notably that of Ahar et al. [58], which
utilized 100 distortion levels to capture subtle differences in image quality.

Parameters listed as constants remain the same for all versions of the
image. For parameters listed as ranges [a, b, the values are linearly spaced
across the 100 versions. Thus, the first version has a value of a, the last
version has a value of b, and the step size is given by (|b — a|/(n —
1). To simulate a gradual and uniform increase in rain-induced distortion,
droplet_share is progressively increased to simulate denser rainfall,
while brightness_coefficient is decreased to reflect reduced visibility
due to the intensified rain. slant, drop_length, drop_width, and
blur_value are kept constant to maintain consistent raindrop geometry and
avoid abrupt visual changes. An example of three versions of the same image
with varying amounts of rain distortion is shown in Figure 3.3.

Fog effects are synthesized using the add_ fog transform from Albumentations.
add_fog simulates fog by taking an input image, a fog intensity coefficient
(fog_intensity), a transparency value (alpha_coef) for the fog
particles, a list of coordinates specifying their positions, and a list of their
respective radii. For each specified fog particle, add_fog uses OpenCV to
draw a circle on a copy of the image. The image with the circle is then blended
with the original image using the following formula:

S(i,7,¢) =aF(i,j,¢) + (1 —a)S(i, j,c)

where S(i, j, ¢) refers to the pixel value at location (7, j) and color channel
c in the original image, and F'(i, j, ¢) refers to the corresponding pixel in the
fog circle. The blending factor « is given by the formula ov = alpha_coef x
fog_intensity.

Table 3.2 shows the parameters used to add synthetic fog noise to the
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Parameter name

Explanation

Value

droplet_share

Proportion of pixels where a droplet
is placed. Since droplets are larger
than a single pixel, the total share of
affected pixels is greater.

0.0, 0.01]

rain_drops

Array of pixel coordinates indicating
where droplets are placed. The
droplet placement is randomized
(seeded for reproducibility), and the
number of raindrops is controlled by
droplet_share.

slant

The angle in degrees at which the
synthetic raindrops are applied.

15

drop_length

Length of each raindrop in pixels.

20

drop_width

Width of each raindrop in pixels.

blur_value

The value N used in an NxN box
filter applied to the image. This is

done since rainy images are typically
blurrier [16].

brightness_coeff

Coefficient applied to each pixel
value to reduce brightness, as rainy
images are typically darker.

[1.0,0.7]

Table 3.1: Parameters for the synthetic rain distortion

images. For each reference image across both locations, 100 versions
with synthetic fog are synthesized using the parameters in Table 3.2. The
progressive increase is linearly spaced, following the same approach as for the
rain-distorted images described earlier. The choice of 100 distortion levels
(as with the rain-distorted images) follows the reasoning of Ahar et al. [58]
to capture subtle image quality differences. An example of an image distorted
three times with increasing fog severity is shown in Figure 3.4.
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(a) droplet_share = 0.003, brightness_coefficient =
0.924

(b) droplet_share = 0.005, brightness_coefficient =
0.848

(c) droplet_share = 0.007, brightness_coefficient =
0.788

Figure 3.3: The same image from Otaniemi with different amounts of rain-
related noise.
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(@) a = 0.176

() a=0.531

Figure 3.4: The same image from Munkkivuori with different increasing
amounts of foggy noise.
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3.4.2 Point cloud preprocessing

The work of Hahner et al. [19], referred to as LiDAR_fog_sim, is a tool
for synthetically distorting point clouds. In this study, LiDAR_fog_sim
was selected to synthetically distort the point clouds. The choice to use
LiDAR_fog_sim for point cloud distortion is motivated by two factors.
Firstly, it is a state-of-the-art tool that simulates fog in a physically accurate
manner [19]. Secondly, it has been used in prior research to generate synthetic
fog distortions in point clouds [59, 60].

Lidar_fog_sim simulates fog by extending an optical LIDAR model
proposed by Rasshofer et al. [61]. The algorithm Hahner et al. use to distort
fog particles is outlined in Figure 3.5. For each point p, the algorithm inputs
the point’s intensity ¢, differential reflectivity [y, and the half-power pulse
width 7. The differential reflectivity models how much of the LiDAR pulse
is reflected back by the target object. The half-power pulse width is a parameter
that defines the duration over which a LiDAR pulse maintains significant
power around its peak.

The algorithm starts by calculating the distance R, to the point. Lines
3-5 compute the response intensity from the hard target ¢y,4, factoring in
the attenuation coefficient . The hard target refers to the object or surface
that reflects the LiDAR pulse to the sensor. Lines 6-8 numerically compute
integrals used to calculate the intensity from the soft target, which refers to the
fog particles. This is done as the expression does not possess a closed form
and is done for all distances R € {0.1, ..., Ro}.

Next, lines 9-11 compute the intensity from the soft target by taking the
largest value from the precomputed integrals ¢, and multiplying that with C4,
Py, and B. C4 is a system constant, P, the pulse’s peak power, and [ is the
backscattering coefficient. On line 12, the algorithm checks if the intensity
of the soft target exceeds the intensity of the hard target. If this is the case,
then the point is shifted by a scaling factor s = R,/ Ry and a random noise
factor, and its intensity is set to that of the soft target. Otherwise, the point’s
coordinates remain intact while the point’s intensity value is changed to 7p,q.
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Algorithm 1 LiDAR fog simulation

1: procedure FOGGIFY(p, %, &, 3, Bo, TH)
2 Ry« pl
3 T,Y,Z < P b i = Pr,cear
4 CaFPy + 1 %%2 > follows from Egq. (12)
5: fhard < % X exp(—QaRo) © see Eq. (17)
6 for R in (0,01, ...,Ro) do > 10cm accuracy
7 I + svpsoN(I(R, Ry, o, i) b see Eq. (18)
8 end for
9: ttmp < max(Ig)
10: Rimp < argmax(Ig)
11: isoft — CaPy B X itmp B> see again Eq.
12: if igof > iharg then
13: § < %? > scaling factor s
14: P < RANDOM_UNIFORM.FLOAT(—1, 1)
15: n <+ 2P b noise factorn € (3,2)
16: T<—SXnNXZXT
17: Y SXn Xy
18: Z—SXnXz
19: T < Tsoft
20: else 1> keep original location
21: 1 < Thard > only modify intensity
22; end if
23 return x, vy, z, i

24: end procedure

Figure 3.5: The algorithm used to apply fog distortion to a particle p with
intensity ¢ [19]
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Parameter

Explanation

Value(s)

fog_particle_share

Proportion of pix-
els where a fog
particle is placed.
As particles are
larger than a sin-
gle pixel, the total
proportion of pix-
els is greater.

0.5

Factor
determining

the visual strength
of the fog applied
to the image,
between 0 and 1.

[0.0,0.7]

fog_particle_size

Size of each fog
particle in pixels.

25

fog_particle_positions

Coordinates
where
particles
are placed.
Randomized

and seeded for
reproducibility.

fog

fog_particle_radiuses

Radius of fog par-
ticles in pixels.

25

Table 3.2: Parameter values used for synthetic fog distortion.
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Adding synthetic fog to point clouds first involves precomputing the
integrals described on line 7 in Figure 3.5. The integrals are computed
using Simpson’s 1/3 rule, a numerical integration method using quadratic
interpolation. The step size is 0.1 m, 7;, = 20 ns, and the maximum distance
Ry = 200 m. Each of the precomputed integral values is the same as in the
original publication describing the method [19]. The precomputed integrals
are subsequently used to add synthetic fog distortions to the point clouds.

Each of the selected reference point clouds is distorted at ten distortion
levels with the parameters described in Table 3.3. The choice of ten distortion
levels was motivated by two factors. First, it became increasingly challenging
to distinguish perceptual quality differences in point clouds with more than ten
levels of distortion. Additionally, ten distortion levels have been used in prior
work on point cloud quality degradation [62].

For each point in each point cloud, the algorithm shown in Figure 3.5
is applied. All parameters, except «, are kept consistent with the original
paper to ensure alignment with the proposed fog simulation model. « is
progressively increased to simulate denser fog in the same linear manner used
in the synthetic image distortions. A visualization of a point cloud distorted
using three different o values can be seen in Figure 3.6.

3.4.2.1 Color inference of point clouds

The NR-PCQA techniques used in the thesis, which are described in Chapter
3.6, expect point clouds of the form P = {g,,,cn}Y_, where g,, € RV
are the geometric coordinates and c,, € R!*3 consists of the RGB color
information. As the point clouds in the dataset are of the form P =
{(zk, Yk, 2k, i) |k = 1, ..., N}, the color is inferred. This is done by taking the
intensity value 7, an integer between 0 and 255, and setting ¢,,, = (4, %, ). This
method of assigning the intensity value to all RGB channels has previously
been used to infer color from non-colored point clouds [63].

3.5 Selection of NR-IQA techniques

As mentioned under Chapter 2.3, one NR-IQA method from each of the
following paradigms was included in the NR-IQA evaluation: NSS, CNN,
attention-based, CLIP-based, and LMM. IL-NIQE [29] was selected as
the NSS-based approach because of its proven effectiveness on NR-IQA
benchmarks and because it builds upon and enhances earlier NSS-based NR-
IQA techniques. DBCNN [32] was selected as the CNN-based approach
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Parameter name | Explanation Value
o} Attenuation coefficient which re- 0.0, 0.25]
duces the signal power.
6] Coefficient for  backscattering, | 0.046c/ In(20)

which quantifies the portion of
the LiDAR signal that is reflected
directly back toward the sensor by
fog particles. The value of (3 is the
same as in the original paper.

Bo Differential reflectivity of the target. 1075 /7
Th Half-power pulse width 20 ns

Table 3.3: Parameters for the synthetic fog distortion of point clouds.

Figure 3.6: Visualization of three point clouds subjected to increasing
distortion levels. The blue point cloud corresponds to « = 0.03, the pink
to a = 0.06, and the yellow to a = 0.09.



32 | Method

because, as mentioned in Chapter 2.6, it demonstrated the best performance
among deep learning methods in a survey of NR-IQA techniques. TOPIQ
[33] was selected as the attention-based method. It was chosen because it has
demonstrated better performance on NR-IQA benchmarks compared to similar
methods, such as TReS [64] and Musiq [65]. QualiCLIP [35] was chosen as
the CLIP-based approach as it outperforms other CLIP-based methods such
as CLIP-IQA [66] and LIQE [67]. Finally, Q-Align was chosen as the LMM-
based model as it has achieved excellent performance on NR-IQA benchmarks
[36]. A summary of each of the chosen models can be found in Table 3.4. In
this table, the Dataset column refers to the dataset used during training. The
dataset training information was ascertained for all methods but IL-NIQE and
DBCNN. For all methods except IL-NIQE, a higher score indicates higher
image quality.

All of the chosen NR-IQA techniques are sourced from the pyiga
library [68], a Python toolbox for image quality assessment that implements
both NR and FR-IQA techniques. pyiga is used because it implements
all of the selected NR-IQA methods. It also simplifies the evaluation
process by eliminating the need to locate and compile individual NR-IQA
implementations and has been used in previous NR-IQA research [69, 70].

3.6 Selection of NR-PCQA techniques

This thesis evaluates two NR-PCQA methods, and the reason for limiting the
scope to two methods is that each method requires significant configuration
and setup. Adding additional methods to the evaluation would be unfeasible
given the time constraints.

The selected NR-PCQA methods are MS-PCQE and MM-PCQA. MS-
PCQE is selected because it has been shown in previous research to have
the best performance on several datasets. Porcu et al. [37] found that MS-
PCQE achieved the best performance among all tested NR-PCQA methods
on five NR-PCQA datasets. The authors of MS-PCQE developed multiple
models, each trained on a different dataset. In this thesis, the model trained
on the LS-PCQA dataset [38] is used. LS-PCQA is a large-scale NR-PCQA
dataset consisting of 104 reference point clouds, 31 distortion types, and 22568
distorted point clouds. This model is selected because LS-PCQA is by far the
largest and most diverse NR-PCQA dataset available [37].

MM-PCQA is chosen since it combines the strengths of projection-based
and model-based methods. Additionally, Porcu et al. [37] found that MM-
PCQA had similar performance to MS-PCQE and, for some distortion types,
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Method

Approach

Dataset

Description

IL-NIQE

NSS

NSS approach using a
multivariate Gaussian model of
image patches, each assessed
with a Bhattacharyya-like
distance. Final quality score is
obtained by average pooling [29].

DBCNN

CNN

Deep bilinear model with two
CNNss for authentic distortions.
Their outputs are pooled for final
quality prediction [32].

TOPIQ

Attention-based

KonIQ-10k

Top-down network leveraging
high-level semantic features to
guide attention to perceptually
relevant image regions. Uses
coarse-to-fine and cross-scale
attention [33].

QualiCLIP

CLIP

KonlIQ-10k

Self-supervised method using
CLIP to rank synthetically
degraded images, removing the
need for subjective scores [35].

Q-Align

LMM

KonlIQ-10k,
SPAQ,
KADID-10k

LMM-based model trained with
text-defined quality levels rather
than numerical scores for better
alignment with human ratings
[36].

Table 3.4: NR-IQA methods included in the study

even outperformed it. The specific MM-PCQA model used in this thesis is
the one trained on the WPC dataset [50, 51]. The model trained on the WPC
dataset is selected because it is the only predefined model provided by the
authors. While it is possible to train the model on a different dataset, this falls

outside the scope of the thesis.

3.7 Analysis

A two-tailed permutation test is conducted for each NR-QA method to evaluate
whether its predicted rankings are correlated with the ground-truth rankings.

The hypotheses are defined as:
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Hy : SRCCean = 0
H : SRCCpean # 0

where SRCC,,, refers to the mean SRCC value across all image or point
cloud sets, depending on whether the method is an NR-IQA or NR-PCQA
method. The null hypothesis H states that the mean SRCC is 0, implying that
there is no correlation between the NR-QA method’s scores and the ground-
truth ranking. The alternative hypothesis H 4 states that there is a statistically
significant correlation.

To estimate the p-value under the assumptions of the null hypothesis, the
rankings of the NR-QA method are randomly shuffled within each image
or point cloud set. For each permutation, the SRCC is computed using the
shuffled rankings and the ground-truth rankings. The resulting SRCCs are
then averaged across all sets, resulting in a permuted mean SRCC. This process
is repeated 5000 times, and the empirical p-value p is computed as:

5000

1 .
ph=—— I(|SRCCY |>|SRCCqpeerve
P= w550 2 (1 moan| = | bserved|)

where SRCCI(];'(Zan denotes the mean SRCC from the i-th permutation and
SRCCpserved is the mean SRCC obtained from the experimental data. () is
the indicator function that is equal to 1 if [SRCC) | > |SRCCopservea| and
0 otherwise. 5000 is chosen as the number of permutations following the
recommendation of Marozzi [71]. As multiple hypotheses are tested, a Holm-
Bonferroni correction is performed to minimize the risk of Type 1 errors.

A Friedman test is applied to identify significant differences between two
or more of the selected NR-IQA methods. It is a non-parametric statistical
test suitable for comparing multiple methods across multiple datasets [72]. In
this evaluation, each dataset corresponds to an image set. The null hypothesis
states that the methods are equivalent, while the alternative hypothesis states
that at least one method differs significantly from at least one other method.
The chi-square distribution approximates the Friedman test statistic when the
number of methods or image sets is sufficiently large, typically greater than 5
[73]. In the evaluation, five methods and 40 image sets are used, indicating
that the chi-square approximation is reasonable.

If the null hypothesis of the Friedman test is rejected, pairwise Wilcoxon
signed-rank tests are conducted to identify which NR-IQA methods differ
significantly. Additionally, for the NR-PCQA methods, a Wilcoxon signed-

rank test is performed to assess whether MM-PCQA and MS-PCQE differ



Method | 35

significantly.

A Wilcoxon signed-rank test including two methods, A and B, is
performed by first computing the differences D = A — B. The absolute values
|D| are then ranked, and zero differences are excluded. Then, the original
signs of the differences are reintroduced and summed up into two separate
sums. Positive differences are summed up into the sum » | R™, and negative
differences are summed up into the sum ) R~. A low p-value suggests a
statistically significant difference between the methods A and B. If Y R™ >
> R~ and p is sufficiently small, it suggests that A outperforms B [74]. By
contrast, if Y R~ > > R™ and p is sufficiently small, it suggests that B
outperforms A. Since multiple hypotheses are tested in the pairwise Wilcoxon
signed-rank tests for the NR-IQA methods, a Holm-Bonferroni correction is
applied to reduce the risk of Type I error.
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Chapter 4

Results and analysis

Method SRCC (SD) KRCC (SD)

TOPIQ -0.496* (0.685) -0.443* (0.622)
DBCNN 0.131** (0.872)  0.160™* (0.805)
QualiCLIP -0.062** (0.756) -0.070** (0.696)
Q-Align 0.998* (0.002)  0.979** (0.015)
IL-NIQE 0.946™ (0.094)  0.868"* (0.156)

*p<0.05 **p<0.00l

Table 4.1: Mean SRCC and KRCC values of the NR-IQA techniques
across both distortion types and locations, with standard deviations shown
in parentheses. The p-values are obtained from permutation tests evaluating
whether the mean SRCC and KRCC differ significantly from O.

4.1 NR-IQA results

With 20 base images selected and two distortion types employed, a total of
40 image sets were generated, resulting in 40 SRCC and KRCC values per
NR-IQA technique. Table 4.1 presents the mean SRCC and KRCC values
for the NR-IQA techniques under evaluation. Q-Align achieves near-perfect
agreement with ground truth rankings, with mean SRCC and KRCC values of
0.998 and 0.970, respectively. In comparison, IL-NIQE also performs well,
with corresponding values of 0.946 and 0.868.

In contrast, the performance of TOPIQ, DBCNN, and QualiCLIP is
considerably worse. QualiCLIP has a mean SRCC of -0.062 and a standard
deviation of 0.756, suggesting that the SRCC values are widely dispersed in
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both the positive and negative directions. DBCNN has a higher mean SRCC
value of 0.131, but like QualiCLIP, its values vary widely, with a standard
deviation of 0.872. TOPIQ has a mean SRCC value of -0.496 and a mean
KRCC value of -0.443, indicating a strong negative correlation between its
scores and the ground truth scores. In other words, it performs worse than
random, consistently assigning higher scores to lower-quality images than
to higher-quality ones. TOPIQ also shows high variability, with standard
deviations of 0.685 for the mean SRCC and 0.622 for the mean KRCC.

The exact SRCC values of each NR-IQA method on each image set
can be seen in Figure 4.1. The points in the figure are grouped based on
location (Otaniemi vs Munkkivuori) and distortion (rainy vs foggy). Q-Align
has consistently high SRCC scores across the 40 image sets, regardless of
distortion type or location. The lowest SRCC observed among these sets is
0.990. IL-NIQE also achieves consistently high SRCC scores, performing
slightly better on foggy image sets than rainy ones. On the foggy image
sets, IL-NIQE achieves an astonishing mean SRCC of 0.999 with a standard
deviation of 0.002. However, on the rainy image sets, the mean SRCC is
lower at 0.892 with a standard deviation of 0.110. Thus, IL-NIQE seems to
struggle more with rain degradation than with fog degradation. Interestingly,
QualiCLIP achieves excellent performance on the fog-distorted images from
Otaniemi, achieving a mean SRCC of 0.966. However, on the foggy image sets
from Munkkivuori, the opposite is true, as it achieves a mean SRCC of -0.977.
Furthermore, the standard deviations of these calculations are pretty minor,
at 0.050 and 0.023, indicating that QualiCLIP exhibits a strong consistency
in its ranking of foggy images. On the rainy image sets, the results are less
consistent, with a mean SRCC value of -0.118 and a relatively high standard
deviation of 0.436.

Differences in performance based on location are also evident for TOPIQ,
which achieved a mean SRCC of 0.577 on the foggy Otaniemi image sets
and -0.928 on the foggy Munkkivuori image sets. The standard deviation
is relatively high in both cases. For the Otaniemi image sets, it is 0.494,
and for the Munkkivuori drive, it is 0.169. On the rainy image sets, TOPIQ
consistently exhibited clear inverse performance, meaning that it rated lower-
quality images as having higher quality. It achieved a mean SRCC value of
-0.815 and a standard deviation of 0.177.

Inverse performance is also observed for DBCNN on the rainy image sets.
It achieved a mean SRCC of -0.601 across all rainy image sets with a high
standard deviation of 0.496. However, it achieved much better performance on
the foggy image sets across the two locations. On the foggy image sets from
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Otaniemi, it achieved a high mean SRCC of 0.998, whereas on the foggy image
sets from Munkkivuori, the mean SRCC dropped to 0.730. This indicates that
DBCNN, similar to TOPIQ and QualiCLIP, performed worse on images from
Munkkivuori than on those from Otaniemi.

Figures 4.2, 4.3, 4.4, 4.5, and 4.6 show boxplots of the scores of the
NR-IQA methods. Each Figure is divided into the four combinations of
location and weather: Otaniemi-rainy, Otaniemi-foggy, Munkkivuori-rainy,
and Munkkivuori-foggy. For each combination, a boxplot is plotted at every
fifth image index, using all images with that index in the given combination.
The boxplot shows the median as the line inside the box, with the lower and
upper edges of the box representing the first and third quartiles, respectively.
The whiskers extend to the smallest and largest data points within 1.5 times
the interquartile range. The points outside this range are plotted directly.

Figure 4.2 illustrates a general downward trend in DBCNN scores for
the foggy image sets from Otaniemi, and to a lesser extent for those from
Munkkivuori. For the rainy image sets at both locations, there is a slight
upward trend, with SRCC values being negative in 16 out of 20 cases.
Furthermore, Figure 4.2 shows a sharp divide between the absolute scores of
the foggy and rainy images. All foggy images receive higher scores than all
rainy images, showing that DBCNN consistently assesses the foggy images as
having better quality.

The scores of TOPIQ are found in Figure 4.3, which displays a slight
decreasing trend for the foggy image sets from Otaniemi, with a mean SRCC
score of 0.577. In comparison, the performance on foggy image sets from
Munkkivuori is significantly worse, with a mean SRCC value of -0.927.
This is also evident in Figure 4.3, with the Munkkivuori-foggy plot showing
a distinct upward trend. TOPIQ’s poor performance on rainy image sets
is also evident from the slightly upward trend on the Otaniemi-rainy and
Munkkivuori-rainy image sets.

Turning to Figure 4.4, Q-Align demonstrates high consistency in its
scoring ability across locations and weather distortions. A uniform downward
trend is observed across all conditions, without any outliers. The lowest
mean SRCC observed across all subsets occurs for the rainy image sets from
Munkkivuori, and even in this instance, Q-Align achieved an astonishing mean
SRCC of 0.996. Additionally, the tight spread of the boxplots shows little
variability in the scores among images within the same image index.

Figure 4.5 demonstrates that QualiCLIP is inconsistent in its ranking.
Figure 4.5 shows a distinct downward trend in scores for Otaneimi-foggy.
However, the opposite is true for the Munkkivuori-foggy image sets, where a
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SRCC values across location and distortion type
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Figure 4.1: Distribution of SRCC values for the surveyed NR-IQA methods.

striking upward trend in scores is observed. On these image sets, QualiCLIP,
like TOPIQ, exhibits a clear tendency towards inverse ranking, assigning
progressively increasing scores to images with progressively decreasing
quality. The inverse rankings are less pronounced but still present on the rainy
image sets. QualiCLIP achieved mean SRCCs of -0.121 and -0.115 on the
rainy image sets from Otaniemi and Munkkivuori, respectively.

Finally, the assigned scores of IL-NIQE are shown in Figure 4.6. Unlike
the other NR-IQA methods, IL-NIQE assigns lower scores to images it deems
to have higher quality and higher scores to images it deems to have lower
quality. Figure 4.6 demonstrates a clear increasing trend in scores across both
locations and distortion types. This trend is more substantial for the foggy
image sets, as reflected in the higher mean SRCC of 0.999. In contrast, the
trend is less evident for the rainy image sets, which have a lower mean SRCC
of 0.892.



Results and analysis | 41

DB-CNN Score Distribution per Image Index
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Figure 4.2: Boxplot of DBCNN scores for every fifth image index, showing
score distributions across weather and location variations
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TOPIQ Score Distribution per Image Index
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Figure 4.3: Boxplot of TOPIQ scores for every fifth image index, showing
score distributions across weather and location variations
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Q-Align Score Distribution per Image Index
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Figure 4.4: Boxplot of Q-Align scores for every fifth image index, showing
score distributions across weather and location variations
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QualiCLIP Score Distribution per Image Index
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Figure 4.5: Boxplot of QualiCLIP scores for every fifth image index, showing
score distributions across weather and location variations
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IL-NIQE Score Distribution per Image Index
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Figure 4.6: Boxplot of IL-NIQE scores for every fifth image index, showing
score distributions across weather and location variations
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4.1.1 Statistical tests

The result of the Friedman test is 109.11, with a p-value of 1.126 x 10722,
meaning that the null hypothesis of no significant differences between the
methods can be rejected at a 1% significance level. Thus, it can be
demonstrated with strong statistical significance that at least one method
consistently outperforms the others. Following the Friedman test, the results
from the pairwise Wilcoxon signed-rank tests are found in Table 4.2. In
this table, the model pair column lists each pairwise combination between
the models, where the difference is computed as the first method minus the
second. The statistic column lists the Wilcoxon signed-rank statistics, > , R*
lists the sums of the positive ranks, > R~ lists the sums of the negative ranks,
and the corrected p-value column lists the p-values after the Holm-Bonferroni
correction.

The column of corrected p-values shows that all values, except for DBCNN
- QualiCLIP, are below 0.01. This means that, at the 1% significance level, the
null hypothesis of equal performance can be rejected for all model pairs except
DBCNN and QualiCLIP. In the first four rows of Table 4.2, the negative rank
sum > R~ is substantially greater than the positive rank sum > R* for all
four comparisons. Therefore, it can be concluded that TOPIQ is outperformed
by all other models. The fifth row shows that there is no significant difference
between DBCNN and QualiCLIP. The next two rows show that DBCNN is
outperformed by both Q-Align and IL-NIQE. Similarly, the two rows that
follow demonstrate that QualiCLIP is outperformed by both Q-Align and IL-
NIQE. Finally, the last row indicates that Q-Align outperforms IL-NIQE.
Based on the statistical tests, Q-Align achieved the best performance, followed
by IL-NIQE. DBCNN and QualiCLIP were tied for third place, while TOPIQ
performed the worst.
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Model Pair Statistic > R* > R~ Corrected p-value

TOPIQ — DBCNN 96 96 =724 0.000
TOPIQ — QualiCLIP 74 74 -746 0.000
TOPIQ — Q-Align 0 0  -820 0.000
TOPIQ — IL-NIQE 0 0 -820 0.000
DBCNN — QualiCLIP 374 445 -374 0.646
DBCNN — Q-Align 32 32 -788 0.000
DBCNN — IL-NIQE 39 39 =741 0.000
QualiCLIP — Q-Align 4 4 -816 0.000
QualiCLIP — IL-NIQE 6 6 -814 0.000
Q-Align — IL-NIQE 96 724 -96 0.000

Table 4.2: Results of the Wilcoxon signed-rank tests after Holm-Bonferroni
corrections.

4.2 NR-PCQA results

The mean SRCC and KRCC values of MM-PCQA and MS-PCQE are found
in Table 4.3. The standard deviations of the various methods are found in the
parentheses. Furthermore, each p-value is from a two-tailed permutation test
evaluating whether the mean differs significantly from 0. All the SRCC and
KRCC values in Table 4.3 differ from O at the 1% significance level. Moreover,
MM-PCQA has a mean SRCC value of 0.172 with a standard deviation of
0.401. This suggests a small and positive correlation between its assigned
scores and the ground-truth qualities of the point clouds. Additionally, a
standard deviation of 0.401 indicates that MM-PCQA exhibits inconsistent
performance across the 40 point cloud sets. MS-PCQE exhibits a stronger
negative correlation with the ground-truth qualities. It has a mean SRCC
value of -0.294 with a standard deviation of 0.343. This shows that MS-
PCQE, similar to some NR-IQA methods mentioned earlier, consistently rates
lower-quality point clouds as having higher quality than those of better quality.
However, MS-PCQE is also inconsistent across the image set, with a standard
deviation of 0.343.

Table 4.3 shows the mean SRCC and KRCC of MM-PCQA and MS-
PCQE on the fog-distorted point clouds. MM-PCQA yielded a very weak
positive correlation, with a mean SRCC of 0.172 and a mean KRCC value
of 0.129. However, the high standard deviations of 0.401 and 0.312 suggest
inconsistent values across point cloud sets. MS-PCQE achieved a slight
negative correlation, with a mean SRCC of -0.294 and a mean KRCC of
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Method SRCC (SD) KRCC (SD)
MM-PCQA | 0.172** (0.401) | 0.129** (0.312)
MS-PCQE | -0.294** (0.343) | -0.220** (0.275)

*p<0.05 **p<0.001

Table 4.3: Mean SRCC and KRCC values of the NR-PCQA techniques on the
set of fog-distorted point clouds. The p-values are obtained from permutation

tests evaluating whether the mean SRCC and KRCC differ significantly from
0.

-0.220. Similar to MM-PCQA, MS-PCQE exhibited high variability with
standard deviations of 0.343 and 0.275, respectively.

Figure 4.7 plots the distribution of SRCC scores for both MM-PCQA and
MS-PCQE across weather distortions and time of day. MM-PCQA generally
achieved higher SRCC scores on point cloud sets recorded in clear weather and
during daytime. The mean SRCC for point clouds captured in clear weather
was 0.316, while for those captured during daytime, it was 0.237. However,
both cases had high variability, with standard deviations of 0.325 and 0.395,
respectively. MM-PCQA exhibited near-random performance on point clouds
captured in rainy and nighttime conditions, with mean SRCC values of just
0.028 and 0.051, respectively. As with clear weather and daytime conditions,
there was also high variability, with the standard deviation of 0.418 for rainy
sets and 0.384 for nighttime sets.

In contrast, MS-PCQE demonstrates greater consistency in its quality
predictions across varying weather conditions and between daytime and
nighttime settings. On point clouds captured in clear weather, MS-PCQE
achieved a mean SRCC of -0.298 (STD = 0.321), while in rainy weather, it
achieved a mean SRCC of -0.290 (STD = 0.364). Similarly, the point clouds
captured in daytime yielded a mean SRCC of -0.293 (STD = 0.337), and for
point clouds captured in nighttime, it achieved -0.297 (0.354). These results
suggest that MS-PCQE performs equally poorly across different weather
conditions and between day and night scenarios.

Figures 4.8 and 4.9 show boxplots of the scores of the NR-PCQA methods
across weather and time of day. Both plots contain 10 x-values, corresponding
to the 10 distortion severity levels within each point cloud set. Figures 4.8 and
4.8 show no clear upward or downward trend for MM-PCQA or MS-PCQE.
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SRCC values across weather and time conditions
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Figure 4.7: Distribution of SRCC values for the surveyed NR-PCQA methods.

4.2.1 Statistical tests

A two-sided Wilcoxon signed-rank test is performed to determine whether
MM-PCQA and MS-PCQE differ significantly in performance. For this test,
the SRCC values of each method across the 40 image sets are used. The
resulting statistic is 90.5 with a p-value of 1.750 * 10~°, meaning that the
null hypothesis that the methods perform equally well can be rejected at
the 1% significance level. In the test, the SRCC values of MM-PCQA are
subtracted from those of MS-PCQE. The resulting positive rank sum » S R is
90.5 while the negative rank sum » R~ is -729.5, indicating that MM-PCQA
significantly outperforms MS-PCQE.
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MM-PCQA Score Distribution per Point Cloud Index
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Figure 4.8: MM-PCQA score distributions across distortion levels and
conditions.
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Figure 4.9: MS-PCQE score distributions across distortion levels and
conditions,



Discussion | 51

Chapter 5

Discussion

Regarding the NR-IQA results, it is not surprising that Q-Align outperforms
the four other evaluated methods. As a state-of-the-art, large multimodality
model, Q-Align has demonstrated very strong performance on conventional
NR-IQA benchmarks [36]. Q-Align was also trained on twelve NR-IQA
datasets that contained both authentic and synthetic distortions. While training
on both authentic and synthetic datasets typically reduces the accuracy of an
NR-IQA model [36], the authors of Q-Align report that their model avoids this
issue. This exposure to such a wide range of image content likely contributed
to the superior performance of Q-Align in the study.

What is more surprising is the poor performance of another state-of-the-
art NR-IQA method, namely QualiCLIP. As mentioned earlier, QualiCLIP
exhibited slight inverse performance on the rainy image sets, near-perfect
performance on the foggy Otaniemi image sets, and near-perfect inverse
performance on the foggy Munkkivuori image sets. Overall, the lack of
performance is surprising given that QualiCLIP has achieved impressive
results on traditional NR-IQA benchmark datasets [35]. Additionally, the
training process of QualiCLIP much resembles the evaluation process used in
this thesis. QualiCLIP was trained by distorting images with increasing levels
of noise and learning by ranking the distorted images. This is quite similar to
the evaluation in this thesis. One possible reason why QualiCLIP performed
poorly is that the degradations used in this study differ from those used to
train QualiCLIP. QualiCLIP was trained using 24 distortion types, none of
which included weather-related noise. This could have had a negative impact
on performance.

However, the fact that QualiCLIP was not trained on weather-related
distortions cannot explain the significant performance difference between the
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foggy image sets across the two locations. On the foggy Otaniemi sets,
QualiCLIP achieves a mean SRCC of 0.966, while on the foggy Munkkivuori
sets, it achieves a mean SRCC of -0.977. This stark performance difference
also occurs for TOPIQ, which achieves a mean SRCC of 0.576 on the foggy
Otaniemi sets and a mean SRCC of -0.928 on the foggy Munkkivuori image
sets. The markedly negative SRCC values of QualiCLIP and TOPIQ mean
that they consistently assign higher scores to images with worse perceptual
quality. An example of this can be seen in Figure 5.1. The discrepancy
in performance across the two locations is likely attributed to differences
in scenes and lighting. The images from Otaniemi are generally brighter
and mainly consist of urban settings, while the Munkkivuori images are
captured in rural environments and are darker. However, why these scene and
lighting differences result in such dramatic changes in performance is unclear.
Likewise, it is not clear why TOPIQ and QualiCLIP consistently assign higher
scores to poor-quality images.

Another notable result is the consistent performance of IL-NIQE. Despite
relying on NSS, a somewhat antiquated technique in the field of NR-IQA,
IL-NIQE outperforms QualiCLIP, DBCNN, and TOPIQ. This is noteworthy
as QualiCLIP and TOPIQ, both clearly outperform IL-NIQE on conventional
NR-IQA benchmarks [33, 35]. One possible reason for IL-NIQE’s strong
performance is that synthetic rain and fog introduce consistent and predictable
deviations in luminance and contrast compared to natural high-quality images.
IL-NIQE may effectively detect these deviations by computing MSCN
coeflicients, which capture local variations in luminance and contrast.

A critical methodological decision in the thesis was to avoid using human
subjective scores as the ground truth when evaluating images and point clouds.
This decision was necessary, as there are no existing datasets of images and
point clouds in the AV domain with subjective scores. However, it also has
the consequence that it is not possible to evaluate whether a method’s score
aligns with human scores. This is a limitation since NR-IQA and NR-PCQA
methods are typically also assessed based on how closely their scores align
with human scores. It is therefore possible that one of the surveyed NR-IQA
methods performs well in ranking images or point clouds, but that its absolute
scores do not align with human perception.

The choice to use synthetic rather than authentic weather distortions also
had its advantages and disadvantages. The main advantage was that it enabled
distorting images with precise severity levels, which was necessary to establish
ground truth rankings of the image and point cloud sets. However, the main
disadvantage of this approach is that real-world weather phenomena are often
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(a) QualiCLIP score of 0.3047 and Topiq score of
0.2247

(b) QualiCLIP score of 0.4407 and Topiq score of
0.2861

Figure 5.1: Example where QualiCLIP and Topiq assign a higher score to a
perceptually worse-quality image
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more complex than what can be modeled using synthetic noise. For instance,
rainy conditions can lead to droplets on the camera lens, which cause total
or near-total blockages. The artificial rain generation cannot account for this.
Furthermore, foggy images often display a non-uniform distribution of fog.
Areas of an image with close objects may appear clearer, whereas areas that
depict distant backgrounds are more affected by fog. This is also something
that the synthetic noise generation does not consider. The fact that synthetic
noise does not fully model real-weather phenomena can be problematic, as a
model can perform well on synthetic data but still struggle with data captured
in authentic weather conditions. Therefore, it is crucial that the use of synthetic
distortions is complemented with testing on authentic data to ensure that these
systems perform reliably under real-world conditions.

Given the large number of NR-IQA methods in the literature, a selection
of methods was necessary to keep the evaluation manageable. The goal with
the selection was to cover a broad range of techniques that used different
paradigms for NR-IQA. This meant that only one method per paradigm was
included in the thesis. While this covers a broad range of techniques, it
does not cover the nuances within each paradigm. Therefore, it is essential
to recognize that alternative methods within these paradigms may yield
significantly different results. Different results could possibly also have been
obtained by using the same methods, but with different training datasets.

The poor results of the NR-PCQA models indicate that the field of
NR-PCQA is not yet mature enough to accurately assess AV point clouds.
MS-PCQE exhibited a negative correlation with the ground-truth rankings,
indicating a failure to accurately rank point clouds of varying distortion levels.
Furthermore, while MM-PCQA achieved a statistically significant positive
correlation, its mean SRCC value of 0.172 is too low to indicate practical
usefulness. Additionally, MM-PCQA assigns negative scores to several point
clouds in the dataset. This is noteworthy, as it does not occur for any point
cloud in the MM-PCQA training set. This result could be due to the point
clouds in the dataset being significantly different from those used to train MM-
PCQA. This further highlights the limited usefulness of MM-PCQA on AV
point clouds.

The reason for the NR-PCQA model’s inability to rank point clouds is most
likely that NR-PCQA methods are primarily designed to assess the quality of
highly detailed colored point clouds. This is indicative by the fact that the NR-
PCQA benchmark datasets all contain highly rich and detailed point clouds.
For instance, in the WPC dataset [75], which was used to train MM-PCQA,
the mean number of points in each point cloud is 1359007. In contrast, the
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number of points per point cloud in the AV point clouds used in the thesis is
in the tens of thousands. The loss of color information in the AV point clouds
is probably also a factor that explains the lack of performance.
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Chapter 6

Conclusions and future work

6.1 Future work

One way to extend this work is to create a benchmark NR-IQA dataset of
authentically distorted AV images with corresponding subjective scores. This
would enable the evaluation of NR-IQA methods not only using rank-based
metrics, such as SRCC and KRCC, but also accuracy-based metrics, including
the Pearson linear correlation coefficient and root mean square error, which
are standard in the NR-IQA field. Using naturally occurring and authentic
distortions would also provide insight into whether the results in this thesis
generalize to the real world.

Another interesting research area is investigating the feasibility of online
NR-IQA, which involves evaluating image quality in real-time. This approach
has been used by Zhang and Eskandarian [76] and was missed during the
literature review of this study. Zhang and Eskandarian [76] explored online
NR-IQA of autonomous vehicles by creating the detection quality index (DQI),
which scores AV images based on saliency maps and the performance of
object detection algorithms. Based on this method, they trained a neural
network, SPA-NET, to predict the DQI. Future research in online NR-IQA
could explore combining the DQI method with one or more of the NR-IQA
methods evaluated in this study.

To enhance the performance of NR-PCQA methods, future research could
utilize fused LiDAR and image data to generate colored point clouds. This
process involves calibrating the LiDAR and camera, projecting LiDAR points
onto the 2D image plane, and then recording the RGB values of each 3D
point based on the corresponding pixel in the image. Given that both NR-
PCQA methods evaluated in the thesis require colored point clouds, their



Conclusions and future work |57

performance would likely be improved with authentic color information rather
than simulated color information, as used in this thesis.

6.2 Conclusions

This thesis evaluated a set of NR-IQA and NR-PCQA methods on weather-
distorted data used in the field of autonomous vehicles. The evaluation
centered on synthetic weather distortions of images and point clouds, where
the relative quality rankings were known. In the case of images, synthetic rain
and synthetic fog were employed, whereas in the case of point clouds, only
synthetic fog was utilized. Among the five evaluated NR-IQA methods, Q-
Align and IL-NIQE demonstrated strong performance across both distortion
types, suggesting that large multimodality models and NSS models are suitable
for the task at hand. While both performed well, a Wilcoxon signed-rank
test revealed that Q-Align ultimately outperformed IL-NIQE. The NR-PCQA
evaluation showed that MM-PCQA outperformed MS-PCQE, achieving a
weak, statistically significant correlation. However, this correlation is too
weak to have any practical usefulness. Overall, the findings suggest that NR-
IQA is more mature and reliable for applications in autonomous vehicles than
NR-PCQA, which requires further research to be viable.
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Chapter 7

Lessons learned

During the project, I learned the importance of keeping track of ideas, results,
methods, and other thoughts in an organized manner. 1 was encouraged to
write about my work in a blog throughout the thesis, and this turned out to be
helpful in several ways. It helped me organize my thoughts and keep structured
notes of the tools and methods I had used. It was also useful, when writing
the thesis, to revisit my notes and see the reasoning behind the decisions I
had made about tools, methods, etc. I also learned the importance of testing
the viability of approaches and tools early on. The initial methods I explored
for the thesis did not work, and identifying this early meant that I had time to
pivot to an alternative approach. Likewise, several of the distortion tools that
I had planned to use turned out to be unsuitable for the thesis. If I had not
tested the viability of these tools and approaches early on, I would not have
had time to switch to better-suited options. Another lesson was realizing how
much the available data shapes what you can do. The lack of ground-truth
labels in the datasets put strong constraints on the method, which in turn led
to several limitations to the study. This was not something I had considered
before I started writing the thesis.
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