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Abstract

Image Quality Assessment (IQA) plays a fundamental role in multimedia
processing, where the goal is to predict subjective human judgments of image
quality automatically. Traditional IQA approaches, such as Natural Image
Quality Evaluator (NIQE), rely on low-level statistical features extracted from
natural scene statistics (NSS), while recent advances such as Q-Align leverage
large language models (LLMs) and multimodal alignment to capture high-level
semantic cues of visual quality. Despite their respective strengths, a gap
remains between low-level statistical descriptors and high-level semantic

representations.

This dissertation proposes a fusion framework that compressing the statistical
features extracted by NIQE through autoencoders in deep learning, resulting in
low-dimensional latent representations. Subsequently, it was concatenated with
the semantic features extracted by Q-Align and input into a support vector
regression (SVR) model. Under five-fold cross-validation, subjective opinion
scores (MOS) were used as the supervised signal for training and evaluation.
The experimental results show that the fusion method significantly improves the
consistency with human perception on the LIVEC dataset. Compared with using
Q-Align alone, the fusion model performed better in correlation metrics,
achieving higher Spearman correlation coefficient (SRCC=0.8842) and
Pearson correlation coefficient (PLCC=0.9011), verifying the complementarity

between low-level statistical features and high-level semantic features.
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1. Introduction

1.1 Background Introduction

With the rapid advancement of modern science and technology, Atrtificial
Intelligence (Al) has emerged as an indispensable driving force behind societal
progress, playing an increasingly prominent role in both production and daily
life. In recent years, continuous breakthroughs in Al technology have given rise
to numerous promising research directions. Among these, Computer Vision
(CV) aims to enable machines to interpret and understand the visual world by
emulating the human visual system. To date, computer vision has achieved
considerable success across various applications, including facial recognition,
healthcare ecosystems, and smart manufacturing (Khang et al., 2024; Zhou,
2022). Meanwhile, Large Language Models (LLMs) have gradually become key
players in the Al landscape. Leveraging their exceptional flexibility and robust
generalization capabilities, LLMs effectively bridge textual understanding with
visual data interpretation. The novel multi-modal integration of LLM and CV
significantly expands the capacity of Al systems to interpret and describe the
visual world, heralding a profound shift in machine visual understanding
(Hamadi, 2023). Additionally, Deep Learning (DL) techniques, prominently
represented by Convolutional Neural Networks (CNNs), have demonstrated
remarkable efficacy in addressing challenging problems within the field of
image processing. CNNs and related DL approaches have consistently
outperformed traditional methods, continuously pushing the boundaries of
state-of-the-art performance. As a result, many image analysis tasks previously
deemed intractable are now being solved with exceptionally high accuracy

(O’Mahony et al., 2020).



Under these main research directions, numerous specific subtopics have also
emerged to meet the requirements of specific scenarios. Image Quality
Assessment (IQA) is a crucial research topic in the fields of image processing
and computer vision, aiming to establish objective quality assessment
standards for various image applications, including image enhancement,
compression, and denoising (Ma et al., 2025). With the continuous iteration and
upgrading of the IQA method, it has been widely used to automatically
assessment the visual quality of images, playing a key role in establishing
image assessment benchmarks to promote algorithmic progress in various
fields of computer vision. An accurate and stable IQA algorithm can effectively
help optimize related technologies, thereby improving visual effects. According
to whether reference images are used in the assessment process, IQA methods
can be divided into Full Reference Image Quality Assessment (FR-IQA) and
Non-Reference Image Quality Assessment (NR-IQA). The FR-IQA model is
limited by the requirement for undistorted reference images, and almost all FR-
IQA models rely on the correct alignment of reference and test images (Wu, T.,
2024). However, without any reference image quality assessment, it is applied
to a wider and more practical real-world scenario because it does not rely on

any original reference image (Yang, Y., 2024)

With the development of large language models (LLMs), they gradually show
significant advantages in the field of IQA. Because LMM is typically pre trained
on large-scale datasets and has already learned rich visual and linguistic
knowledge, the results can be as close to human perception as possible (Wang
et al., 2024). According to relevant research, LLM can improve good zero
sample NR IQA performance. In addition, instruction tuning can be performed

on such LLMs to generate quality descriptions of images (Wu, H et al., 2024).



1.2 Project Objectives

While Large Language Models (LLMs) have experienced significant
advancement in visual understanding, their potential to serve as powerful and
text-driven models for Image Quality Assessment (IQA) remains largely
unexplored. This research aims to explore in depth the theme of "Image Quality
Assessment based on Large Language Models". and provide new perspectives
and methodologies for this field by integrating existing IQA models. Specifically,
in this research, we will combine the representative large language models Q-
Align with the traditional non-reference IQA method Natural Image Quality
Evaluator (NIQE) to explore whether the combination of higher-level semantic
information and low-level statistical distortion features can improve the
prediction of image quality assessment. At present, large-scale semantic
models based on deep learning and traditional methods based on statistical
features have formed a clear complementary relationship in terms of their
capabilities. Therefore, effective fusion of the two is expected to significantly
improve the accuracy and generalization performance of no- reference image
quality assessment, and the fusion of their outputs can better fit human

subjective opinions.

Our experimental goal is to construct a simple, interpretable, and scalable
fusion framework that can leverage the advantages of both models Therefore,
a fusion paradigm was proposed to jointly model low-level statistical features
and high-level semantic embeddings, thereby improving prediction accuracy
and enhancing consistency with human subjective ratings. Meanwhile, the
framework emphasizes interpretability and scalability in its design, providing not

only an effective tool for practical evaluation tasks but also a new theoretical



perspective for exploring the role of multi-level feature fusion in image quality

assessment.

2.Literature Review

2.1 Definition task: Refactor image quality assessment

into a text driven task

As mentioned earlier, traditional Image Quality Assessment (IQA) methods are
generally divided into two categories based on whether a reference image is
used: Full-Reference (FR) and No-Reference (NR). FR-IQA needs to be
compared with a perfect reference image, such as the classic Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity (SSIM) indicators, whereas NR-
IQA can predict human subjective visual quality scores based solely on the
distorted images themselves. However, NR-IQA models heavily rely on training
data and often exhibit weak generalization ability when faced with a wider range
of images and distortions. In addition, traditional IQA models often output
numerical scores for image quality assessment, lacking the ability to explain
semantic differences in image quality, which makes their flexibility and
interpretability somewhat inadequate. In quality assessment tasks involving
subjective human perception, purely numerical assessment methods have

limitations (Wu et al., 2024).

In recent years, the multimodal large language models (MLLM) have made
remarkable progress in visual understanding and reasoning, which also brings
new opportunities for the development of IQA. For example, large visual
language models (VLMs) such as BLIP-2 and GPT-4 have been deeply studied.

They can learn rich visual language associations from image text pairs.
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Researchers have begun to try to use language guidance and visual language
pre training models to transform IQA tasks into multimodal problems with
natural language. Similarly, they created Double-Stimulus Method and Single-
Stimulus Method based on whether reference images were used or not. The
Double-Stimulus Method prompts MLLM to uniformly or actively sample a pair
of images from a set of images for comparison. In contrast, the Single-Stimulus
Method assigns numerical scores based on the classification of image quality
as "poor" or "good". Typically, single stimulus methods are scalable and easy
to implement for MLLM, but may not accurately capture relative mass (Wu et
al., 2024). For example, the early research achievement CLIP-IQA model is an
effective case, which works based on the CLIP model by calculating the cosine
similarity between the image provided by the user and predefined prompts,
using a pair of antonym prompt words to judge the image quality. One of the
prompt words ambiguous prompts is reduced by its antonym. Through the
design of this positive and negative prompt, CLIP-IQA reduces descriptive
ambiguity and exhibits strong generalization (Wang, J., 2023). Nowadays, it is

often used as a baseline for IQA research.

Under the dual stimulation of the limitations of traditional IQA methods and the
rapid development of MLLM, researchers have made new breakthroughs in the
original paradigm of IQA tasks. By using prompt templates to convert annotated
quality scores into semantically rich text descriptions, and fine-tuning the visual
language model to generate textual descriptions of image quality, this method
combines image description generation with language reasoning, and has
shown amazing advantages in fields such as medical imaging (Chen et al.,
2023). The latest benchmark further systematizes these text driven forms,
dividing IQA into three tasks: quality related Q&A ("Is the image noisy? Are the

edges clear?", etc.), quality description (describing the image in natural
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language like humans), and quality assessment (precise assessment
consistent with human opinions), to comprehensively assessment the image

quality perception ability of MLLM (Wu et al., 2023).

In this article, we will transform traditional image quality assessment tasks
cantered around numerical regression or classification into task forms based
on language understanding, text generation, or multimodal reasoning by
introducing natural language prompts, generation, or question answering
mechanisms. Defined as reconstructing image quality assessment into a text
driven task. Text-driven IQA integrates the strengths of human subjective
perception and language modelling, showcasing its unique value. On the one
hand, text cues and question-and-answer formats allow the model to hone in
on human low-level visual perception (such as noise, sharpness, colour, etc.)
and make granular judgments. On the other hand, the descriptive language
output offers richer and more intuitive quality feedback compared to a single
score, enhancing the interpretability of the assessment. These methods align
more closely with human subjective perception mechanisms, enabling joint
modelling of deep semantics between images and text. They demonstrate
enhanced flexibility, robustness, generalization capability, interpretability, and
subjective consistency in complex scenarios, thereby paving new avenues for

objective image quality assessment.

2.2 Traditional Image Quality Assessment Methods:

Represented by NIQE

Objective blind or No-Reference image quality assessment refers to the
process of predicting the perceived quality of a single image without the need

for a reference image. Traditional NR-IQA relies on manually crafted image
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statistical features (such as natural scene statistical NSS) and estimates quality
through statistical models or machine learning algorithms. The only information
received by this algorithm before predicting image quality is the distorted image

being evaluated for quality (Mittal et al., 2012).

In this research, we will use Natural Image Quality Evaluator(NIQE) , a
traditional IQA method, to attempt feature fusion. NIQE is a representative
traditional NR-IQA algorithm proposed by Mittal et al. (2013). It establishes a
statistical model of natural images by extracting NSS features from a large
number of undistorted natural images, and evaluates their quality based on the
deviation between the tested image and the model. The biggest feature of NIQE
is that it does not require any subjective rating training data and is a "completely
blind" quality assessment algorithm.

Other similar methods include:

Perception-based Image Quality Evaluator (PIQE):

Lightweight no-reference image quality assessment method. It divides the
image into blocks and analyses local perceptual features such as edges, noise,
and contrast to identify "distortion blocks" and score them based on their
proportion and degree. PIQE does not rely on training, has high computational
efficiency, and is suitable for real-time or embedded scenarios (Venkatanath N

et al.,2015).

Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE):

A method for evaluating image quality in spatial domain without reference,
relying on natural scene statistics (NSS) modelling. Using locally normalized
brightness coefficient statistics (natural scene statistics, NSS) in the spatial

domain as features, and training a support vector regression model to predict
11



perceptual quality, this method has good subjective consistency in various

distortion scenarios (Mittal et al., 2012).
Blind Image Integrity Notator using DCT Statistics (BLIINDS-II):

A NR-IQA method based on DCT (Discrete Cosine Transform) domain. This
method extracts local frequency domain features of image blocks from DCT
coefficients, fits them to a generalized Gaussian distribution, and further
constructs feature vectors to input into SVR for regression prediction.
Compared to BRISQUE, BLIINDS places more emphasis on frequency domain
statistics and is more sensitive to distortion types such as compression artifacts

(Saad et al.,2012).

However, for now, these traditional NR-IQAs have encountered performance
bottlenecks in dealing with complex and diverse distortions in real images. Due
to limited generalization ability and lack of consideration for high-level semantic
information, their quality prediction accuracy cannot keep up with the demand,
which has promoted the application and development of new methods such as

multimodal learning and deep learning in the field of IQA.

2.3 The Application of Deep Learning in IQA: for example
Deep Bilinear Convolutional Network (DBCN)

Since 2014, deep learning has made significant progress in the field of IQA,
gradually becoming the mainstream method. Compared with traditional
methods that rely on manual feature extraction, deep learning methods have
end-to-end learning and powerful nonlinear modeling capabilities, which can
automatically extract multi-level features related to human perception, thus

more effectively fitting the distorted environment of human vision. For example,
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the CNN based no-reference IQA model directly inputs image blocks into a
convolutional neural network and outputs quality scores, completing feature
learning and regression prediction in a single optimization process, significantly
improving estimation performance (Kang et al., 2014). Deep CNN breaks free
from the limitations of manually designed features and exhibits stronger
adaptability to various types of distortions. In multiple benchmark tests, its deep
feature performance is superior to traditional indicators (Zhang et al., 2018).
Due to the successful application of various CNN technologies in IQA and
remarkable achievements, a series of representative IQA models have
emerged one after another. For example, the NIMA model uses deep CNN to
predict the distribution of subjective scores in images rather than a single score.
This model learns to approximate the human score histogram, greatly
improving the correlation between quality prediction and subjective perception
(Talebi&Milanfar, 2018). Wait, there are countless IQA models, so we will
separately explain Deep Bilinear Convolutional Networks (DBCN) in the

following text.

DBCN is a deep learning architecture that combines bilinear feature interaction
modelling with convolutional neural networks to more effectively capture
complex quality degradation patterns in images. It extracts image features
through two convolutional branches and introduces bilinear interactions during
the feature fusion stage. Specifically, DBCN consists of two convolutional
network streams (a dual-stream architecture): one stream is a CNN pre-trained
on synthetic distortions (S-CNN), used to identify the type and severity of
distortion; the other is a pre-trained image classification CNN (e.g., VGG-16)
used to extract natural content features. Unlike traditional CNNs, which
accumulate features layer by layer through stacked linear convolutional

operations, DBCN employs bilinear pooling to project the features from both
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branches into a unified representation for quality prediction. This bilinear
mechanism is equivalent to computing the outer product of two feature vectors,
explicitly modelling the second-order interactions between the two feature
streams. Therefore, DBCN can capture feature co-occurrence and interaction
patterns that are difficult to model using traditional stacked linear convolutions,
and treats “synthetic distortions” and “authentic distortions” as two interacting
factors, enabling effective representation of complex distortion characteristics

(Zhang et al.,2018).

By utilizing bilinear fusion, DBCN has achieved significant performance
improvements in image quality assessment tasks. The experimental results of
the authors (Zhang et al.,2018) of DBCN show that compared to using only a
single convolutional network, dual-stream DBCN exhibits the best performance
on both synthetic distortion databases and authentic distortion databases,
thanks to the dual-stream architecture used for mutation modeling, pre-training
for better initialization, and bilinear pooling for effective feature fusion. The
author compared different fusion strategies through ablation experiments, and
the results showed that the fusion using bilinear pooling was significantly better
than simple feature concatenation. In testing on large-scale databases such as
Waterloo Exploration, the scalability, generalization, and robustness of DBCN
have been demonstrated. Overall, the bilinear architecture of DBCN effectively
combines both content and distortion information, making it outstanding in
evaluating the quality of complex distorted authentic images and simulating

human visual perception.

In the subsequent development, Transformer architecture has also been
introduced into no-reference IQA to utilize attention mechanisms to model the
semantic content and global dependencies of images. Overall, the IQA model

is undergoing an evolutionary trend from a pure CNN architecture to a fusion of
14



Transformer elements. This development reflects the increasing emphasis of
researchers on simultaneously modelling local details and global semantics of
images. It can be foreseen that the deep learning IQA method that integrates
local and global features has become the mainstream direction and provides

useful reference and inspiration for subsequent research.

2.4 The IQA model based on LLMs: Q-Align

The aforementioned No-Reference Quality Assessment methods have
achieved high accuracy on specific datasets, but they generally suffer from
insufficient cross dataset generalization ability and often lack consistency with
human subjective semantics, making it difficult for them to accurately
assessment new types of content. At the same time, when asked to score, LMM
exhibits behaviour patterns similar to humans. The Q-Bench (Wu et al., 2023)
method proposes using text defined level responses (such as "good/bad") to
enable multimodal large models to output quantifiable quality judgments, while
Q-Instruction (Wu et al., 2024a) enhances the model low-level visual scoring
ability through visual question answering fine-tuning. These are attempts made
by the author to address the challenges of subjective consistency and

generalization across datasets.

To this end, the author proposed a novel Q-Align method (Wu et al., 2024b)
aimed at improving the consistency between model scores and human
subjective assessment through semantic alignment strategies. The core idea of
Q-Align is to simulate the subjective quality assessment process of humans:
during the training phase, the existing MOS continuous scores are discretized
into several quality levels described in text (such as' bad ',' poor ', fair ',' good
"' excellent 'five levels), and these levels are used as quality tokens to construct

graphic instruction pairs for fine-tuning large multimodal models. The model
15



learns to output corresponding quality level labels based on the input image,
rather than directly outputting numerical scores. When reasoning, the
probability distribution of each level is extracted by extracting the model,
simulating manual scoring statistics, and converting the weighted average of

the probabilities of each level into the final quality score.

In terms of model architecture, Q-Align is based on the open-source LMM
mPLUG-Ownl-2 (Ye et al., 2023b) to fully utilize its powerful visual semantic
understanding ability. In order to simultaneously process multiple image
sequences and unify image and video assessments, Q-Align introduces a
visual abstracter to significantly compress the number of tokens per image
(reducing it to 64). This allows the model to input up to 30 images
simultaneously during inference. With this mechanism, Q-Align successfully
unified the three tasks of image quality (IQA), image aesthetics (IAA) and video
quality (VQA) into the same model framework for joint training, that is, the
unified model "One-Align" (Wu et al., 2024b). Therefore, a model can be applied
to quality assessment in different scenarios, significantly improving the

generalization and practicality of the model.

Thanks to the above innovations, Q-Align has higher accuracy compared to all
other pure visual methods, and significantly improves pure visual methods by
more than 10% in cross dataset settings (OOD generalization). Compared with
existing IQA methods, Q-Align can converge with fewer iterations, which means
it only consumes lower training costs. It can be concluded that Q-Align based
on LMM is more competitive under the same data. Moreover, Q-Align has made
breakthroughs in both Image Aesthetics Assessment (IAA) and Video Quality
Assessment (VQA), but the focus of this research is on IQA, which will not be
listed for now. In summary, Q-Align unleashes the potential of LMM in predicting

accurate and robust visual scores, opening up a promising direction for future
16



exploration.

In this research, we use Q-Align as the semantic base, mainly based on three

considerations:

Explainable human-machine interface: Q-Align reconstructs ratings into
predictions at discrete text levels, outputting readable language labels and

confidence levels for easy traceability and analysis;

Structured Adjustable Distribution: The logits/posterior distribution of the model
at the quality anchor provides a natural "modulation signal" for subsequent
fusion, which can be weighted or uncertainty-guided fusion with statistical

features;

Strong baseline and easy integration: Q-Align has competitive performance
across datasets and good data efficiency without changing the backbone
architecture, making it easy to seamlessly integrate with traditional statistical

features.

Using Q-Align as the 'semantic header', combined with NIQE and other
'statistical header', enables us to isolate and quantify the gains of fusion
strategies in subsequent chapters: while keeping the model and prompts fixed,
we can directly measure the gains and interpretability improvements of

statistical inputs on semantic distribution.

2.5 Local feature extraction and fusion of images

In Image Quality Assessment, local feature extraction and fusion techniques
play a key role in accurately evaluating the quality of distorted images. Artificial

distortions are usually uniformly distributed and can be represented by global
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features, while authentic distortions often appear locally and require local
heterogeneous features to capture. Especially in the No-Reference IQA method,
many classic algorithms adopt a local block analysis mechanism, which divides
the image into multiple small regions (image blocks) and extracts the natural
scene statistics (NSS) features of each region to predict local quality (Kang et
al., 2014). The fusion of local and global features in traditional methods has

been proven to be effective.

For example, the "LG-IQA" algorithm uses dual tree complex wavelet transform
to extract multi-scale coefficients from images, and applies local binary pattern
(LBP) to high-frequency sub-band reconstructed images to extract local texture
features. At the same time, global statistical features are obtained by fitting the
generalized Gaussian distribution parameters of wavelet coefficients. Then,
these local and global features were fused, and the AdaBoost BP neural
network was used to learn the relationship between features and subjective
quality scores. The comprehensive perception of quality by HVS was

successfully simulated, and the SRCC reached 0.9387 (HW Chang et al., 2022).

In recent research, multi-scale feature fusion have emerged as key means to
enhance the efficiency of local information utilization. Thanks to the
development of deep learning, multi-scale feature fusion effectively solves the
problem of limited effective information brought by simple addition or
connection of features. After fusing multi-level features, both low-level detail
information and high-level semantic features are introduced to enhance the
predictive ability of image quality, while considering the overall structure and

local details of the image (Lan, X et al.,2023).

The MFFNet method (Zhao et al., 2024) effectively proves this point. The model

runs through two branches, with the main branch responsible for capturing local
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features and global semantic features of the image, providing the basic feature
representation for the model. The sub branch integrates the superpixel
segmentation results that generate corresponding images, thereby obtaining
local visual information. The information generated by the two branches is fused
together, effectively integrating the local details and global features of the image,

and achieving effective improvement in multiple datasets.

In summary, integrating local and global features has become a core strategy
in the field of image quality assessment. From traditional manual features (such
as statistical models) to multi-scale fusion of modern deep networks, in the
future, with the evolution of deep models and the deepening of feature fusion
strategies, NR-IQA is expected to achieve quality assessment results closer to
human vision within a framework that considers both local details and global

semantics.

2.6 Low-level and High-level feature fusion

In the field of image quality assessment, Low-level features typically refer to the
underlying perceptual features of an image, including edges, textures,
gradients, colour statistics, and frequency domain coefficient distributions;
Higher-level features involve more abstract semantic information, such as the
content structure of the image, contextual semantics, and feature
representations extracted through the model. Early no-reference IQA methods
mainly relied on low-level features, such as DIIVINE (Moorthy et al.,2011) using
natural scene statistical features in the wavelet domain to identify distortion
types and assessment quality, or BRISQUE (Mittal et al., 2012) extracting

statistical information of brightness normalization coefficients in the spatial
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domain for quality prediction. This type of low-level feature method can capture
underlying distortions such as noise and blur, but it is often difficult to
characterize the overall perceptual quality of images under complex distortions,

which may differ from human perception.

The motivation for combining low and high-level features for image quality
assessment comes from simulating the human visual system (HVS): the human
eye pays attention to both texture details and the integrity fusion of important
semantic regions when perceiving image quality. Different levels of features
help adapt to complex distortions in the real world - real distortions are often
the result of a combination of multiple factors, requiring both attention to low-
level structural distortions and understanding of image content in order to
accurately assessment them (Han et al., 2022). Therefore, the fusion of low -
and high-level features has become an important strategy for improving the
subjective and objective consistency of IQA algorithms and handling real

complex distortions.

Common feature fusion strategies include the following:

Early Fusion:

Combining low level and high-level features at the front end of the model. For
example, traditional NSS manual features are concatenated with deep
convolutional features in the input layer or shallow convolution, and then sent
together to the subsequent network. The fusion in the same feature space
enables the model to simultaneously obtain details and semantic information
from the beginning, but the design needs to ensure that the scale and semantic

information are aligned.
20



Late Fusion:

Extract low level and high-level features separately, and then fuse the two at
the end of quality prediction. A typical approach is to construct a dual branch
network, with one branch extracting local distortion details and the other
extracting global semantics, and finally fusing features for regression quality
scores through weighted summation, concatenation, or even bilinear pooling.
The aforementioned DBCNN (Zhang et al., 2018) is an early classic method
that combines content semantics and distortion details through a dual branch
structure, and finally combines bilinear pooling to form a unified representation
for predicting quality, significantly improving the quality prediction performance

of synthesized and authentic distorted images

Cross level Fusion:

Introducing interactive fusion of low-level and high-level features at
intermediate levels in the network. By using skip connections or feature
pyramids, shallow detail features are gradually combined with deep semantic
features. This type of multi-scale fusion strategy has been used in IQA models
to capture quality degradation at different distortion scales. For example, the
aforementioned MFFNet (Zhao et al., 2024) backbone adopts a multi-layer
feature fusion module, which combines the fine-grained features extracted by
each convolutional layer by layer to obtain a comprehensive representation

containing rich local details and global structural information.

Attention based Fusion:

Utilizing attention mechanisms to align and weight features at different levels,
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dynamically fusing low - and high-level information. The attention module can
learn which low-level details correspond to important high-level semantic
regions to focus on, thus assigning higher weights during fusion. The Conv
Farmer model (Han et al.,, 2022) is a typical representative. This method
introduces an attention mechanism to adaptively allocate weights based on the
importance of different regions in the image when integrating the detail features
extracted by convolution and the semantic features extracted by Transformer.
The fused features are more in line with human subjective visual perception,

thereby improving the accuracy of image quality prediction.

The fusion of low and high-level features demonstrates significant advantages
in dealing with complex and distorted scenes. Low-level features provide a keen
perception of local distortions, while high-level semantic features provide
discriminative criteria, allowing the model to recognize and understand the
content of the image. Effectively integrating the two not only helps the model
make judgments that are more in line with human subjective assessment in
complex and distorted environments, but also significantly improves the
accuracy and generalization ability of the assessment results. The fusion of low-
level and high-level features has become the mainstream direction for
improving the performance of modern IQA systems, and will play a more critical
role in future image and video quality assessment, as well as multimodal

perception scenarios.

This research explicitly integrates low-level distortion perception (NIQE) with
high-level semantic perception (Q-Align) to compensate for the inherent
limitations of a single path. We believe that the two have complementary

paradigms, so we choose low high fusion mainly based on three points:

Aligning with human perception: simultaneously considering "can see clearly or

22



not" (low-level) and "can understand but not understand" (high-level), which is

closer to subjective MOS grading and scene dependent quality judgment;

Robustness and generalization: Semantic distribution provides content
adaptive modulation, which can improve robustness across datasets/mixed

reality distortions;

Interpretable and decomposable: The statistical and semantic components can
be separated and weighted, making it easy to trace their contributions and

implement fusion strategies.

In terms of implementation, we use the level distribution of Q-Align as the
semantic head and the NSS vector of NIQE as the statistical head to research
different fusion paradigms, in order to verify the empirical value of low-level and

high-level fusion for complex real distortion IQA.

3.Methodology and Experiment

3.1 Dataset: LIVE In the Wild Image Quality Challenge

Database

This research used LIVE In the Wild Image Quality Challenge Database (LIVE
ChallengeDB) as the training and testing dataset for the model. This dataset
comes from the LIVE laboratory at the University of Texas. This database aims
to provide a large number of images with real mixed distortion for more realistic

assessment of image quality algorithms. LIVE ChallengeDB collected a total of
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1162 full resolution colour images with real distortion, all of which were directly
taken by users using various modern mobile devices (such as smartphones,
cameras, etc.) in their daily environments, without any additional artificial
distortion processing, i.e. retaining the original distortion generated by the
devices during the shooting, processing, and storage process. The content of
the images is very diverse, covering rich scenes and objects, such as portraits
of people, multi person scenes, animals, close-up shots, wide-angle
landscapes, natural landscapes, artificial building objects, and even images
without obvious subjects. Each photo is often subject to the combined effects
of different types and degrees of distortion, and the distortion form is usually a
complex superposition of multiple factors. Common examples of distortion
include: blur caused by poor focus or motion, overexposure or underexposure,
lack of shadow details, colour cast, photosensitive noise under low light
conditions, and compression artifacts caused by image compression algorithms.
These real distortion types are randomly interwoven with each other; thus this
dataset faithfully reflects the complex situations faced by modern visual

systems in the 'wild'.

The Images folder in this dataset contains 1162 images, including seven
training images placed in traininglmages. The following shows one image T1
(Figure 1) in the traininglmages folder and one clearly distorted image 161

(Figure 2) in the Images folder.
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Figure 1 T1 images in the trainingimages folder
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7

Figure 2 Images with obvious distortion in the dataset

In terms of subjective quality assessment, the research team utilized Amazon
crowdsourcing system Mechanical Turk to obtain subjective quality scores for
images. Through this very large-scale, months long subjective research on
image quality assessment, the research team collected over 350000 opinion
ratings on image quality from more than 8100 unique human observers. After
viewing a single image, each observer provides an immediate assessment of
the image quality through a continuous rating slider. On average, each image

has about 175 different observers participating in the scoring process. By taking
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the average of all ratings for each image, the researchers calculated the mean
opinion score (MOS) [0100] and the variance of MOS for each image. Although
crowdsourcing experiments cannot strictly control the observation environment
like laboratories, the research team still ensures that the subjective data

obtained has good internal consistency and credibility.

Figure 3 presents the Kernel Density Estimation (KDE) plot of the Mean Opinion
Scores (MOS) for the evaluated dataset. The horizontal axis represents the
MOS values, while the vertical axis indicates the estimated probability density.
The blue curve shows the smoothed distribution of MOS values, The red
dashed line marks the mean MOS, the green dashed line indicates the median,
and the purple dashed line corresponds to the mode, representing the most
frequent score in the distribution. The plot reveals that the MOS values are
concentrated within a relatively narrow range around the central peak,

suggesting consistent subjective quality assessments across the dataset.
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We chose LIVE ChallengeDB as the main assessment dataset, which is based
on real shooting and presents the composite distortion formed by the
combination of device links and scene conditions. This research can
simultaneously leverage the advantages of two information streams: the fine-
grained sensitivity of statistical models (BRISQUE/NIQE) to noise, blur, and
block effects, and the high-level discrimination of subject, saliency, and
composition by semantic models (Q-Align). LIVE ChallengeDB provides
continuous supervision through high-density crowdsourcing subjective scoring
(stable MOS distribution), enabling us to learn scalar quality maps and perform
distribution alignment and uncertainty modulation on Q-Align discrete level
posterior; Its content covers across faces, objects, indoor and outdoor
environments, as well as macro and micro scenes, forcing the model to
adaptively balance between "visible" (low-level) and "understandable" (high-
level) content, thus being closer to human perception. In addition, the
benchmark position of this dataset in the NR-IQA community, along with its
publicly reproducible experimental ecology, makes it easy to quantify net gain
and complete strict ablation and error attribution by replacing only the fusion
device without altering the representation of both ends. In summary, LIVE
ChallengeDB provides a realistic, dense, comparable, and verifiable integrated
testing ground for our "statistical x semantic" fusion framework, making it the
most suitable choice for testing generalization and subjective consistency

improvement.

3.2 Exploratory Baselines

In this section, we will set experimental baselines of NIQE and Q-Align. We will
input the LIVE ChallengeDB dataset into two models and output two criteria for

perceptual quality research, Spearman Order Correlation Coefficient (SRCC)
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and Pearson Linear Correlation Coefficient (PLCC), which will serve as

experimental baselines in subsequent fusion experiments.

3.2.1NIQE

As mentioned earlier, NIQE is a classic completely no-reference image quality
assessment model, whose core idea is to use the statistical laws of natural
images to evaluate the quality of distorted images. It belongs to the blind quality
assessment method of "opinion unaware, distortion unaware" (OU-DU), which
does not require any subjective rating data of distorted images or prior
knowledge of distortion types during the model construction process, and only
relies on contact with natural source images or image models to guide the QA
process. As the "statistical header" of the fusion model in this research, NIQE
plays an important role in extracting low-level statistical features of images.
Although its performance as a standalone model on IQA is not as good as most
emerging models, we still use it as the baseline for this experiment. In the
following text, we will describe in detail the principle of the NIQE model.
However, since NIQE is already a mature model that has been widely input into

Python libraries, we may not present the specific implementation code of NIQE.

NIQE achieves quality assessment based on extracting spatial domain Natural
Scene Statistics (NSS) features from local image blocks. The feature extraction

and calculation process include the following steps

Image block partitioning: Divide the image to be evaluated into several fixed
sized sub image blocks (patches). In typical implementations, block sizes such
as 96 x 96 pixels are used. Then, priority is given to selecting the image blocks
with the richest information and less likely to be affected by extreme distortion

from a set of natural image blocks for modelling
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Local mean removal and division normalization: Perform local mean removal
and standard deviation normalization on each image block to convert pixel
values into normalization coefficients. The specific formula is:

s 1(,j) — p(@,j)

1G)= —F/—=F—+

o(i,j)+ C

Among them, u (i, j) and o (i, j) $are the local mean and standard deviation
cantered around (i, j), respectively. The MSCN coefficient image obtained from
this process has zero mean and unit local variance, which normalizes the
differences in brightness and contrast between different images. For images

with minimal natural distortion, these MSCN coefficients reliably follow a

Gaussian distribution.

First order statistical feature extraction: On each normalized image block, the
intensity distribution of MSCN coefficients is calculated as a first-order statistic
(denoted as a, o). Generally, Generalized Gaussian Distribution (GGD) is used
to fit these coefficients, which reflect the shape (sharpness, tail thickness, etc.)
and dispersion of the MSCN coefficient distribution, forming the first-order

statistical feature vector (2 dimensions per scale) of the image block

Second order statistical feature extraction: In NIQE, second-order statistics are
obtained through local pairwise product maps, which calculate the product of
MSCN coefficients and their adjacent pixels to capture the correlation between
local structure and texture. Its distribution is usually modeled using Asymmetric
Generalized Gaussian Distribution (AGGD), where parameters are extracted
from the product of four directions (horizontal, vertical, main diagonal, and sub
diagonal) to obtain a total of 16 dimensional second-order features. These
features are then combined with the 2D first-order features obtained from GGD

fitting to form an 18-dimensional NSS feature vector at each scale; Usually, the
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above process is repeated twice at a down sampled image scale, and each

image obtains a 36-dimensional feature vector for quality assessment.

Natural Image Reference Model: (Multivariate Gaussian Model) NIQE utilizes
the extracted NSS features from undistorted natural images to construct a
reference statistical model. Specifically, a large number of high-quality natural
image feature vectors are collected and fitted using multivariate Gaussian
distribution (MVG) for modeling. The mean vector v and covariance matrix ) of
the MVG model can be obtained through maximum likelihood estimation. This
MVG model characterizes the joint distribution of natural image NSS features,

known as the "reference model for natural image statistics".

—;x _1( — Tz—l( _
fX(xl""'xk)_(Zﬂ)k/2|2|1/2 exp| =5 (x V) X —V)

NIQE score calculation: NIQE evaluates distorted images by calculating 36
identical NSS features in blocks of the same size. After extracting features from
all blocks of the distorted image, an MVG model can be fitted to obtain the mean
vector v and covariance matrix > of the image features. Finally, the NIQE quality
index is obtained by comparing the MVG model of the distorted image with the
previous natural image reference MVG model and calculating their distance in
the feature space. Finally, the quality of the distorted image is represented as
the distance between the quality aware NSS feature model and the MVG fitting

of the features extracted from the distorted image:

X+ 2,
2

D25 = |@r =) | (5] a-w)

The NIQE score is the distance D mentioned above: the larger the value, the

more obvious the deviation of image features from the natural distribution and
31



the poorer the quality; On the contrary, the lower the score, the closer the image
is to the statistical features of natural images and the higher the quality. Due to
the fact that NIQE outputs a quality score without a reference, its range has no
fixed upper limit but is generally non negative, and does not require any training

mapping with subjective scores.

3.2.2Q-align

Similarly, we have also discussed Q-Align before. Q-Align is the cornerstone
model of this research, and whether the research results can surpass the Q-
Align model is one of the important assessment criteria for the success of the
research. Therefore, in this section, we will use Q-Align as a baseline to explain
the process. The core idea of Q-Align is to transform traditional image quality
assessment from numerical regression to semantic level alignment tasks.
Previous image quality assessment (IQA) methods typically regress directly to
a continuous score (such as mean subjective opinion score MOS), but Q-Align
observed that human judges only need to learn and judge discrete text grades
in subjective quality assessment, rather than precise numerical values (Wu et
al., 2023). Therefore, Q-Align simulates this subjective process by using
predefined natural language quality level labels (such as' bad ', poor ', fair ',
good '’ excellent ') instead of directly predicting numerical scores. This
approach is more similar to the way humans behave in the real world, outputting

and evaluating language level labels rather than an isolated numerical value.

Unlike traditional IQA models that directly output a continuous score, Q-Align
outputs the probability distribution for each discrete anchor point. The model
generates logits on pre-defined quality level words through its language
decoder, and after softmax normalization, forms probability estimates for each

level. These softmax probabilities reflect the model confidence level that the
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image belongs to each quality level. In the inference stage, the probability
distribution can be converted back to the final score by simulating the process
of human MOS aggregation: first, a corresponding score is pre-set for each
level (for example, assigning values from 1 to 5: "bad"=1, "poor"=2, “fair"=3,
"good"=4, "excellent"=5) and then the model predicted level probabilities are

weighted and averaged to obtain the estimated score of the model:
Score =5-i= 12 Spi - wi € [1,0.75,0.5,0.25, 0]

Where pi is the prediction probability of the model at the i th quality anchor point.
It transforms the model predictions of discrete quality levels into weighted
values, allowing for the generation of a continuous score using WA5 (Weighted

Average over 5 anchors).

There are two perspectives for model assessment : (1) classification accuracy
perspective: directly comparing the highest probability level output by the model
with the degree of matching between the artificial discrete labels. (2) Numerical
regression perspective: Compare the estimated score obtained by weighting
the model output probability with the original MOS, and calculate commonly
used correlation coefficient indicators (such as SRCC, PLCC) to evaluate
performance. Thanks to the discretization strategy, Q-Align effectively aligns
human assessment criteria through language level labels during training, and
can directly output interpretable level results during testing, or convert them into

numerical values to meet traditional assessment criteria requirements.

3.3 Preliminary feature fusion

This research was evaluated on LIVE ChallengeDB, a dataset containing 1162

distorted images and their subjective rating MOS. The tag file provides fields

33



name and mos, where name corresponds one-to-one with the base name of
the image file. Unless otherwise specified, all experiments were cross validated

on the complete training set and no external data was used.

The Q-Align author suggested running the experiments on a single NVIDIA RTX
3090 (24GB VRAM), but our equipment did not meet the recommended
experimental requirements, making the Google Colab cloud computing platform
an ideal choice for completing this task. All experiments were conducted in a
Google Colab single card environment using NVIDIAA100 GPU (A100 instance
provided by Colab). Avoid situations where the local computer cannot run due

to insufficient resources.

3.3.1Initial attempt: Direct feature fusion between NIQE and

Q-ALIGN

After verifying the ability of NIQE and Q-ALIGN as no-reference IQA models,
we first proposed a simple fusion strategy: concatenate and merge the NSS
features extracted from NIQE and the semantic features extracted from Q-Align
to form a fusion vector. Support vector regression (SVR) was used for fivefold
cross validation, and finally Spearman correlation (SRCC) and Pearson

correlation (PLCC) were obtained.
NIQE

In the previous section, we briefly described the principle of NIQE, and we know
that the standard process of NIQE extracts NSS features at two scales: 18

dimensions per scale, and a total of 36 dimensions for both scales.

First order statistic (GGD fitting of MSCN) performs local mean removal and
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standard deviation normalization on grayscale images within Gaussian

windows to obtain MSCN coefficients:

T

Among them, y, o are the local mean and standard deviation, and C is a small
constant. Fit the histogram of MSCN coefficients for each scale using
generalized Gaussian distribution (GGD) and obtain the shape parameter a and

scale parameter o (a total of 2 dimensions).
Second order statistics (AGGD fitting of adjacent products)

To characterize local structural correlations, calculate the adjacent products of

MSCNs in four directions:
H=10)I3j+1),
V=I0NIGE+1,)),
D, =10 )NIE+1,j+1),
D, =10, )H)IG{i+1,j—1)

The distribution of these products is fitted using Asymmetric Generalized
Gaussian (AGGD), with four parameters obtained for each direction: shape v,

left-right scale o;, o,, and mean n. Among them, n can be given by the

following equation:

r(2/v)
r(1/v)

n= (Gr _Gl)

There is a total of 16 dimensions in all four directions. Therefore, the first order
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statistics of the NSS features at each scale use the GGD two parameters (a, o)
of MSCN, while the second order statistics use the AGGD four parameters (v,
ol, or, n) of adjacent products. Each scale has a total of 18 dimensions (2+16),

and the two scales have a total of 36 dimensions:

Dper—scate =2 +4X4=18, Dy =185=36 (S=2)

In the previous section, we conducted a baseline experiment for NIQE using
the official NIQE method from the pyiqga library. However, in this section, for the
convenience and reproducibility of the experiment, we obtained the
implementation source code of NIQE on
GitHub(https://github.com/guptapraful/niqe) and made modifications under the
guidance of a CSDN
website(https://blog.csdn.net/weixin_4560557 3/article/details/134631294) post
to make it run on Google Colab. To verify the influence of different feature

dimensions, we will conduct separate experiments on 18 and 36 dimensions.

The figure 4(appendix) Showcased the code blocks for implementing NIQE: To
ensure consistency with NIQE's NSS modelling, we perform unified
preprocessing on each image in the dataset: traverse all files in the root
directory of the data in order, read them using PIL, and convert them into a
single channel brightness map (8-bit grayscale, convert('L')), Then feed the
obtained two-dimensional array into the NIQE routine to calculate MSCN and
related NSS features. Feature extraction is performed at two scales: on the
original resolution MSCN image, it is segmented into non overlapping 128 x
128 grids, and on the 0.5 x down sampling scale, it is segmented into non
overlapping 64 x 64 grids; To avoid creating half blocks, the edges will be
trimmed to an integer multiple of the block size. We extract single-scale NSS

features for each block, then perform mean aggregation at the block dimension,
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and concatenate at two scales to obtain a 36-dimensional image level
descriptor. The extracted 36-dimensional NIQE features, along with their
corresponding image file names, are summarized in a table by row and

exported as nige_features.xIsx for reuse in subsequent experiments.

Q-Align

Q-Align is the semantic part of our feature fusion IQA model, but we have not
made many changes to this part. Q-Align serves as a semantic quality evaluator,
targeting five quality anchor points (excellent/good/fair/poor/bad) for
discrimination. For the input image, the model generates 5-dimensional logits

Z€R® and a softmax probability peR®:

The figure 5(appendix) Showcased the code blocks for implementing Q-Align:
We perform no-reference image quality assessment (IQA) based on Q-ALIGN.
For all images in the root directory of the data, load them first and fill them with
equilateral colours according to the mean value to obtain square input. Then,
standardize them using the official image processor and convert them into
tensors to complete forward inference under FP16. The inference uses a fixed

IQA prompt word

"User: How would you rate the quality of this image?<| image |>ASSISTANT:

The quality of the image is",

and the model calculates logits for the five quality anchor words {excellent, good,
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fair, poor, bad} at the last position; The 5-dimensional distribution obtained
through softmax is used as the image level quality vector. For the convenience
of subsequent fusion and statistical analysis, we have compiled the 5-
dimensional vectors (feature1-feature5) along with the image file names into a

table and exported it as qalign_features.xlsx for future reuse.

After completing the feature extraction without reference (Q-Align semantic
features and NIQE statistical features), the two are concatenated by dimension
to obtain the fusion vector x that constitutes the sample. The regression
objective is subjective rating MOS. To eliminate dimensional differences and
stabilize the numerical behavior of the kernel method, we use StandardScaler
(zero mean/unit variance) in the first layer of the training pipeline. The
standardizer only fits within the training fold and then applies it to the validation
set of that fold to avoid information leakage. Adopting fivefold cross validation
(fixed random seeds) to robustly estimate generalization performance. On each
fold, we complete standardization and model selection within the training subset,
and generate predictions for the reserved subset of that fold; Finally, each fold
prediction is concatenated into a vector in the order of the samples for unified
scoring. The model quality is quantified by SRCC and PLCC; In practical
applications, SVR shows stable performance in capturing structure sensitive
degradation such as ringing, over sharpening, and block effects; This type of
detail distortion often exceeds the sensitive range of pure semantic scoring, and
NIQE statistical features are particularly sensitive to this phenomenon of
"deviating from natural texture/correlation". Complementarily, Q-Align semantic
anchor provides a more direct characterization of the overall content and
perceived quality level, and the fusion of the two can enhance the stability of
SRCC/PLCC under multiple types of real distortion conditions. Anchoring the

baseline on interpretable statistical IQA (NIQE) and then fusing it in parallel with
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semantic guided Q-Align to form a complementary "statistical semantic"
approach. The two scale NSS features strike a balance between spatial

sensitivity and robustness, while SVR (RBF) provides smooth nonlinear

mapping.

For each image in the LIVE ChallengeDB dataset, we extract and fuse two

types of reference free features:

® The NSS features of NIQE: single scale 18 dimensions and dual scale 36
dimensions (default reported 36 dimensions). The deviation degree of the
feature encoded image from the natural scene statistics under distortion
such as noise, blur, and compression.

® Q-ALIGN semantic anchor probability: Output 5-dimensional softmax
probability vectors, representing the model confidence in the quality anchor

points {excellent, good, fair, poor, bad}

Concatenate the two dimensions to obtain a unified fusion vector: 41
dimensions (36+5); In the case of a single scale, it is 23 dimensions (18+5).
Subsequently, MOS was used as the regression target, and support vector
regressor SVR (RBF kernel) was trained and evaluated under fivefold cross
validation. Spearman correlation (SRCC) and Pearson correlation (PLCC) were

mainly reported (with RMSE, MAE, and R? provided as supplements).

3.4 Feature fusion processed by autoencoder

Autoencoder is a common unsupervised learning neural network structure used
to learn effective representations of data and perform dimensionality reduction.
It consists of two parts: an encoder and a decoder: the encoder is responsible

for mapping high-dimensional input to a low dimensional latent space, while the
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decoder reconstructs the original input as much as possible based on this latent
representation. By minimizing the difference between input and reconstructed
output to train the model, autoencoders can automatically capture and extract
the main features of input data, resulting in a compact feature representation.
Autoencoders have better interpretability in feature selection and extraction. If
the error is minimized, the autoencoder algorithm can be considered a good

solution (Li et al., 2023).

Network Structure and Training Process

Network architecture: Encoders typically consist of multiple fully connected
layers (Linear) and non-linear activation functions (ReLU), which map input
features layer by layer to a potential low dimensional space; The decoder
adopts a symmetrical network structure to reverse map the latent
representation back to the same dimension as the original input. This bottleneck
structure (where the potential spatial dimension is lower than the input
dimension) forces the model to compress input information, achieving data
compression and dimensionality reduction, which is a black box process with

limited interpretability.

Model training: The training process adopts an unsupervised approach,
optimizing network parameters through backpropagation and gradient descent
to minimize reconstruction errors. The encoder and decoder weights can be
adjusted without the need for additional labels. After training, the autoencoder
can learn the most representative features for feature selection and important
feature extraction. By using the encoding layer of the autoencoder as a feature
extractor, a feature set can be obtained that compresses the original data while
preserving the main information. In addition, autoencoders are often used in

scenarios such as data denoising, compression, and anomaly detection - by
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learning the distribution of normal samples, the model can reconstruct normal
data well, while generating significant reconstruction errors for abnormal

samples, thus enabling anomaly recognition.

In subsequent experiments, we will use autoencoders to perform unsupervised
dimensionality reduction on NIQE features. Autoencoders can compress high-
dimensional NIQE features (36 dimensions) into compact latent
representations of lower dimensions (8 dimensions) while preserving the core
information of the input data as much as possible. This can significantly reduce
feature redundancy and improve computational efficiency, providing more
compact and meaningful feature representations for subsequent image quality

assessment or classification tasks.

In this experiment, we first use the 36 dimensional statistical features extracted
by NIQE as the input of the autoencoder. The data comes from the Excel file
generated by NIQE feature extraction. The first column of the file is the image

sample name, and columns 2-37 are the corresponding NIQE features.

The autoencoder adopts a fully connected bottleneck structure. The encoder
part consists of three layers of linear mapping: first, the input 36 dimensional
vector is mapped to 64 dimensions, then to 32 dimensions, and finally
compressed to latent dimension representation. ReLU activation and Batch
Normalization are added after both 64 and 32 layers to enhance the non-linear
expression ability of the model and stabilize the training process. The decoder
structure is symmetrical with it, ultimately restoring the latent dimensional
representation to the same 36 dimensional reconstructed vector as the input.
The potential dimension can be adjusted, and in this experiment, it is set to 8

dimensions for compressing and representing NIQE features.
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During the training process, mean square error (MSE) is used as the
reconstruction loss function, and Adam optimizer (learning rate 1e-3, weight
decay 1e-5) is employed for parameter updates. The batch size is 64 and the
maximum number of training rounds is 20. To prevent overfitting, the data is
divided into a training set and a validation set in a 9:1 ratio, and an early stop
mechanism is triggered when the validation loss does not improve for 30
consecutive rounds. All experiments were fixed with a random seed of 42 and

run on a GPU.

In the specific experimental process, first read and preprocess the features from
the Excel file, then construct the dataset and complete the training and
validation set partitioning. During the training phase, the input features are
compressed into latent spatial representations through an encoder, and then
reconstructed into the original features through a decoder. The loss function
calculates the mean square error between the input and the reconstruction, and
updates the parameters through backpropagation based on this. During the
training process, we monitor the validation set loss in real-time and determine
the optimal model through an early stopping strategy. After completing the
training, use the trained encoder to infer the entire dataset and extract low-

dimensional representations from the latent space.

In the end, we obtained a new low-dimensional feature representation table.
This table retains the sample names of the original images and adds K latent
features (denoted as ae_feature1 to ae_feature8) after them, saving them as
ae_8d_features.xIsx. At the same time, the experiment also plotted the loss
curves of the training and validation sets, demonstrating the convergence trend
of the model during the training process. Through this process, the original 36-
dimensional NIQE features were successfully compressed into a more compact

latent representation, laying the foundation for subsequent fusion with Q-Align
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features.

Figure 6 shows the trend of MSE loss between the training and validation sets
of the autoencoder over 20 training cycles. It can be observed that the loss
rapidly decreases in the early stages of training (epoch 0-3), indicating that the
model has learned most of the feature compression and reconstruction patterns
in a short period of time. Subsequently, the loss value gradually stabilized and
eventually converged to around 0.11 and 0.07 on the training and validation
sets, respectively, indicating that the model has good fitting ability and
generalization performance. In addition, the validation set curve is consistently
lower than the training set curve, indicating that there is no significant overfitting
phenomenon in the model under the current data size and hyperparameter
settings. This result verifies that the designed autoencoder can effectively
extract low dimensional representations of NIQE features, providing a stable

encoding space for subsequent feature fusion experiments.
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Figure 6 Autoencoder Training and Validation Loss Curve
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Autoencoder specific implementation details:

1a

14 INPUT_XLSX
15 SHEET_NAME
16 QUTPUT_¥L5X = “/content/drive /MyDrive/src/nige—master/ae Bd features. xlsx”

17 BATCH_SIZE = 64

18 LR = 13

19 EPOCHS = 20

200 PATIENCE = 30 # Early—=stopping patience
21 VAL _RATIO = (.1 # TValidation split ratio
22 WEIGHT DECAY = le-8

23 SEED = 42

24 ¥
28 trainMsE=[]

26 walMsE=[]

27 NIQE_AE=R

28 def =et_seed(seed=42) :

29 random. seed(seed) ;  np. random. seed(zeed)

“feontent/drive/MyDrive /src/nige—master mige features. xlax”

an torch. manual_seed(seed); torch.cuda. manmal seed_allizeed)

31

# input Excel filename

0 # Worksheet namefindex; 0 indicates the first sheet

Figure 7 Define the global configuration and reproducible settings for

autoencoders.

The code block in Figure 7 is used to define the global configuration and

reproducible settings of the autoencoder. The parameter settings are

determined based on the loss curve graph by continuously trying different

parameters.
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32 clazs  AutcEncoder (nn. Module) :

KK def  init  (zelf, in din=36, latent dim=NIGE AE) :
a4 super ().,  init [}

a5 gelf.encoder = nn. Sequentiall
36 mn. Linear (in dim, 641,
ar nn, ReLUT(),

Ktat mn. BatchNormldif4),

35 mn. Linear (Ad, 327,

40 nr. RelTT0),

41 mn. BatchNorml1d(32),

43 #nn. Linear (32, 16),

43 ##rm. ReLU(),

44 #finm. BEatchform1d (16,

45 mn. Linear (32, latent_dim)
46 )

47 zelf. decoder = nn. Sequentialf
48 mn. Linear (latent dim, 32),
45 nn. RelLU (],

a0 #fnn. Linear (16, 32,

al ##rm. ReLU(),

52 mn. Linesr (32, 647,

a3 nn, ReLUT(),

a4 mn. Linear (64, in dim) #
a5 J

a4l

a7 def forward(zelf, =x):

et z = zelf.encoderix)

oG x_hat = zelf.decoder(z)

all] return x_hat, =

Fil

Figure 8 Implementation of Fully Connected Bottleneck Autoencoder

The code block in Figure 8 corresponds to the encoder and decoder parts
mentioned earlier, using a symmetrical fully connected bottleneck structure.
The encoder is 36 — 64 — 32 — 8, the decoder is mirrored. Defined the
hierarchical structure of autoencoders. The forward method first encodes the
latent variable z, then decodes and reconstructs x *, and returns both
simultaneously to complete the forward calculation for training and inference

purposes.
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62 def load data(input_xlsx, sheet name=0):

63 df = pd.read_excel(input_xlzx, sheet_name=sheet_name)
A4 names = df.ilocl[:, 0].astypelstr).fillna(™")

k] ¥ = df.ilecl: 1:].to_numpy(dtype=float) # Select columns 2-—37 (38 dimensions total)
[als}

a7 # Missing walue imputation + standardization

fat] imputer = SimpleImputer (ztrategy=median”)

[alz] ¥_imp = imputer.fit_transform(X)

0 soaler = StandardScaler()

71 ¥_scaled = scaler.fit_transform(¥_imp). astype (np. float32)
T2

T3 return names, #%_scaled

Figure 9 Data reading and preprocessing functions.

The code block in Figure 9 is used for data reading and preprocessing. The
sample name (column 1) and 36 dimensional NIQE features (columns 2-37)
are read from Excel, and the features are first filled with median missing values
and then standardized. Finally, names and the standardized feature matrix

X_scaled are returned.
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75 def  train_autoencoder (H_scaled, device):

6 tensor = torch. tensor(¥_scaled, dtype=torch.float32)

77 dataset = TensorDataset(tensor)

i

] # Split into trainfvalidation

a0 n_total = leni(dataszet)

B1 nwval = max(l, int(n total * VAL RATIO])

82 n_train = n_total - n_wval

83 train_set, wal _set = random_split(dataset, [n_train, n_wall, generator=torch.Generator().manual seed(SEED))
84

85 train_loader = Dataloader (train set, batch_size=BATCH_SIZE, shuffle=True, drop_last=False)
86 val loader = Dataloader(val set, batch size=BATCH SIZE, shuffle=False, drop_last=False]
87

88 model = futoEncoder (in dim=36, latent din=NIQE_4E). to(device)

o] optimizer = torch. optim ddamimodel.parameters(), I1r=LR, weight_decay=WETIGHT_DECAT)
) criterion = nn.MSELoss()

91

92 best_val = float("inf”)

93 best_state = HNone

G4 patience_cnt = 0

L

L] for epoch in range(l, EPOCHS + 1):

g7 model. train()

98 train_loss = 0.0

et} for (batch,) in train loader:

100 batch = batch. to(device)

101 e, e, el

102 recon, _ = model(batch)

103 loss = criterionirecon, batch)

104 loss. backward ()

105 optimizer. stepl)

106 train_lozs += lozs.item() * batch.size(0)

107 train_loss /= n_train if n_train > 0 else 1.0

108

109 # Validation

110 model. eval ()

111 val_loss = 0.0

112 with torch.no_grad():

113 for (bateh,) in val_loader:

114 batch = batch. toldevice)

115 recon, _ = model(batch)

116 lozs = criterion(recon, batch)

117 val_loss += loss.item() * batch. size(D)

118 wval_loss /= n_val if n_wval > 0 =zlse 1.0

119

130 8 Boly ooy

121 improved = wal_loss < best_val - 1le8

122 if  improved:

123 best_val = val_loss

124 best_state = lk: w.epull.clomel) for kv in model. state_dict().items()}
125 patience_cnt = 0

126 else:

127 patience_ent += 1

123 trainMSE. append (train_loss)

129 valMSE. append (val_loss)

130 if epoch % 2 = 0 or epoch = 1:

131 print (f"[Epoch  [epoch:03d}]  train loss={train loss:.6f} val_ loss={val_loszs:. 6f] "#  if inproved else '717)
132

133 if patience_cnt »= PATIENCE:

134 print (f"Early stopping trigzered {patience=[PATIENCE}} o 7}
135 break

136

137 if best_state iz not None:

133 model. load_state_dict(best_state)

139 model. eval(]

140 return model

141

Figure 10 Training and validation process

The code block in Figure 10 illustrates the training and validation process of the
autoencoder. Divide the standardized 36 dimensional features into 9:1 for
training/validation and construct a DatalLoader (training set shuffle); Instantiate
AutoEncoder (36 — 64 — 32 — later) and minimize the reconstruction MSE

using Adam (Ir=1e-3, wd=1e-5); Calculate the train/val loss on an epoch-by-
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epoch basis, enable early stopping (patience=PATIENCE) and optimal weight

caching, and reload; Simultaneously record trainMSE and valMSE to draw

curves, and finally return the optimal model for the validation set.

142
143
144
145
146
147
143
14%
130
131
152
1533
1534
155

def extract latent(model, ¥ _scaled, device):
with torch.no_grad():
x = torch. tensor (¥_scaled, dtype=torch.float3Z, device=device)
# Encoder—-only (skip decoder)
z = model. encoder (x). cpufl). numpy ()
return =z

def save to excel(names, I, output xlsx):
cols = ["name”] + [f7as_featurel{il” for 1 in rangell, NIQE_AE+11]
df_cut = pd.DataFrame(Z, columns=cols[1:]1)
df _out. insert(d, “name”, names.wvalues if haszattr (names, “wvaluez”) elze names)
df_out. to_excel loutput_xlzx, index=False)
print (f “zaved: {os. path. abspath (output_xlsx) ™)

Figure 11 Feature extraction and export

The code block in Figure 11 shows the final feature extraction and export. The

extract_latest method uses a trained encoder to extract an 8-dimensional latent

variable z from the entire sample. The save_to_excel method exports the image

name and 8-dimensional features to Excel (ae_feature1. 8) for subsequent

fusion and replication experiments.

The specific code is too long, so we will present it in sections in the appendix.

After introducing autoencoders, each image we have now:

Q-Align semantic anchor probability: Output 5-dimensional softmax
probability vectors, representing the model confidence in the quality anchor
points {excellent, good, fair, poor, bad}

Autoencoder compression: The features extracted by NIQE are
compressed by an autoencoder and output as an 8-dimensional vector,

concentrating information on distortions such as noise, blur, and
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compression.

By connecting these two dimensions, a unified fusion vector is obtained: 13
dimensions (8D+5D). Compared with the early 41-D fusion, the new vector is
more compact and balanced, reducing the risk of one dimension occupying too

much space.

NIQE
Autoencoder

statis
T feature = -
atistica A Wo scales
feature oraling36 L L 0k octones| DeeP Leaming e D Training: 8-D latent
extraction imensi ey vecter™ {Autoencoder) MSE + Adam features
(NIQE) SR s fearure
statistical
ature

extraction

input

images
(LIVEC)

Output
o Support Vector Fivefold :

. ion (SVR, RBF cross
Kernel) validation

indicators
SRCC/PLCC

Figure 11 Project Framework Flowchart
The flowchart in Figure 11 shows the entire process of the IQA task in this
research. Firstly, input 1162 images from the LIVEC dataset, which comes with
MOS values corresponding to the images. The image enters two parallel
branches at the same time, one of which is the statistical branch (NIQE): the
image is grayscale and MSCN coefficients are calculated. The first-order (GGD:
a, o) and second-order (AGGD: v, o;, o,,n) statistics of adjacent products in
four directions are fitted, and a total of 36 dimensional NSS features are
obtained at two scales. These NIQE vectors are further fed into the Autoencoder,
which outputs a more compact 8-dimensional vector for denoising and
nonlinear compression. The other side is the semantic branch (Q-Align): By
using preset prompts for inference, a 5-dimensional softmax probability vector
is obtained. Subsequently, the 8-dimensional vector of AE is concatenated with
the 5-dimensional probability of Q-Align in the feature dimension to form a

fusion vector. After standardization, it is input into support vector regression
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(SVR, RBF kernel) for learning. Training and evaluation are conducted using
five fold cross validation, and the final output includes predicted quality scores
and indicators such as SRCC/PLCC. This pipeline enables low-level natural
statistics and high-level semantic anchors to work together in a unified
representation space, achieving more robust correlation and linear consistency

in complex distortion scenarios.

4.Experimental results and evaluation

4.1 Baseline results

In Section 3.2, we set the experimental baseline and will present the baseline

results in this section

4.1.1NIQE

On the LIVE ChallengeDB dataset, we used pyiqa to calculate NIQE metrics
and evaluated the correlation between the results and MOS. Due to the
negative correlation between NIQE score and quality, we also reported the
correlation between the original value and the inverse value (- NIQE). The
results showed that the SRCC of the original NIQE was -0.450, and the PLCC
was -0.480; After reverse processing, the sign of the correlation coefficient
remains consistent (SRCC=0.450, PLCC=0.480). This indicates that NIQE can
capture trends in both real distortion and subjective ratings, but there are still

significant performance bottlenecks in complex distortion scenarios.

For the convenience of subsequent analysis and model comparison, this

research organized the image path, size information, subjective quality score
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(MOS), and NIQE baseline results of the LIVE ChallengeDB dataset into a
structured CSV file. The meanings of the fields in each column of the table are

as follows:

Image: The absolute path of the image, used to directly access the original file.

Filename: A file name without a path, which facilitates index matching between

datasets and annotation tables.

Width and height: The original width and height of an image (in pixels), used to

analyze the impact of resolution on quality assessment.

MOS: The Mean Opinion Score provided in the dataset reflects subjective

quality assessment results, with higher values indicating better quality.

Nige_raw: The raw score calculated by NIQE, a no-reference image quality
assessment method based on natural scene statistics (NSS). The lower the

value, the better the quality.

Nige_ quality: The score obtained by taking negative nige_ raw and keeping it
consistent with MOS in the numerical direction (the higher the value, the better

the quality), which facilitates correlation analysis.

Mos_rank: Ranking by MOS from high to low (1 represents the highest score),

used for ranking consistency testing.

Nige _quality_rank: The ranking in descending order of nige_quality,

corresponding to the quality ranking results predicted by the model.

Abs__error: The absolute error between nige_ quality and MOS, used to analyze

the degree of difference between predicted and true scores.
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Sq_ error: Square error, calculated as (nige_quality mos) * 2, can be used to

calculate statistical indicators such as mean square error (MSE).

This structured data record not only facilitates the subsequent drawing of
scatter plots, calculation of correlation coefficients (SRCC, PLCC) and other
assessment indicators, but also supports extended experiments such as error
distribution analysis and resolution grouping analysis, providing sufficient
baseline reference for comparing the effectiveness of feature fusion models,

Figure 13 shows the first ten rows of the CSV results.

11010 of 1169 entries [ Fitter | (0

image filename width height mos nige_raw nige_guality mos_rank  niqe_quality_rank abs_error sq_error

DB_ 72bmp 72bmp 500 500 6511111111111 1.744240621525862  -1.744240621525682  457.0 10 66.85535173263699 4469 6360552946075
Drive/ChallengeDB_ 560G 560.JPG 500 500  48.69948186528497 2.042192210969655  -2.042192210969655  794.0 100 50.741674076254625  2574.717483060851

DB_ 1562.0PG  562JPG 500 500 50 24 2472 755.0 100.0 52.7321855568040314  2780.6833937275956
Drive/ChallengeDB_ 1230bmp  239bmp 500 500  3497584541062802 5595243133901851  -5595243133901851  1168.0  1000.0 9.092827674964653  82.67951512660309
DB_ 1294bmp  294bmp 500 500  12.83435582822086 5.60046921176582  -560046921176562 11240 1001.0 18.43482503998668  339.8427742549199
Drive/ChallengeDB_ 1/968.PG  968.JPG 500 500  65.03947368421052 5.600832845905651  -5600832845905651  460.0 1002.0 70.64030853011618  4990.052906663774
DB_ 1974.0PG  974JPG 500 500  69.61349693251533 5.601452796744687  -5.601452798744687  343.0 1003.0 75.21494973126002  5657.288663075972
Drive/ChallengeDB_ 1/927.0PG 927.JPG 500 500  57.72192513368984 5.608044971697435  -5608044971697435  623.0 1004.0 63.33087010538727  4010.799108305435
DB_ 660G 660.JPG 500 500  63.54320987654321 5.610619365847147  -5.610619365847147  493.0 1005.0 69.15382924239036  4762.252098865684

Drive/ChallengeDB_ /706G 706.JPG 500 500  45.56896551724138 5.617271613714712  -5617271613714712 8340 1006.0 51.186237130956094  2620.0303716264685

Show [10_v|per page 1] 2 0 d00  to 17

Figure 13: NIQE baseline csv

4.1.2Q-ALIGN

On the same LIVE ChallengeDB dataset, we use the Q-Align model to infer all
images with MOS annotations, generate continuous quality scores, and
calculate the consistency index with MOS. The results showed that the SRCC
of Q-Align was 0.8813, and the PLCC was 0.8937, (SRCC=0.8813,
PLCC=0.8937) significantly higher than NIQE. This indicates that the language-
guided multimodal reasoning framework has stronger generalization ability and
correlation performance in dealing with real complex distortions, integrating
semantic information and perceptual features. We input all images with MOS
annotations in the LIVE ChallengeDB dataset into the Q-Align model, generate
predicted continuous quality scores, and save them as

galign.livec_results_automodel.csv (Figure 14 first ten rows). This table
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contains four columns:

Image: The complete path of the image, pointing to the actual file location in

Google Drive.

Filename: The image file name (excluding path) for easy matching with MOS

files.

MOS: Subjective Opinion Score from the LIVE ChallengeDB dataset, ranging

from 0 to 100, with higher values indicating better subjective perceived quality.

Qalign: The predicted quality score (continuous value, ranging from
approximately 1-5) inferred from the Q-Align model. The higher the value, the
better the quality determined by the model.

This CSV file provides the raw data foundation for subsequent calculations of
Spearman rank correlation coefficient (SRCC) and Pearson linear correlation
coefficient (PLCC), facilitating consistency assessment between Q-Align
results and MOS annotations, and comparing them with the fusion model later

on.

11010 0f 1169 enries [ Fiter | O
image filename mos qalign
D5, ges /10 bmp 10.bmp 82.91071428571429 44375
Drive/ChallengeDB, 1/100.bmp 100.bmp 32.56107532210109 2244140625
ges1/1000.0PG 1000.0PG 56.51219512195122 3123046875
Drive/ChallengeDB. 111001.0PG 1001.0PG 53.55747126436781 2595703125
i DB, ges11002.0PG 1002.0PG 40.672222222222224 2521484375
Drive/ChallengeDB. 111003.0PG 1003.0PG 30.48913043478261 236328125
D8 ges1/1004.0PG 1004.0PC 6432121212121213 341015625
DB, ges1/1005.0PG 1005.0PG 62.35028248587571 3712890625

Drive/ChallengeDB, 1/1006.JPG 1006.JPG 66.21428571428571 3.8984375
DB, ges1/1007.JPG 1007.JPG 63.14594594594595 3771484375

Show [10_v| per page 12 1w e om0 o

Figure 14: Q-Align baseline csv
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4.2 Direct feature fusion experimental results

In this section, we will report the fivefold cross validation results of the
preliminary fusion model on the LIVE ChallengeDB dataset. The main result
adopts statistical and semantic feature level fusion: NIQE-36D+Q-Align 5D, a

total of 41 dimensions. And there are two types of fusion (18D+5D/36D+5D).

(1) 18D+5D: concatenate NIQE single scale 18 dimensional NSS features with

Q-Align 5-dimensional anchor probability;

(2) 36D+5D: Concatenate NIQE dual scale 36 dimensional NSS features with

Q-Align 5-dimensional anchor probability.

The remaining processes of the two settings are completely consistent:
standardizing the fused features, using SVR (RBF kernel), training and
evaluating MOS as the target under fivefold cross validation, and reporting

SRCC/PLCC.

The experimental results show that using the simplest feature level fusion of
NIQE-Q-Align (NIQE-18D/36D+5D probability), the two settings achieve similar
performance under fivefold cross validation: setting A (usually 18D+5D)
achieves SRCC =0.8751, PLCC =0.8930, and R 2? =0.7956; Set B (usually
36D+5D) to achieve SRCC =0.8753, PLCC =0.8928, and R 2 =0.7958.
Compared to 18D, 36D shows a slight and stable advantage in correlation and
fit, while linear consistency (PLCC) is almost equivalent. The comparison of
residual distributions shows that the error of 36D+5D is more concentrated and
the long tail slightly shrinks. Combining the optimal hyperparameter statistics
within the fusion vector (mostly C=1, ¢ € {0.1,0.2}, y € {scale, auto}), it is

demonstrated that wunder the current fusion vector, moderate
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regularization+adaptive kernel width can robustly fit MOS.

However, to our surprise, both indicators were lower than the Q-ALIGN alone,
indicating that under the current setting, simply concatenating the statistical
features of NIQE with the 5-dimensional semantic anchor points of Q-Align at
the feature level and training them with the same set of SVR hyperparameters
does not bring any gain, but instead introduces noise that is not completely
consistent with subjective quality. This is likely related to the fact that LIVE
Challenge "wild" composite distortion
(exposure/noise/compression/sharpening overlay) does not fully comply with
NIQE natural scene statistical assumptions; At the same time, when 18/36
dimensions are combined with a fixed RBF grid under a small sample size of
fivefold cross validation, the fusion model is prone to underfitting or being

diluted by statistical features, resulting in a decrease in SRCC/PLCC instead.

From the prediction MOS scatter map (Figure15), it can be seen that the sample
is distributed along the diagonal and exhibits good monotonic consistency; At
the same time, the regression line shows a slight "regression trend towards the
middle" (low MOS slightly overestimated, high MOS slightly underestimated),
indicating that there is still mild compression in the extreme mass range. Overall,
the preliminary fusion model has good calibration and controllable errors, but
compared with Q-ALIGN alone, SRCC/PLCC has not achieved any
improvement, which is inconsistent with our initial hypothesis and indicates the

need for further optimization in feature extraction and processing in the future.
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Pred vs MOS (5-fold CV) | SRCC=0.877, PLCC=0.893
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Figure 15 prediction MOS scatter map

4.3 Fusion results and analysis using autoencoder

We added an unsupervised autoencoder to the fusion vector of "NIQE+Q-Align"
to learn low dimensional, denoised nonlinear embeddings. Keeping the support
vector regressor and fivefold cross validation unchanged. After introducing AE,

the fivefold mean increased to
SRCC=0.8842 and PLCC=0.9011
The Spearman rank correlation coefficient is 0.29% higher than the Q-ALIGN

baseline, indicating that the fusion model ranking of image quality is more in
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line with human preferences. The Pearson linear correlation coefficient is 0.75%
higher than the Q-ALIGN baseline, indicating that the fusion model numerical
scale is also linearly aligned and closer to the consistency indicator of "directly
usable". The results indicate that more compact distortion statistical features
can better assist in the effective improvement of semantic features without

generating noise penalties that occur in direct concatenation.

optimum parameter: {"C': 10, "ep=zilon’ : 0.2, "zamma’ : (.1}
MSE: 29, 2507

E®: 0, 7747

tezt SROC: 0.83687

test PLOC: 0.3312

optimum parameter: {"C': 10, "epzilon’ @ 0.2, " zamma’ @ 0.1}
MSE: 80, 7020

E®: 0, 8054

test SRCC: 0,870

test PLOC: 0.39%2

optimum parameter: {"C°: 10, "epszilon’ @ 0.2, " zamma’ @ 0.1}
M3E: 68.6593

E*: 0.83159

test SROC: 0,9051

test FLCC: 0.9137

optimum parameter: {"C": 10, "epsilon’ @ 0.2, " zamma’ @ 0. 2]
MSE: T9. 4709

E*: 0.8221

test SROC: O.2390

test FLOC: 0,9070

optimum parameter: {"C7: 1, "epsilon’ @ 0.2, Tgamma’: 0. 2]
MSE: T0. 3031

E*: 0.8145

test SROC: 0.83733

test PLOC: 0.9044

Five fold cross walidation B* @ 0. B0SE

Five fold croszs walidation average SECC: 0.8342

Five fold cro=zs walidation average FLCC: 0.9011

Figure 16 Five-fold cross-validation results of the AE

Figure 16 Five-fold cross-validation results of the AE-enhanced NIQE+Q-Align
fusion on LIVEC (console log). For each fold, RBF-SVR hyper-parameters are
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selected via GridSearchCV (most folds pick C=10, ¢=0.2, ye {0.1,0.2,
scale/auto}) and evaluated on the held-out split. Per-fold ranges: MSE 68.66—
98.25, R? 0.775-0.832, SRCC 0.869-0.905, PLCC 0.881-0.914. Five-fold
means are R?*=0.8098, SRCC=0.8842, PLCC=0.9011, showing a consistent
improvement over the baseline fusion without AE (= SRCC 0.877, PLCC 0.893),
indicating that an AE embedding helps denoise/reduce redundancy and

improves linear agreement and goodness-of-fit.

Why do autoencoders have advantages

Nonlinear manifold compression: The 18/36-dimensional NSS features of NIQE,
especially the strong nonlinear correlation and redundancy between the AGGD
parameters of adjacent products in four directions and the 5-dimensional
semantic anchor points of Q-Align. The bottleneck structure of AE will "fold"
these cross scale, cross directional, and cross modal interactions into a small
number of principal factors, reducing the collinearity and dimensional noise of
features, allowing RBF-SVR to fit on a smoother manifold, thereby bringing

systematic gains to SRCC/PLCC.

Denoising and robustness: The composite distortion of LIVE ChallengeDB
(noise/compression/over sharpening/exposure superposition) makes NIQE
statistics easily affected by local abnormal blocks; The reconstruction target of
AE naturally has noise reduction effect, which can suppress the disturbance of
statistical features by "occasional block/edge artifacts". From the results, it can
be seen that after AE, there are lower MSE folds and the interval narrows,

indirectly confirming this point.

Scale and distribution alignment: Directly concatenating the "36/18D

statistic+5D semantic anchor" will result in a mismatch between the distribution
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and scale, and SVR is prone to bias towards the high variance direction of the
statistic. AE learns a uniformly distributed embedding space under common
reconstruction constraints, alleviating the risk of "statistical branch dominance"

and allowing semantic anchor information to be utilized more fairly.

Structured regularization: The low dimensional bottleneck of AE is equivalent to
a structured regularization, which can effectively reduce overfitting and variance
in scenarios with limited sample sizes such as NR-IQA; This also explains why
the hyperparameters are more concentrated after AE (with multiple folds

resulting in C=10, €=0.2), and the training is more stable.

4.4 Experimental Brief Summary

Baseline and simplest fusion

On LIVEC, Q-ALIGN as a baseline has shown high consistency; When NIQE
(18D/36D) was directly spliced with Q-ALIGN 5D, the overall performance did
not exceed that of a single Q-ALIGN. This indicates that under composite
distortion conditions, the addition of unformed/unconstrained statistics does not

automatically convert into effective gains.
Difference between 18D and 36D

After expanding the statistical branch from a single scale 18D to a dual scale
36D, SRCC showed a slight improvement, PLCC remained basically
unchanged, and the interval variances were similar; The second scale does
indeed bring some cross scale texture information, but under the premise of

"direct stitching+same grid", the marginal benefits are limited.

Introducing changes to autoencoders
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Without changing the regressor and assessment protocol, first use AE to learn

the low dimensional representation of fused features, and then input SVR. The

overall performance is steadily improved, and the representation after AE is

more easily utilized by the kernel regressor, resulting in better training stability.

Therefore, in real scenes with complex distortion, simple stitching is not the

answer; By achieving consensus between statistics and semantics in shared

embedding, and then letting non-linear regressors learn the mapping, it is more

in line with the data form of NR-IQA and can bring reliable benefits without

increasing annotation costs. Transforming the complementarity between the

two into a comprehensive improvement in correlation, linear consistency, and

stability.
Dataset Model SRCC PLCC
LIVEC NIQE 0.450 0.480
LIVEC Q-Align 0.8813 0.8937
LIVEC Fusion :18D+5D | 0.8751 0.8930
LIVEC Fusion :36D+5D | 0.8753 0.8928
LIVEC Autoencoder 0.8842 0.9011
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5. Conclusion

In this article, we systematically studied the fusion effect of low-level statistical
features and high-level semantic features in no-reference image quality
assessment. Specifically, we first used NIQE as the statistical feature baseline
and performed autoencoder dimensionality reduction on its feature space to
enhance the compactness and discriminative ability of the features.
Subsequently, we introduced the Q-Align framework, which endows the model
with stronger subjective quality perception and interpretability through language
guided anchor classification and WA5 scoring mechanism. Based on these two
complementary features, we further use support vector regression (SVR) for
fusion modelling and conduct systematic experiments on the publicly available

LIVEC dataset.

The experimental results indicate that using NIQE alone can capture statistical
features and subjective quality trends of natural scenes to a certain extent, but
there are significant performance bottlenecks in complex and distorted scenes.
Q-Align can better model subjective ratings and is significantly better than
traditional methods in correlation indicators such as SRCC and PLCC. Further
fusion experiments showed that combining NIQE features processed by
autoencoders with Q-Align semantic scores can simultaneously leverage the
advantages of statistical and semantic features, achieving SRCC=0.8842 and
PLCC=0.9011 performance on the LIVEC dataset, which is improved compared

to a single model.

Overall, this research validates the effectiveness of complementary fusion of

low level and high-level features in image quality assessment. On the one hand,
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statistical features can provide sensitivity to low-level distortions; On the other
hand, semantic features can capture structural and aesthetic factors that are
closer to human perception. The combination of the two not only improves
prediction accuracy, but also enhances the interpretability and robustness of

the model.

Despite these positive results, this research is not without limitations. Firstly,
the current work has only conducted experiments on a single dataset (LIVEC).
Although this dataset has gained widespread recognition and diversity, wider
validation across multiple real-world IQA benchmarks will enhance the
generalizability of research results. Secondly, autoencoders used for feature
compression have significant room for upgrade, and some underlying statistical
information may not be fully utilized. More complex representation learning
techniques, such as variational autoencoders or contrastive learning, may bring
stronger performance. Thirdly, achieve integration at more levels; Exploring
deeper integration strategies, such as joint training or attention-based fusion,
may lead to further improvements. If there is more time and resources,
additional experiments can be conducted to test the robustness across dataset
scenarios and benchmark the computational efficiency of real-time applications.
Another possible extension is to directly incorporate human text feedback into
the semantic alignment process, further bridging the gap between algorithmic
prediction and subjective perception. Looking ahead, future work should focus
on improving robustness across datasets and exploring more advanced feature
fusion mechanisms. Ultimately, this study contributes to the establishment of
an IQA system that is not only more accurate but also more in line with human

perception and judgment, laying the foundation for subsequent related research.
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6.Reflection and Learning

In this study, | devoted myself to exploring the fusion task of low-level statistical
features and high-level semantic features in image quality assessment, and
achieved effective results towards the end of the research. This research not
only enhanced my technical abilities but also expanded my research skills to a
wider range. This experience has made me realize the importance of choosing
appropriate methods, effectively managing time, and flexibly responding to

unexpected problems in the research process.

At the beginning of the project, perhaps due to my personal problem of not
having a deep understanding of the project and having some unrealistic ideas
about the project goals, | encountered many obstacles in my research, as well
as my weaknesses in machine learning and deep learning, which led to
considerable difficulties in some of the research processes. This made the
originally only two months of research time even more tight. Therefore, high
difficulty tasks and urgent schedules have become the problems | have to face.
Although | ultimately achieved some results in this study, | also realized that
balancing research time and living time is a difficult challenge. It not just about
arranging a reasonable research process, but also about valuing one own life
and mental state. When research encounters difficulties and stagnates, anxiety
and stress often begin to oppress my daily life. Irregular diet and staying up late
lead to a decline in my physical condition and energy, which in turn slows down
research progress and forms a vicious cycle. Looking back on this experience,
| realized that in future research, | need to arrange my schedule reasonably to
ensure that basic rest time is not compressed. A healthy body and mind are

very crucial during research time.

In terms of research, | have realized that the availability and reliability of the
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dataset have a decisive impact on the research direction. At first, | considered
multiple IQA datasets, but after comparing their coverage and characteristics, |
ultimately chose the LIVEC dataset because its authenticity and relevance
better met the research objectives. Although this choice is reasonable, it also
highlights its limitations: relying on a single dataset limits the generalization of
conclusions. In addition, | realized that in research, a balance needs to be
struck between ideals and reality - although more complex models and larger
scale validations would be more ideal, limited by time and computational

resources, | had to adopt a more focused experimental design.

In terms of technical ability, | have mastered the application of traditional IQA
models (NIQE) and deep learning models (Q-Align), and further enhanced my
ability to construct machine learning experimental processes, including using
autoencoders for feature processing, using SVR for regression modeling, and

conducting correlation analysis through SRCC/PLCC.

Looking ahead, | believe there is still room for further expansion in this study.
On the one hand, more representative and diverse IQA datasets can be
introduced for cross validation to enhance the generalization and robustness of
research conclusions; On the other hand, with the development of generative
models and multimodal large models, it is possible to explore more complex
feature fusion methods in the future, such as combining generative adversarial
features or cross modal alignment mechanisms, in order to further improve the
accuracy and interpretability of image quality evaluation. In addition, in terms of
experimental design and resource management, more efficient model
compression and acceleration techniques can be used to alleviate the
bottleneck caused by computing power limitations, providing possibilities for

larger scale experiments.
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In summary, this project has helped me gain a deeper understanding of 1QA,
enabling me to learn new technologies and ways of thinking, and giving me a
new perspective on how to balance work and life. These skills will be helpful to

me in the future, enabling me to further research in this field.
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8.Appendix

o 1 image_root = z’ foomtemt/drive/MyDrive/src/0-4lisn/playsround/data/ChallenseDE_release Tma
2
3% Traverse all images +to extract nige features
4 all featurez = []
5 all_nige=[]
£ all mos=[]
T moz_cev = ' foontent/drive /MyDrive/ChallengeDE release/test challensedh. cav’

2 mos_list=pd. read cevimos_cav)
9

10 for image_name 1in  os. listdir(image root):

11 image_path = os.path. joinlimage_root, image_name]

12 mos=mos_lizt[moz_lizt[ image’ 1= Images/ +imaze_name]l ['moz’ 1. values
13

14 all_mos. append (float (mos) )

15 fiConvert to gravscale image

16 image = np.arraviImage.open(image path). convert ("L’ )]
17 nige_scorel, X1 = nige(image)

18

19 featurezs = [image name]

20 features. extend(li=t(X1))

21

22 all features. append (features)

23 all nige. append({nige_scorel)

24 # Convert to DataFrame (specify column name)

28 columns = [ name’]

26 columns. extend( [f'nige feature [i+117 for 1 in range(36)])
27 df = pd.DataFrame(all features, columnz=columns)

28

29 # asave Excel
30 df. to_excel(” fcontent/drive /MyDrive/src/hige—master fnige featwres. xlsx”, index=False)

Kyl

Figure 4 Extracting 36 dimensional NIQE features
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[1]

1 image_folder = =z’ /content/drive MyDrive/sre/9—alisn/plaveround/dataChallenseDE releasze,/ Tnazes’
2 image_names = os. liztdir(image foldex)

3 image paths = [oz.path. join(image folder, i) for 1 in image names]
4

5 all features = []

£ for image_name in image_names:

T

8 # dmz_lizt = [Image.open(fiz/zinzapore flver.qipz”)] # can be multiple images
9 img_list = [Image.openios.path. joinfimage folder, image_name))]
10

11 # get gq-aligan feature

12 zscorers, features = scorer (img liszt)

13 img_feature = |

14 "name’ @ image_name

15 1

16

17 # tensor to numpy

15 features_asrry = features[0].detach(). cpul). mumpy ()

19 for 1 in range(featuresz_ arry. shape[0]):

20 img feature[f feature[1+1}"] = features_arrv[i]

21

22 all_features. append(img_feature]

23

24 #  zave

25 df = pd.DatzFrame(all features)

26

df. to_excel (" /content/drive MyDrive/sro/fd-4lign/galign features. xlex”, index=False)

Figure 5 Extracting Q-Align features
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Figure 9 NIQE score vs. MOS scatter plot (with fitted lines&SRCC/PLCC)
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1

40 0 O o ba

[

coding: utf-8 —*—

import os
import numpy as np
import pandas as pd
import torch
import torch.nm 2 mm
fron torch.utils.data import Dataloader, TensorDataset, random_split
fron sklearn.preprocessing inport StandardScaler
from sklearn. impute import SimpleImputer
import random
import matplotlib.pyplet =2z plt
INPUT_XLSE = “/content/dvive/MyDrive/src/nigemaster/mige features.xlsx” # input Excel
SHEET NAME = 0 # Worksheet name/index: 0 indicates the first
OUTPUT_YLSE = “/oontent/drive/MyDrive/src/nige—master/ae Bd features. xlsx”
BATCH SIZE = G4
LR = 1le-3
EFOCHS = 20
PATIENCE = 30 # Early-stopping patience
TAL_RATIO = 0.1 # Validation split ratic
WEIGHT DECAT = le-§
SEED = 42
#
trainSE=[]
valMsE=[]
NIQE_AE=R
def set_seed(seed=42):
random. seed (seed) ;  np. random. seed(seed)
torch. manual_seed(zeed): torch. cuda. mamual_seed_all(zeed)
class  AutoEncoder (nn. Module) :

def _ init  (self, in_dim=36, latent dim=NIQE_AE]:

super [}, __init_ ()

zelf. encoder

nn. Sequential

nn. Linear (in_dim, 64),
nn.ReLU(),

nn. BatchNorm1d(G4],
nn.Linear (84, 32,
nn. RelU (),

nn. BatchNormld(32),
#ffon, Linear (32,  16),
#iton. ReLU (),

##inn. Batchlorm1d (18],

nn.Linear (37, latent_din)

)

zelf. decoder

nn. Sequential(

nn Linear (latent_dim, 32,
nn. ReLlU (),

#inn. Linear (16, 32),
it ReLUT (),

nn. Linear (32, 64),

nn. ReLU (],

nn.Linear (64, in_din) #

def  forward(zelf, xl:
z = self.encoder(x)
x_hat = self.decoder(z)

return x_hat,

z

Figure 19 Autoencoder Code (Part 1)

76



101

105

107

121

123

140

def load_datalinput_xlsz,

def

sheet_name=0) :

df = pd.read_ercel (input_xlsx, shest_name=sheet_nane)

namss = df.ilocl:,
1:1. to_mmpy (dtype=float) # Select colums 2-37 (36 dimenzions total)

X = df.ilecl:,

# Missing walue

0]. astypelstr).fillna(™"}

imputation + standardization

imputer = SimpleImputer (strategy="median”)

F_imp = imputer.fit_transform(Z)

scaler = StandardScaler()

X_scaled = scaler.fit_transform(¥_inp). astype (np. floatdZ)

return names, X_scaled

train_sutcencoder (¥_scaled, deviee):
tensor = torch. tensor (¥_scaled, dtype=torch.float32)

dataset = TensorDataset (tensor)

# Split into trainfvalidation

n_total = len(dataszet)

n_val = max(l, intin_total * VAL_RATIO))
n_train = n_total - n wal

train_set, wal_:

train_loader =

set

= zrandom splitidataset, [n_train, n_wal], generator=torch.Ceneratox().manual seed(SEED))

Dataloader (train_set, batch_size=BATCH_SIZE, shuffle=True, drop_last=False]
val_loadsr = Dataloader(val_set, batch_size=BATCH_SIZE, shuffle=False, drop_last=False)

model = AutoEncoder(in_din=35, latent_dim=NIQE_AE). to(device)

optimizer = torch.optim. Adamimodel.parameters(), 1r=LR, weight_decay=WEIGHT_DECAY)
criterion = mn.MSELoss(]

best_val = float("inf")

best_state = None

patience_cnt =

0

for epoch im ramgell, EPOCHS + 1):
model. train()

train loss = 0.0
for (batch,) din train loader:
batch = batch. to(device)
optimizer. zero_grad()
recon, _ = model(batch)
loss = criterion(recen, batch)

train_lo

loss. backward()
optimizer. step()
train_loss += loss.item{) * hatch. size(0)

e f= n_train if n_train > 0 eles 1.0

# Validation

model. ev
wval_loss

al()

0.0

with torch.no_grad():

wval_loss

for

=

# Early st

improved =

(batch,) in wal loader:
batch = batch. to(device)
recom, _ = model(batch)
losz = criterion(recon, batch)
val_losz += loss.item() #* batch. size(0)
nval if nwal > 0 else 1.0
opping
val loss ¢ bestwval - lef

if improved:

else:

best
best
pati

pati

_val = wval_loss

_state = {k: wv.cpull.clone() for k, v in model.state_dict().items()}
ence_cnt = 0

ence_cnt += 1

trainMSE. append (train_loss)

valMSE. append (val_loss)
if epoch % 2 = 0 or epoch = 1:

prin

t(f" [Epoch [lepoch:i03dl]  train_loss={train_loss:.Bf] val_loss=1{val_loss:. 6f} S

if patience_cnt »= PATIENCE:

if best_state

prin

t{f"Early stopping triggered (patience={PATIENCE}) . ~)

break

is

not  Hone:

model. load_state_dict(best_state)

model. eval ()
return  model

Figure 20 Autoencoder Code (Part 2)

if

improved

else

e
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111
142
143
144
145
146
147
148
149
150

152
153

170

172

174

def

def

def

if

extract_latent imodel,

with torch.no_grad():

return

X

#
z
z

= torch. te
Encoder—onl.

save_to_excel (nanes, Z,

cols =
df_out

df _out. inzert (0,

[name”] +

¥_scaled, device):

nzor (¥_scaled, dtype=torch.float32, device=device)
¥ (skip decodsx)

= model. encoder (x). cpu() . mmpy {1

output_xlsx) :
[£7ae_feature{i}l” for i in range(l, NIQE_AE+1]]

pd.DataFrams (Z, columns=cols[1:])

“name”, names.valuez if hasattr (mames, “values”) else names)

df_out. to_excel (output_xlsx, index=False)
print (f “saved: los. path. abspath(output_xlsx)l ™)

main() :

=et_seed (SEED)

device

torch. devic

e(“cuda® if torch.cuda.is_available() else “cpu”)

print (“Using device:”, device)

nanes, ¥_scaled = load data(INPUT_XLSK, SHEET NAME)

model = train_autoencoder (¥_scaled, device)

Z = extract_latent(model, ¥ _scaled, device) # shape: [N, 8]

# Merge into output table: col 1 = sample name: wcols 2-9 = 3-D features

zave_to_sxcel (names,

plt.figure (figsize=(g,
plt.plot(list (range (EPOCHS) ), trainMSE, label= train’]
plt.plot(list (range (EFOCHS) ), valMSE, label="wal’)
plt. xlabel (" epoch’ )
plt.ylabel * loss™)
plt.xticks(list (range (EPOCHS))) # Show a tick for each epoch
plt. lezend()
plt.grid(True, linest:
plt. tight layout()

plt. shawi}

_name__ =

main()

Y main_ ":

Z, OUTPUT_¥LSX}

4.31)

# F-axiz label
# Y-axis label

vle="—", alpha=l. 4]

Figure 21 Autoencoder Code (Part 3)
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