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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, Artificial 

Intelligence (AI) 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 AI 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 AI 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 AI 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). 
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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). 
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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 
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perspective for exploring the role of multi-level feature fusion in image quality 

assessment. 

2. Literature Review 

2.1 Definition taskμ 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 

usedμ 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 tasksμ 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 Methodsμ 

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 includeμ 

Perception-based Image Quality Evaluator (PIQE)μ  

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)μ 

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 



12 

 

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)μ  

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 IQAμ 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)μ one stream is a CNN pre-trained 

on synthetic distortions (S-CNN), used to identify the type and severity of 

distortionν 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 
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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 LLMsμ 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 humansμ 

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 
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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 
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exploration. 

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

considerationsμ 

Explainable human-machine interfaceμ Q-Align reconstructs ratings into 

predictions at discrete text levels, outputting readable language labels and 

confidence levels for easy traceability and analysisν 

Structured Adjustable Distributionμ 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 

featuresν 

Strong baseline and easy integrationμ 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 chaptersμ 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 distributionsν 

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)μ 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 followingμ 

 

Early Fusionμ 

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.  



21 

 

Late Fusionμ  

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 Fusionμ  

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 Fusionμ  

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 pointsμ 

Aligning with human perceptionμ simultaneously considering "can see clearly or 
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not" (low-level) and "can understand but not understand" (high-level), which is 

closer to subjective MOS grading and scene dependent quality judgmentν 

Robustness and generalizationμ Semantic distribution provides content 

adaptive modulation, which can improve robustness across datasets/mixed 

reality distortionsν 

Interpretable and decomposableμ 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 Datasetμ 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 

includeμ 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 otherν 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 trainingImages. The following shows one image T1 

(Figure 1) in the trainingImages 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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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. 

 

Figure 3 dataset MOS Kernel Density Estimation 
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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 streamsμ 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 

posteriorν 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) 



29 

 

and Pearson Linear Correlation Coefficient (PLCC), which will serve as 

experimental baselines in subsequent fusion experiments. 

3.2.1 NIQE  

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 partitioningμ Divide the image to be evaluated into several fixed 

sized sub image blocks (patches). In typical implementations, block sizes such 

as 96 × 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 normalizationμ Perform local mean removal 

and standard deviation normalization on each image block to convert pixel 

values into normalization coefficients. The specific formula isμ 

ԛÎሺi, jሻ = ԛ Iሺi, jሻ − ԛɊሺi, jሻσሺi, jሻ + ԛܥ ԛ 
Among them,  ߤ (i, j) and � (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 extractionμ On each normalized image block, the 

intensity distribution of MSCN coefficients is calculated as a first-order statistic 

(denoted as α, σ). 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 extractionμ 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 scaleν 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 Modelμ (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 Ȟ 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". 

�݂ሺݔଵ, … , ௞ሻݔ = ͳሺʹπሻ௞/ଶ|Σ|ଵ/ଶ × Ԝ݁݌ݔ ቆ− ͳʹ ሺݔ − ɋሻ�Σ−ଵሺݔ − ɋሻቇ  

NIQE score calculationμ 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 Ȟ 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 imageμ 

,ሺɋଵܦ ɋଶ, Σଵ, Σଶሻ = √ሺɋଵ − ɋଶሻ� ቌ(Σଵ + Σଶʹ )−ଵ ሺɋଵ − ɋଶሻቍ 

The NIQE score is the distance D mentioned aboveμ the larger the value, the 

more obvious the deviation of image features from the natural distribution and 
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the poorer the qualityν 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. 

3.2.2 Q-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 aggregationμ first, a corresponding score is pre-set for each 

level (for example, assigning values from 1 to 5μ "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 modelμ 

݁�݋�ܵ = ͷ ⋅ ݅ = ͳ ∑ ͷ݅݌ ⋅ ݅ݓ ∈ [ͳ, Ͳ.͹ͷ, Ͳ.ͷ, Ͳ.ʹͷ, Ͳ] 
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 μ (1) classification accuracy 

perspectiveμ directly comparing the highest probability level output by the model 

with the degree of matching between the artificial discrete labels. (2) Numerical 

regression perspectiveμ 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 
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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 NVIDIA A100 GPU (A100 instance 

provided by Colab). Avoid situations where the local computer cannot run due 

to insufficient resources. 

3.3.1 Initial attemptμ 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 strategyμ 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 scalesμ 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 coefficientsμ 

ԛÎሺi, jሻ = ԛ Iሺi, jሻ − ԛɊሺi, jሻσሺi, jሻ + ԛܥ ԛ 
Among them, ȝ, σ are the local mean and standard deviation, and ܥ is a small 

constant. Fit the histogram of MSCN coefficients for each scale using 

generalized Gaussian distribution (GGD) and obtain the shape parameter α and 

scale parameter σ (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 directionsμ 

ܪ = ,ሺ݅ܫ̂ ݆ሻԜ̂ܫሺ݅, ݆ + ͳሻ, 
� = ,ሺ݅ܫ̂ ݆ሻԜ̂ܫሺ݅ + ͳ, ݆ሻ, 

ଵܦ = ,ሺ݅ܫ̂ ݆ሻԜ̂ܫሺ݅ + ͳ, ݆ + ͳሻ, 
ଶܦ = ,ሺ݅ܫ̂ ݆ሻԜ̂ܫሺ݅ + ͳ, ݆ − ͳሻ 

The distribution of these products is fitted using Asymmetric Generalized 

Gaussian (AGGD), with four parameters obtained for each directionμ shape ߥ, 

left-right scale σ௟ , σ௥ , and mean �. Among them, � can be given by the 

following equation： 

η = ሺσ௥ − σ௟ሻԜΓሺʹ/ɋሻΓሺͳ/ɋሻ 

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 (α, σ) 

of MSCN, while the second order statistics use the AGGD four parameters (ߥ, ��, ��, �) of adjacent products. Each scale has a total of 18 dimensions (2+16), 

and the two scales have a total of 36 dimensionsμ 

�௥−௦��௟��ܦ = ʹ + Ͷ × Ͷ = ͳͺ, totalܦ   = ͳͺS = ͵͸ ሺܵ = ʹሻ 

In the previous section, we conducted a baseline experiment for NIQE using 

the official NIQE method from the pyiqa library. However, in this section, for the 

convenience and reproducibility of the experiment, we obtained the 

implementation source code of NIQE on 

GitHub(httpsμ//github.com/guptapraful/niqe) and made modifications under the 

guidance of a CSDN 

website(httpsμ//blog.csdn.net/weixin_45605573/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 NIQEμ To 

ensure consistency with NIQE's NSS modelling, we perform unified 

preprocessing on each image in the datasetμ 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 scalesμ on the 

original resolution MSCN image, it is segmented into non overlapping 128 × 

128 grids, and on the 0.5 × down sampling scale, it is segmented into non 

overlapping 64 × 64 gridsν 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 niqe_features.xlsx 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∈ܴ5 and a softmax probability p∈ܴ5μ 

௜݌ = ݁�೔∑ ݁�ೕ5௝=ଵ ,   ∑ ௜5݌
௜=ଵ = ͳ. 

 

The figure 5(appendix) Showcased the code blocks for implementing Q-Alignμ 

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 

 "Userμ How would you rate the quality of this image?<| image |>ASSISTANTμ 

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 positionν 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 ݔ 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 foldν 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 PLCCν In practical 

applications, SVR shows stable performance in capturing structure sensitive 

degradation such as ringing, over sharpening, and block effectsν 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 featuresμ 

⚫ The NSS features of NIQEμ 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 probabilityμ 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 vectorμ 41 

dimensions (36+5)ν 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 ܴଶ 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 partsμ an encoder and a decoderμ 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 architectureμ 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 spaceν 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 trainingμ 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 mappingμ 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 9μ1 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.xlsx. 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. 

 

Figure 6 Autoencoder Training and Validation Loss Curve 
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Autoencoder specific implementation details： 

 

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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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 �, then decodes and reconstructs ݔ ^, and returns both 

simultaneously to complete the forward calculation for training and inference 

purposes. 
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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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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 DataLoader (training set shuffle); Instantiate 

AutoEncoder (36 → 64 → 32 → later) and minimize the reconstruction MSE 

using Adam (lr=1e-3, wd=1e-5); Calculate the train/val loss on an epoch-by-



48 

 

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. 

 

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 � 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 nowμ 

⚫ Q-Align semantic anchor probabilityμ Output 5-dimensional softmax 

probability vectors, representing the model confidence in the quality anchor 

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

⚫ Autoencoder compressionμ 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 obtainedμ 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. 

 

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: �, �) and second-order (AGGD: ߥ, σ௟, σ௥,�) 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 

4.1.1 NIQE  

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 -0.480ν 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 followsμ 

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

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

datasets and annotation tables. 

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

analyze the impact of resolution on quality assessment. 

MOSμ The Mean Opinion Score provided in the dataset reflects subjective 

quality assessment results, with higher values indicating better quality. 

Niqe_rawμ 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. 

Niqe_ qualityμ The score obtained by taking negative niqe_ raw and keeping it 

consistent with MOS in the numerical direction (the higher the value, the better 

the quality), which facilitates correlation analysis. 

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

used for ranking consistency testing. 

Niqe_quality_rankμ The ranking in descending order of niqe_quality, 

corresponding to the quality ranking results predicted by the model. 

Abs_ errorμ The absolute error between niqe_ quality and MOS, used to analyze 

the degree of difference between predicted and true scores. 
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Sq_ errorμ Square error, calculated as (niqe_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. 

 

Figure 13: NIQE baseline csv 

4.1.2 Q-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 

qalign.livec_results_automodel.csv (Figure 14 first ten rows). This table 
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contains four columnsμ 

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

Google Drive. 

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

files. 

MOSμ Subjective Opinion Score from the LIVE ChallengeDB dataset, ranging 

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

Qalignμ 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. 

 

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 fusionμ NIQE-36D+Q-Align 5D, a 

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

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

Q-Align 5-dimensional anchor probabilityν 

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

Q-Align 5-dimensional anchor probability. 

The remaining processes of the two settings are completely consistentμ 

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 validationμ setting A (usually 18D+5D) 

achieves SRCC =0.8751, PLCC =0.8930, and R ² =0.7956ν 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, ε ∈ {0.1,0.2}, γ ∈ {scale, auto}), it is 

demonstrated that under 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 assumptionsν 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 consistencyν 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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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. 

 

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, ε=0.2, γ∈ {0.1,0.2, 

scale/auto}) and evaluated on the held-out split. Per-fold rangesμ MSE 68.66–

98.25, R² 0.775–0.832, SRCC 0.869–0.905, PLCC 0.881–0.914. Five-fold 

means are R²=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 compressionμ 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 robustnessμ The composite distortion of LIVE ChallengeDB 

(noise/compression/over sharpening/exposure superposition) makes NIQE 

statistics easily affected by local abnormal blocksν 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 alignmentμ Directly concatenating the "36/18D 

statistic+5D semantic anchor" will result in a mismatch between the distribution 



59 

 

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 regularizationμ 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-IQAν This also explains why 

the hyperparameters are more concentrated after AE (with multiple folds 

resulting in C=10, ϵ=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 consistencyν 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 similarν 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 

answerν 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 μ18D+5D 0.8751 0.8930 

LIVEC Fusion μ36D+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 distortionsν 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 levelsν 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, I 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, I 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 I have to face. 

Although I ultimately achieved some results in this study, I 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, 

I realized that in future research, I 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, I have realized that the availability and reliability of the 
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dataset have a decisive impact on the research direction. At first, I considered 

multiple IQA datasets, but after comparing their coverage and characteristics, I 

ultimately chose the LIVEC dataset because its authenticity and relevance 

better met the research objectives. Although this choice is reasonable, it also 

highlights its limitationsμ relying on a single dataset limits the generalization of 

conclusions. In addition, I 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, I had to adopt a more focused experimental design. 

In terms of technical ability, I 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, I 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 conclusionsν 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 IQA, 

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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Figure 4 Extracting 36 dimensional NIQE features 
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Figure 5 Extracting Q-Align features 
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Figure 8 NIQE distribution (density) map 
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Figure 9 NIQE score vs. MOS scatter plot (with fitted lines&SRCC/PLCC) 
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Figure 17 Baseline vs AE (5-fold CV) — SRCC & PLCC 

 

Figure 18 Preliminary fusion prediction error map 
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Figure 19 Autoencoder Code (Part 1) 
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Figure 20 Autoencoder Code (Part 2) 
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Figure 21 Autoencoder Code (Part 3) 


