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ABSTRACT Reliable image quality assessment is essential not only in digital photography but also as a key
metric for evaluating the performance of algorithms and models designed for image quality enhancement
or generation. In recent years, a wide range of image quality assessment metrics, both traditional and
learning-based, have been proposed, making it a challenge to select the appropriate method for a given
task. This study presents a comparative analysis between five widely used traditional no-reference image
quality assessment techniques and five machine learning-based approaches, evaluating their effectiveness
in computing image quality scores. The evaluation is carried out comprehensively using a set of standard
and advanced performance metrics. Furthermore, we analyze how characteristics of the training datasets,
such as score distribution, influence model performance. The machine learning models considered vary
significantly in architectural complexity, in terms of both the number of layers and parameters, and we
investigate whether this variability has a considerable impact on prediction accuracy. The analysis also
extends to non-photographic imagery, with a comparative evaluation of the methods on hyperspectral satellite
image visualizations. For full transparency and reproducibility of the current study, all training parameters
and hardware specifications are reported.

INDEX TERMS Blind image quality assessment, machine learning, Pearson correlation, hyperspectral
image visualization quality assessment.

I. INTRODUCTION importance in various applications concerning the generation

Image quality assessment (IQA) focuses on evaluating
various attributes of an image to determine its overall quality.
This evaluation may target specific features such as noise
levels, sharpness, brightness, contrast, color fidelity, or the
presence of distortions. Frequently, a single aggregate score
is used to represent the overall quality of the image. Accurate
and consistent IQA 1is significant not only for applications
reliant on high-quality visual data but also as a key benchmark
for measuring the effectiveness of algorithms and techniques
in image restoration [1], [2], [3]. IQA is of significant
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of digital images, such as image acquisition [4], image
fusion [5], or synthesizing [6], [7]. The evaluation of image
acquisition and enhancement methods is essential in various
fields, including everyday photography, medical imaging [4],
[8], spectral satellite visualization [9], and recently even for
security tasks [10]. This evaluation enables the comparison
of existing methods with new developments and allows
for both quantitative and qualitative validation of different
approaches.

IQA methods can be categorized as subjective and
objective [11]. Subjective approaches are based on human
assessment and are considered the most precise. However,
they are resource-intensive, lack real-time capability, and
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appear to be challenging in practical applications. Objective
image quality analysis, on the other hand, uses computa-
tional algorithms to evaluate image quality without human
intervention, based on different quality metrics [12], [13].
These methods extract image features such as noise, contrast,
sharpness, colorfulness [14], and then predict perceived
quality by simulating aspects of human visual perception or
by advanced mathematical and statistical techniques.

A fundamental distinction exists between IQA methods,
notably between those that require a reference image for
comparison and those that operate without such a reference.
Objective image quality evaluation can be categorized into
three groups based on the availability and completeness of the
reference image, namely Full-Reference (FR) [15], Reduced-
Reference (RR) [16], [17] and No-Reference (NR) image
quality assessment [18], [19].

Another distinction can be made between traditional algo-
rithms and the more recent ones, based on neural networks
and deep learning (DL) [20], [21]. In order to evaluate picture
quality, traditional IQA techniques mostly rely on manually
created features and mathematical models. To estimate a
quality score, these methods frequently require extracting
low-level features like texture, sharpness, and contrast,
combining them according to predetermined guidelines or
algorithms. The Mean Squared Error (MSE), Peak Signal-to-
Noise Ratio (PSNR), and Structural Similarity Index (SSIM)
[22] are a few examples of the most used traditional FR-
quality measures. For example, SSIM uses three factors to
calculate the similarity of two images: luminance, contrast,
and structure. The result is a measure that closely matches
human perception. A significant problem with these methods
is that they require a reference image in order to calculate
the quality score. They can be effectively used to evaluate,
for example, the outcomes of machine learning (ML) models
where the neural network’s output is compared to a label.
However, they are not suitable for assessing the quality of an
image when no reference is available.

Therefore, a series of no-reference quality metrics have
been developed in the past years, many of them based on
learned statistical features. Feature-based IQA methods use a
series of image features, which can either be hand-crafted or
learned, in order to estimate the quality of an image. These
features may capture various properties such as sharpness,
blur, noise content, compression with the Joint Photo-
graphic Experts Group (JPEG) format, contrast, or other
characteristics [23], [24]. Alternatively, they can be derived
from statistical properties of undistorted natural images.
The most significant metrics in this context are the blind
image quality index (BIQI) [25], the distortion-identification-
based image verity and integrity evaluation (DIIVINE)
[26], the blind/reference-less image spatial quality evaluator
(BRISQUE) [27] or the natural image quality evaluator
(NIQE) [28], which are shortly described in Section II-B.

In recent years, ML techniques have demonstrated their
ability to automatically identify complex patterns and
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relationships directly from data, contributing to their growing
popularity in this area. ML models predict quality scores and
extract hierarchical information from images in an end-to-
end manner. Especially suited for such a task, convolutional
neural networks (CNNs) show the ability to adaptively
learn from large-scale image datasets, capturing nuances and
fine details that may elude manually crafted feature-based
techniques.

In this context, several research papers exploit this ability
for IQA prediction, ranging from very basic CNNs, like
in [29], where 32 x 32 image patches are input to a model
consisting of one convolutional layer followed by two fully
connected layers, to deeper architectures, like the 31-layer
network in [30], which processes color images by first
sampling 224 x 224 patches and subtracting the ImageNet
mean image. These patch-based models typically estimate the
overall image quality by averaging the scores predicted for
individual patches.

Input image patches can be obtained by sampling the
original image with a specific stride [30], or by select-
ing them by using an algorithm such as Grey-Level
Co-occurrence Matrix (GLCM) [31], which measures texture
complexity and thus aims to identify the most informative
regions of the image. Furthermore, in [31], the authors
combine a CNN-based feature extractor with two multi-layer
perceptrons (MLPs), one for classification and one for a
quality score prediction.

Several research papers propose multi-stage approaches
for image quality prediction. For example, in [32] the authors
propose a two-stage CNN with 8 convolutional layers, which
first learns distortion-related features via objective error
mapping and then refines predictions to align with human
visual perception.

Multiple networks can be combined in more complex
architectures, like the two stream model in [33] with separate
image and gradient image subcomponents, which enable the
extraction of different levels of information and simplify
feature extraction. The scores of the input patches are
then averaged to obtain the final score. In the context of
complex networks, the Very Deep Convolutional Networks
for Large-Scale Image Recognition (VGG) [34] and the
Residual Network (ResNet) [35] serve as key components
of the model, owing to their strong feature extraction capa-
bilities. For example, in [36] and [37], the authors employ
a pretrained ResNet50, which is subsequently fine-tuned for
IQA and used as a feature extractor in combination with
another network for quality score prediction. Conversely,
studies such as [38] and [39] choose VGG16 for feature
extraction.

In the last few years transformers have gained popularity,
as they are powerful tools in all tasks traditionally solved
by ML architectures. In the context of IQA we can mention
the transformer based approaches of [40]. Moreover, [41]
provides an excellent overview of recent transformer-based
IQA architectures.
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When evaluating the quality of images generated by a
specific algorithm, researchers face the challenge of selecting
the most suitable method among the many available to
ensure a reliable validation of their algorithm or a consistent
quality-based comparison of different outputs.

Given the wide range of approaches, particularly in the
fields of ML and DL, factors beyond accuracy also come into
play. The complexity of the solution, along with the hardware
and software resources required to implement and deploy the
model, are equally important considerations. Not every user
or researcher has access to sufficient computational resources
to effectively utilize complex models, such as transformer-
based architectures.

In this study, our objective is to compare several blind
image quality assessment (BIQA) methods to help select the
most appropriate approach for various scenarios. We eval-
uated the performance of neural network-based methods
compared to traditional ones, analyzing the impact of various
datasets on the accuracy of quality estimation. Furthermore,
we trained five different CNN-based models, under various
conditions and with three different image datasets, and we
present a discussion of the results obtained. Additionally,
we provide comparative results of these methods when
applied to non-photographic images, specifically the visual-
ization of hyperspectral satellite imagery.

The selection of the compared ML models was done in the
light of the previously mentioned trade-off between accuracy,
complexity, and model size. As shown in Table 1, 5GG
models have a comparatively large number of parameters,
while ResNet and Inception models are significantly lighter
and MobileNet is one of the smallest networks considered.
The number of parameters reported in Table 1 is expressed
in millions (M) and reflects the sizes of the standard Keras
classification models. The accuracy results were obtained on
the validation set of ImageNet [42] and illustrate that a larger
model does not inherently guarantee better performance. The
inference time values originate from [42] and are the average
of 30 batches, calculated on a central processing unit (CPU)
AMBD EPYC Processor with indirect branch prediction barrier
(IBPB) (92 core), respectively, a graphic processing unit
(GPU) Tesla A100, with a batch size of 32 images.

From the models presented in Table 1, which comprises
two VGG, two ResNet, one Inception [43], two Neural
Architecture Search Network (NASNet) [44] and three
EfficientNet architectures [45], all existing pretrained in the
Python Keras library, we selected for training and testing one
of the large models, VGG16, the smaller models ResNet50
and InceptionV3, the NASNetMobile, which is one of the
smallest CNN pretrained models, and the EfficientNet ver-
sion 2 small (EfficientNetV2S). Their efficiency and usability
in IQA tasks were highlighted by different studies [36], [37],
[38], [39]. In the second part of Table 1, several transformer
models, also explored for IQA in [41], are presented, along
with their number of parameters and accuracy as reported
in [46] and [47]. The inference time per image was measured
using an NVIDIA V100 GPU with 32GB of memory [47].
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Transformer models were not included in our experiments,
as our study focused on less complex, smaller-scale systems
that are already available as pretrained models in common
Python ML libraries, making them more accessible to a
broader range of users.

TABLE 1. Machine learning models - size, top-1 accuracy and inference
time per step. The data for the CNNs was obtained from [42], while the
data for the transformers from [46] and [47].

Accuracy Inference Inference
Model Params Top-1 Time (CPU) | Time (GPU)

(ms) (ms)

VGG16 138.4M 71.3% 69.5 42

VGG19 143.7M 71.3% 84.8 44

ResNet50 25.6M 74.9% 58.2 4.6

ResNet101 44.7TM 76.4% 89.6 52

InceptionV3 23.9M 77.9% 422 6.9

NASNetMobile 5.3M 74.4% 27.0 6.7

NASNetLarge 88.9M 82.5% 344.5 20.0
EfficientNetV2S 21.6M 83.9% - -
EfficientNetV2M | 54.4M 85.3% - -
EfficientNetV2L 119.0M 85.7% - -

ViT-B/16 86M 77.9% - 36.6

ViT-L/16 307M 76.5% - 11.6

DeiT-S 22M 79.8% - 1.06

DeiT-B 86M 81.8% - 3.42

The main contributions of this work are:

o the comparison of different BIQA classical methods
with five of the existing CNNs, adapted for the aim
and selected, as to exhibit various characteristics of size,
accuracy and inference time;

o an exploration of the connection between the per-
formance of the different models and the statistical
properties of the datasets, in the attempt to explain the
results obtained by the different models;

« the reliable usage of these BIQA methods on assessing
the quality of other images than photographic ones,
specifically visualizations of hyperspectral images,
to investigate both their robustness and effectiveness
regardless of the nature of the images.

The paper is organized as follows. In Section II we
present the training and testing datasets together with the
selected BIQA methods, which are subsequently compared.
The performance of the methods and ML models is then
evaluated on the considered datasets, using a series of
assessment metrics. The results are presented and discussed
in Section III. In this section, we also discuss the impact of
the datasets, as well as the usability of these BIQA methods
on different kinds of image, specifically visual representation
of hyperspectral images. Finally, in Section [V we draw some
conclusions and indicate potential future work in the area of
general and reliable IQA.

Il. MATERIALS AND METHODS

The assessment of the different considered methods for image
quality assessment was performed using several popular
publicly available datasets. These datasets consist of images,
each accompanied by a corresponding quality score reflecting
subjective human judgments of quality. The selected methods
were applied to estimate the quality of the images in these
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datasets, and their performance was evaluated based on their
ability to predict the assigned quality scores. The Pearson
linear correlation coefficient (PLCC), the Spearman’s rank
correlation coefficient (SRCC), the Kendall rank correlation
coefficient (KRCC), and the root mean square error (RMSE)
were used as performance metrics. Additionally, the receiver
operating characteristic (ROC) curve and the corresponding
area under the curve (AUC) were employed to assess the
effectiveness of the ML models.

The results of this assessment are discussed in detail in
Section III, where we also analyze the influence of dataset
construction on the accuracy of the results. Specifically,
we explore how the subjective nature of human quality
assessments and the variability of the dataset affect the
overall reliability and accuracy of the models’ predictions.
Additionally, we investigate the generalization capability of
the methods, which rely on learned features, across different
datasets or in the context of images other than those obtained
from natural photography.

A. DATASETS

(d) Low MOS: 1.47 Medium MOS: 2.83 High MOS: 4.26

FIGURE 1. Example images with low, medium, and high quality scores
from each dataset: (a) KonlQ-10K, (b) LIVE2, (c) LIVE-itW, and (d) FLIVE.

IQA aims to automatically predict the perceptual quality
of images as perceived by human observers. To train
and evaluate IQA methods, large and diverse publicly
available labeled datasets were used, such as KonlQ-10K,
developed at the University of Konstanz [48]; two databases
from the Laboratory for Image and Video Engineering
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(LIVE), namely, the LIVE Image Quality Assessment
Database - Version 2 (LIVE2) [49] and the LIVE In the
Wild Image Quality Challenge Database (LIVE-itW) [50],
[51]; as well as the Flickr Labeled Image Verification for
Esthetics (FLIVE) dataset [52]. These datasets offer a diverse
collection of images with varying distortions, content, and
quality levels, accompanied by Mean Opinion Scores (MOS)
obtained from human ratings, which serve as labels. Building
such datasets based on the subjective quality estimation
based on human ratings is time-consuming and should meet
different requirements as recommended by the International
Telecommunication Union (ITU) [53], [54]. They enable
researchers to validate, benchmark, and refine IQA models,
driving progress in fields such as image enhancement,
compression, and restoration. A selection of samples from
these datasets, together with the associated MOS values,
is presented in Figure 1.

KonlQ-10K is a large-scale IQA dataset comprising
10,073 images sourced from a wide variety of origins,
showcasing diverse content and quality levels. Image quality
scores were obtained through a crowdsourcing process in
which multiple human raters assessed each image based on its
perceptual quality. The MOS for each image was calculated
as the average of the human ratings.

LIVE2 dataset contains 982 images derived from 29 orig-
inal images. The original images were distorted using five
different types of distortions [49]: compression with the JPEG
standard, as well as the next generation JPEG compression
JPEG2000, white noise, Gaussian blur, and fast fading. The
quality scores were obtained through subjective experiments
in which human participants rated the images, and the MOS
was thus computed.

LIVE-itW is a dataset of natural images with real-world
distortions. It contains 1,169 images captured using various
mobile devices under different conditions. The images were
rated by a large number of human subjects using an online
crowd-sourcing platform. The MOS was calculated as the
average of MOS values specified by the online users for each
image to represent its perceptual quality.

FLIVE dataset contains a large number of images
collected from Flickr. The images are labeled with aes-
thetic quality scores. The scores were obtained through a
crowdsourcing platform where human raters provided their
assessments. The MOS was calculated to reflect the aesthetic
quality of each image.

The MOS distribution over these datasets is illustrated in
Figure 2. The normalized histograms show the frequency of
quality scores within each dataset, providing insights into
their statistical characteristics. As can be observed in Figure 2
most of these datasets are unbalanced, the number of images
with good scores being significantly larger than those with
small scores. LIVE2 and FLIVE contain significantly more
images with high scores, while the low scores are almost
nonexistent, as can be observed in the normalized score
histogram from Figure 2b and 2d. KonIQ-10K has most of
the images with a medium score, while images with large
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FIGURE 2. Histogram of score distributions for (a) KonlQ-10K, (b) LIVE2,
(c) LIVE-itW, and (d) FLIVE datasets.

or small scores are underrepresented (Figure 2a). Although
the best score distribution is present in the LIVE-itW dataset
(Figure 2c), the number of samples present in this dataset is
too small to perform a good generalization of the model. As a
consequence, this dataset is not used in the training of our
model but only for testing purposes.

These datasets were used to compare some of the most
commonly used blind feature-based IQA methods alongside
neural network-based approaches. Below we briefly describe
the measures considered, which were tested and compared
using the aforementioned image datasets.

B. FEATURE BASED QUALITY ASSESSMENT
In our study, we compared some of the most frequently used
IQA methods as described below.

The BRISQUE evaluator [27] estimates image quality
using natural scene statistics (NSS). It first computes mean-
subtracted contrast-normalized (MSCN) coefficients and
fits a generalized Gaussian distribution (GGD) to extract
distortion-related parameters. In the second stage, spatial
correlations among neighboring pixels are modeled, and a
support vector machine (SVM) maps these features to a
quality score.

After preprocessing through mean subtraction and divisive
normalization, the NIQE estimator [28] extracts NSS features
from 96 x 96 patches with sufficient sharpness, which are
modeled using a multivariate Gaussian (MVG). The NIQE
score is then computed as the distance between the MVG of
the test image and the MVG of high-quality natural images.

BIQI evaluator [25] assesses image quality in two stages.
It first uses NSS and wavelet decomposition to extract a
GGD-based 18-D feature vector. Then, a SVM maps this
vector to a quality score.

The BLIINDS-2 metric [55] assesses image quality
using NSS features from blockwise discrete cosine trans-
form (DCT) coefficients across scales. A Bayesian model
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trained on labeled data maps GGD-based features to a quality
score.

Unlike the other methods, the DIIVINE [26] first identifies
the type of distortion, then performs distortion-specific
quality assessment. It uses wavelet-based statistical features,
with SVM for classification and support vector regression
(SVR) for predicting the final quality score.

C. ML-BASED QUALITY ASSESSMENT

Estimating a quality score within the range of [1,5] is
a relatively straightforward regression problem. Therefore,
we believe that classical ML models with a moderate number
of parameters should suffice for this task. Although recent
literature has proposed more advanced models, such as
transformers, the results obtained with these models are
comparable to those obtained by simpler networks [19].
In this study, we trained and compared five CNN architec-
tures, inspired by the approach in [48]. The models share a
similar structure, based respectively on VGG16, ResNet50,
InceptionV3, NASNetMobile, and EfficientNetV2S. The
selection of these models was carried out as described
in Section I, taking into account various properties such
as architecture, size, and inference time. Each model
was pre-trained on the ImageNet dataset and subsequently
modified by removing its classification head. We refer to
these modified structures as backbones.

1) ARCHITECTURE DETAILS

For all models, a Global Average Pooling (GAP) layer is
appended to the backbone, followed by three Fully Connected
(FC) layers, each with Rectified Linear Unit (ReLU)
activation, Batch Normalization, and Dropout (Figure 3).
To maintain architectural consistency, normalization layers
are omitted for the VGG16 backbone, which does not include
them in its original design. A final linear FC layer outputs
the predicted MOS. The weights of the top FC layers were
initialized using the He method [56], which is a technique
designed to maintain the variance of activations across layers.
It sets weights using a random normal distribution scaled
by +/2/n, where n is the number of inputs to the neuron.
This method is particularly effective for activation functions
like the ReLU, helping to prevent vanishing or exploding
gradients.

2) DATASET AUGMENTATION

To facilitate training while preserving the integrity of image
distortions, as an essential factor for quality assessment,
we applied minimal data augmentation techniques. Specifi-
cally, we used random cropping as the primary strategy to
introduce variability in the training data, along with random
horizontal flipping. This careful selection of augmentation
methods was driven by the need to maintain the original
distortions in the images. Geometric transformations such
as rotations, scaling, or color modifications were avoided,
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FIGURE 3. Network architecture for quality score prediction. It employs a deep ImageNet-pretrained CNN backbone with top layers removed.
A regression head consisting of Fully Connected (FC), Batch Normalization and Dropout layers is appended to the backbone.

as they could introduce unintended changes that could
interfere with the model’s ability to accurately assess image
quality.

3) TRAINING PROCESS

Prior to training, each dataset was shuffled and then divided
into three subsets: 75% for training, 10% for validation, and
15% for testing. This partitioning was chosen to support
effective model learning while enabling reliable validation
and unbiased performance evaluation.

All our models were trained in the same manner,
by using the MSE loss function, which significantly penalizes
larger deviations from the ground truth. The optimization
was handled by the adaptive moment estimator (Adam)
optimizer [57]. Additionally, we employed a learning
rate scheduler, combining both exponential decay and
step decay mechanisms to fine-tune the learning process.
This hybrid approach allowed for a gradual reduction
in the learning rate while adjusting it based on specific
epochs.

The training process itself was divided into two main
stages, each characterized by different learning rate schedules
and levels of model flexibility. In the first stage, we froze the
backbone in order to focus on training the additional layers
added on top. For this phase, the initial learning rate was set to
10~*, which decayed gradually to 5 x 107> across 40 epochs.
During this stage, we monitored the model’s performance on
the validation set using the PLCC as the primary evaluation
metric. The model corresponding to the best PLCC score on
the validation set was saved for further use. Additionally,
early stopping was employed to prevent overfitting, with the
patience set to 5 and the minimum delta set to 5 x 1074,

In the second stage of training, we unfroze the backbone
network to allow fine-tuning of the entire model, includ-
ing the backbone layers. For this phase, we loaded the
best-performing model from the first stage and continued
training for an additional 30 epochs, starting with a reduced
learning rate of 107> and decaying it to 5 x 107% over
time. Once again, we relied on the PLCC metric to monitor
validation performance, saving the best-performing model
based on this metric.

To better evaluate the impact of the datasets on model
performance, we constructed a combined dataset consisting
of 743 images from LIVE2 and 650 images from KonlQ-
10K. A slightly modified training procedure was employed
for this dataset, involving fine-tuning of models pre-trained
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on KonIQ-10K. The initial learning rate was set to 10~° and
progressively reduced to 5 x 10~ across 30 epochs.

Figure 4 illustrates the loss decay curves from the best
training runs on the KonlQ-10K dataset for each of the ML
models evaluated. The corresponding performance metrics
are discussed in detail in Section III. As shown, the training
error converges around epoch 40 for VGG16 and ResNet50,
around epoch 50 for InceptionV3, and around epoch 60 for
both NASNetMobile and EfficientNetV2S. Among these,
VGG16 and EfficientNetV2S exhibit the lowest training MSE
(approximately 0.05), whereas ResNet50 records the highest
MSE (approximately 0.1).

4) HARDWARE AND SOFTWARE CONFIGURATION

The training experiments were conducted on a workstation
equipped with an Intel Core i7-8700 CPU with 32 GB of ran-
dom access memory (RAM), and an NVIDIA GTX 1080 Ti
GPU with 11 GB of video random access memory (VRAM).
Due to memory limitations of the GPU, the batch size during
training was fixed at 8. The models were developed and
trained using TensorFlow 2.15.

5) REPRODUCIBILITY AND CODE AVAILABILITY

To support reproducibility, all relevant source code and
scripts used for model training and evaluation are available
on Zenodo: DOI 10.5281/zenodo.15491771. While no novel
mathematical model was proposed, several modifications
were made to existing estimators from the MATLAB
Blind Image Quality Assessment Toolbox [58] to ensure
compatibility with MATLAB R2022b version.

IIl. RESULTS AND DISCUSSIONS

In evaluating image quality assessment models, it is essential
to measure how well model predictions align with subjective
human judgments. We use as key performance metrics the
PLCC [59], SRCC [60], KRCC [61], RMSE, and advanced
statistical methods such as ROC analysis and AUC [62], [63],
[64].

A. CONSIDERED ASSESSMENT METRICS

The PLCC for the set of pairs {(y;, y;)|i = 1,n), as given by:
>0 — EDVDGi — ED

i — EDD2 S Gi - EBIP

measures the linear relationship the sets represented by the
true labels y = {yjli = 1,n} and the predicted labels

PLCC(y, ) = (1)
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FIGURE 4. Training loss curves for all models on the KonlQ-10K training set: (a) VGG16, (b) ResNet50,
(c) InceptionV3, (d) NASNetMobile, and (e) EfficientNetV2s.

$ = {(3ili = 1, n}, where E[y] and E[}] represent the averages
of these respective sets.
The SRCC is defined as:

6 >, diff
n(n? —1)
where diff; is the rank difference between y; and y;. The

SRCC measures the strength and direction of the association
between the ranks of y and .

SRCC(y, y) =1 - @

The KRCC is a non-parametric statistic that measures the
ordinal association between two variables. It is defined as:
ne — ng
e 3)
un —1)

where n. and ng represent the number of concordant and
discordant (y;, y;) pairs, respectively, and 7 is the total number
of observations. Compared to SRCC, KRCC is generally
more robust to small sample sizes and tied ranks.

KRCC(y, §) =

All three correlation metrics, PLCC, SRCC, and KRCC,
produce values in the range [—1, 1], where —1 indicates a
perfect negative correlation, 0 denotes no correlation, and
1 represents a perfect positive correlation.

The RMSE is a common regression metric used to evaluate
the magnitude of prediction errors. It is defined as:

1 n
- E i — 3i)?
n

i=1

where y; is the ground truth and y; is the predicted value.
Lower RMSE values indicate more accurate predictions, with
0 representing a perfect prediction.

RMSE(y, ) = “

The ROC analysis is used to evaluate the performance
of a binary classifier. In our case, this method serves to

110328

analyze how well the considered ML models preserve the
similarity and dissimilarity between image pairs in terms of
their perceived overall quality, and whether they can correctly
identify which image has higher quality for the dissimilar
pairs. Following the approach in [65], we consider all possible
pairs (i, j) of images from a dataset and classify them as either
similar or dissimilar, based on a computed z-score:

. lyi — yjl
y = — 5
Z(l J) var (i) var(j) ( )
N () N(@)

where y; and y; are the ground-truth quality scores of images
i and j, var(i), var(j) represent the variance of the subjective
votes, and N (i), N(j) are the number of votes for each
respective image.

The likelihood that two images differ is estimated using
the cumulative distribution function (CDF) of the normal
distribution. Pairs for which the resulting probability CDF(z)
exceeds the chosen significance threshold o 0.95 are
considered significantly different.

The image pairs from the two classes are then evaluated
using the ML model, and the difference in their predicted
scores is computed as:

(6)

Perceptual similarity between two images is assumed when
| Amodel(, ))| < T, with T being a predefined threshold.

Using Equations 5 and 6, we computed the ROC curve and
the corresponding AUC for each ML model, and analyzed the
results in Section III-C. The AUC values range from O to 1,
with higher values indicating better model performance in
preserving perceptual similarity relationships.

Amodel(i’j) = );i - );j

B. ASSESSMENT OF THE IQA METHODS
In order to perform the comparison of different methods
for blind image quality assessment, we applied all the
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TABLE 2. Training and inference time for the different ML models, expressed in hours (h), minutes (min) and seconds (s).

Method LIVE2 KonlQ-10K Combined set
Training Inference Training Inference Training Inference
VGGI16 16 min 58 s 0.215s 4 h 24 min 0.255's 32 min 28 s 0.251s
ResNet50 15 min 22 s 0.255 s 3 h 34 min 0.281 s 30 min 56 s 0.294 s
InceptionV3 22 min 11's 0.290 s 3 h 25 min 0.343 s 26 min 30 s 0.344 s
NASNetMobile 28 min 30 s 0.497 s 4 h 46 min 0.510's 37 min 36 s 0.512s
EfficientNetV2S | 27 min 03 s 0.421 s 5h 28 min 0.446 s 41 min 26 s 0.436's

IEEE Access

selected measures to estimate the quality of images in the
chosen datasets and compared the results to the provided
labels, by calculating the considered metrics, as discussed in
Subsection III-A.

To compare the performance of the ML models, we con-
ducted experiments using three specific input resolutions:
224 x 224, 320 x 320, and 384 x 512. Preprocessing was
applied to most datasets to ensure compatibility with these
resolutions, as follows.

For the LIVE2, LIVE-itW and FLIVE datasets, we adopted
the approach described in [66], applying a white-fill trans-
formation to ensure that each image had a height of at
least 384 pixels and a width of at least 512 pixels, while
maintaining the original aspect ratio. No pre-processing was
applied to the KonlQ-10K dataset, as its images already
matched the resolution of 384 x 512.

For training the ML models, the images were randomly
cropped in order to fit the input in each case. For validation
and testing, we adopted a more comprehensive sampling
approach. To mitigate any potential bias due to random
cropping and to account for the variability across different
regions of an image, we extracted five sub-images from each
test image: one from each corner and one from the center.
The final predicted score for the entire image was obtained
by averaging the predicted scores from these five regions.

For each of the models, we finally considered the input
image size, for which the best results in most of the
experiments were obtained, namely 224 x 224 when training
on the LIVE2 dataset and 384 x 512 when training on KonIQ-
10K and the combined dataset, respectively.

Table 2 reflects the analysis of computational efficiency
and predictive performance of the ML models, and Table 3
provides a comparison of these models based on their archi-
tectural complexity, quantified by the number of parameters
and layers.

TABLE 3. Model size of the different ML architectures.

Method Number of parameters | Number of layers
VGG16 18.1M 29
ResNet50 30.1M 189
InceptionV3 28.3M 325
NASNetMobile 8.8M 783
EfficientNetV2S 25.3M 527

The results for the ML models are compared with other
feature-based BIQA methods in Table 4. We evaluated the
performance of the ML models when trained separately on
LIVE2, KonlQ-10K, and the combined dataset comprising
images from both LIVE2 and KonlQ-10K.
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For some of the other BIQA methods, we also com-
pared their performance across different training datasets,
as detailed in the second column of Table 4. These values
were calculated using a specific toolbox offered by [58].
Performance was evaluated by computing the SRCC, PLCC,
KRCC, and RMSE between the predicted labels and the
original labels for the images in each dataset.

As observed, the ML models achieved their best perfor-
mance on the datasets they were specifically trained on.
In Table 4, we highlighted all SRCC and PLCC values
greater than 0.8 for LIVE2 and KonlQ-10K, indicating a
high correlation. These measures are considered reliable
for evaluating the images in the respective datasets. For
LIVE-itW, we highlighted the top two results, which are at
least 0.7, representing the best-performing measures for this
dataset. The KRCC measure did not exceed 0.8 in any of
the experiments; therefore, we highlighted values greater than
0.65. For RMSE, values smaller than 0.35 were highlighted.
This enables us to easily identify, in Table 4, the models with
the highest number of highlighted values, indicating their
relatively superior performance.

For FLIVE, all methods failed to achieve satisfactory
results and are not included in Table 4. Very low correlation
values indicate that the measure is not adequate for the
respective dataset.

C. IMPACT OF THE DATASET ON IQA

As can be observed from the results presented in the result
tables, one of the main problems with the learning-based
IQA methods is the dependency of the dataset. All the
CNNs trained on the LIVE2 dataset perform poorly on
the naturally distorted images from KonlIQ-10K or LIVE-
itW. When trained on KonlQ-10K, VGG16 and ResNet50
achieve moderate results on LIVE2, while InceptionV3 and
EfficientNetV2S achieve relatively good results across all
datasets. Moreover, we observe that training on the combined
dataset, comprising images from both LIVE2 and KonlQ-
10K, increases the generalization potential of all models. The
BRISQUE descriptor from the well-known and frequently
used OpenCV library, which is trained on LIVE2, performs
very poorly in the natural context, as can be observed in
Table 4. Some recent works like [21] and [66] train models on
combined datasets. This certainly enhances the overall results
on those datasets, as it can be observed in Table 4, which still
does not guarantee the generalization on unknown data. Some
of the methods, like NIQE, poorly estimate an overall score
on naturally distorted images and are designed to recognize
specific distortions, as indicated in [28].
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TABLE 4. Results of the estimators.

Method Train LIVE2 KonlQ-10K LIVE-itW
set SRCC | PLCC | KRCC | RMSE | SRCC | PLCC | KRCC | RMSE | SRCC | PLCC | KRCC | RMSE
LIVE2 0.914 0.893 0.744 0.706 0.405 0.397 0.277 0.906 0.437 0.466 0.305 0.748
VGG16 KonlIQ-10K 0.715 0.662 0.51 0.884 0.884 0.909 0.705 0.241 0.787 0.808 0.59 0.664
Combined Set | 0.873 0.839 0.683 0.735 0.849 0.86 0.664 0.295 0.768 0.775 0.569 0.677
LIVE2 0.914 0.904 0.738 0.522 0.487 0.503 0.334 0.744 0.325 0.36 0.218 0.812
ResNet50 KonlQ-10K 0.662 0.627 0.511 1.136 0.871 0.885 0.686 0.339 0.752 0.765 0.555 0.921
Combined Set | 0.876 0.899 0.719 0.739 0.853 0.864 0.662 0.32 0.678 0.696 0.485 0.723
LIVE2 0.897 0.874 0.713 0.923 0.388 0.417 0.262 0.623 0.263 0.331 0.177 0.804
InceptionV3 KonlIQ-10K 0.806 0.764 0.594 1.092 0.894 0.921 0.719 0.315 0.781 0.803 0.585 0.903
Combined Set | 0.935 0.912 0.779 0.72 0.862 0.879 0.673 0.288 0.727 0.754 0.532 0.65
NASNet LIVE2 0.91 0.885 0.743 1.065 0.45 0.484 0.308 0.568 0.401 0.432 0.271 0.829
Mobile KonIQ—lOK 0.787 0.754 0.583 0.98 0.868 0.892 0.68 0.292 0.782 0.793 0.583 0.766
Combined Set | 0.901 0.887 0.72 0.777 0.859 0.885 0.67 0.286 0.75 0.769 0.554 0.655
EfficientNet LIVE2 0.852 0.822 0.665 1.011 0.323 0.3 0.202 0.567 0.283 0.3 0.189 0.849
Vs KonIQ—lOK 0.818 0.793 0.61 1.053 0.892 0.919 0.715 0.26 0.826 0.836 0.632 0.806
Combined Set | 0.907 0.897 0.733 0.786 0.883 0.904 0.703 0.319 0.8 0.811 0.602 0.757
BRISQUE LIVE2 0.903 0.89 0.73 0.449 0.32 0.329 0.218 0.831 0.302 0.327 0.206 0.958
KonlQ-10K 0.472 0.414 0.32 0.927 0.686 0.711 0.49 0.391 0.499 0.51 0.341 0.74
?Ol{;:r%[ig LIVE2 0.937 0.908 0.782 0.498 0.267 0.269 0.18 1.239 0.385 0.416 0.264 1.184
LIVE 0.829 0.422 0.62 1.41 0.077 0.037 0.052 1.766 0.319 0.325 0.215 1.455
NIQE LIVE2 0.542 0.53 0.377 0.89 0.016 0.011 0.01 1.68 0.054 0.06 0.037 1.507
KonlQ-10K 0.733 0.452 0.528 1.316 | -0.033 | 0.011 -0.021 1.646 0.124 0.108 0.083 1.52
BIQI LIVE 0.896 0.824 0.718 0.631 0.336 0.33 0.227 0.871 0.288 0.328 0.195 0.944
BLIINDS-II LIVE 0.912 0.888 0.741 0.52 0.023 0.045 0.015 1.457 0.15 0.196 0.101 1.147
DIIVINE LIVE 0.851 0.827 0.663 0.567 0.471 0.439 0.326 1.107 0.471 0.459 0.32 1.013

Another problem of the considered datasets is the fact that
most of them are unbalanced, as indicated in Section II-A,
and the number of images with good scores is considerably
larger than those with small scores. The best results in our
experiments were obtained by training with KonIQ-10K and
subsequently fine-tuning using a mixed dataset that combines
LIVE2 and KonlIQ-10K. This can be observed in the results of
Table 4. The methods were also tested on the FLIVE dataset,
but the results for the correlation were so small, under 0.5,
that we did not include them in Table 4.

To further compare the performance of the models, we cal-
culated the AUC, based on the ROC analysis, as indicated
in Section III-A. The results for the ML models trained on
KonlIQ-10K and the combined set, are presented in Table 5
for the Different versus Similar analysis and in Table 6
for the Better versus Worse analysis. We did not consider
the models trained on LIVE2, because they exhibit a low
generalization ability, as can be observed from Table 4.
The results confirm the observations from Table 4, with
InceptionV3 and EfficientNetV2S achieving the best overall
performance. The AUC values obtained on KonIQ-10K,
which was also used for training, are generally slightly
higher than those on LIVE-itW, with EfficientNetV2S
demonstrating the best generalization performance on
LIVE-itW.

In the Better versus Worse analysis, the AUC values are
higher overall, indicating that the models generally succeed
in selecting the images with better perceptual quality from the
pairs.

In Figure 5 are presented the ROC curves for the
models which obtained the best AUC values, respectively
InceptionV3 for KonlQ-10K, and EfficientNetV2S for
LIVE-itW. The horizontal axis indicates the False Positive
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FIGURE 5. Examples of ROC curves: (a) Different versus similar and
(b) Better versus worse for InceptionV3, and (c) Different versus similar
and (d) Better versus worse for EfficientNetV2s.

Rate (FPR), while the vertical axis shows the True Positive
Rate (TPR). In the Different versus Similar analysis, FPR
denotes the probability of classifying a similar pair as
different, while TPR indicates the probability of correctly
identifying a different pair. In the Better versus Worse
analysis, FPR corresponds to the rate at which the model
selects the lower-quality image, and TPR reflects the rate of
correctly selecting the higher-quality one.
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TABLE 5. Different versus similar AUC.

Method Train Set | KonlQ-T0K | LIVEtW
RonlQ-T0K 07774 0.6900
VGG16 Combined Set | 0.7368 0.6633
RonlQ-T0K 07594 0.6622
ResNet50 Combined Set | 0.7409 0.6165
s KonlQ-T0K 0.7913 0.6844
neeption’v: Combined Set 0.7454 0.6466
) RonlQ-T0K 07562 06773
NASNetMobile | hined Set | 0.7474 0.652
) RonlQ-T0K 07878 0.7081
EfficientNetV2S | hined Set | 0.7735 0.6843
TABLE 6. Better versus Worse AUC.
Method Train Set KonlQ-10K | LIVE-itW
RonlQ-T0K 0.8741 0.7982
VGG16 Combined Set 0.8401 0.7797
: RonlQ-T0K 08547 0.7759
ResNet>0 Combined Set | 0.8422 0.7356
ooV KonlQ-T0K 0.8854 07919
P Combined Set | 0.8534 0.7572
) KonlQ-T10K 0.8626 07941
NASNetMobile | pined Set 0.8596 0.7711
) RonlQ-T0K 08837 0.8188
EfficientNetV2S | hined Set | 0.8758 0.8017

To gain deeper insight into the impact of imbalanced
training datasets on score prediction, we further analyze the
differences between the true labels and the predicted scores
across the various datasets used to evaluate the models trained
on KonlQ-10K. The score difference for an image i is given
by:

AG) = yi — i D

where y; is the true score and y; is the predicted score
for image i. These differences are illustrated in Figure 6
for InceptionV3 and EfficientNetV2S, which achieved the
overall best results. For the other ML models tested, the
results are very similar. When testing on KonIQ-10K,
the negative values, indicating overestimation of the quality
scores, and the positive values, indicating underestimation,
are distributed relatively evenly throughout the MOS range.
This is an expected outcome, as both the training and test
samples come from the same distribution. However, when
evaluating the KonlQ-10K trained models on the LIVE2 and
LIVE-itW datasets, the distribution of the score differences
changes significantly. We observe that, influenced by the
distinct nature of distortions in LIVE2 and the imbalanced
score distribution, the predictions exhibit a consistent pattern.
All ML models tend to overestimate the scores for lower-
quality images, an effect more pronounced for LIVE-itW,
and to underestimate the scores for higher-quality images.
This behavior is remarkably similar across all ML models.
A likely explanation is that, in the KonlQ-10K dataset,
the number of images with MOS scores below 2.0 is very
limited, while images with scores close to 5 are virtually
absent. Consequently, models have limited exposure to such
cases during training and tend to overrate images with true
scores below 2.0 and significantly underrate those with true
scores above 4.0.
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All labels in the datasets are derived from human quality
assessments of photographic images depicting natural scenes.
Consequently, quality evaluators trained on these datasets
are designed to model human perception of quality for this
specific type of imagery. This poses a challenge when seeking
an effective quality measure for other types of images.
For instance, in fields such as medical imaging, denoising,
or image visualization - particularly with spectral images [9]
- researchers often need quantitative tools to evaluate the
performance of their enhancement methods. In such cases,
IQA estimators trained on existing datasets fail to provide
reliable instruments for assessment.

Such an example are medical images, which need
specialized IQA tools, taking into account the specific
features of such images [4]. Using classical tools does not
provide reliable results, as can be observed in [67], where
the results of the BRISQUE and the NIQUE estimators
available contradict in various cases the enhancement results
for angiogram quality enhancement. Another example is
the quality estimation of the spectral image visualization
algorithms of satellite images (Figure 7Y [9], where, again,
the results as presented in Tables 7 and 8 do only partially
correspond to the visually best results in Figure 7. In both
tables, the arrows adjacent to the names of the IQA methods
indicate whether the resulting value increases or decreases
with the quality of the image. An upward arrow signifies
that a higher score corresponds to better image quality,
while a downward arrow denotes that a lower score indicates
better image quality. The satellite images were acquired
by the PRecursore IperSpettrale della Missione Applicativa
(PRISMA) mission of the Italian Space Agency over Brasov
county.

TABLE 7. Scores for the October 2022 PRISMA visualization results.

Method Band Sel. | Decolorization | MPCNN | FCNN
BRISQUE | 15.463 17.004 14.182 14.982
NIQE | 2.577 2.56 2.884 2.659
BIQI | 50.297 55.981 24.921 24.981
BLIINDS | 29.5 26.5 27.5 30.5
DIIVINE | 24.445 15.757 14.88 14.369
VGGI16 1 2.939 3.378 3.232 3.439
ResNet50 1 2.620 3.116 3.123 3.17
InceptionV3 1 2.727 3.338 3.268 3.337
NASNetMobile 1 2.556 3.19 3.234 3.549
EfficientNetV2S 1 2.796 3.375 3.106 3.233

TABLE 8. Scores for the March 2023 PRISMA visualization results.

Method Band Sel. | Decolorization | MPCNN FCNN
BRISQUE | 11.544 13.334 11.213 11.9303
NIQE | 2.521 2.973 2.617 2.385
BIQI | 17.244 29.239 28.727 26.786
BLIINDS | 24.5 24.5 23.5 24.5
DIIVINE | 15.286 20.302 14.955 14.368
VGG16 1 2.938 2.808 2.924 3.201
ResNet50 1 2.364 2.399 2.932 2915
InceptionV3 1 2.709 2.899 3.013 3.179
NASNetMobile 1 2.664 2.802 3.112 3.167
EfficientNetV2S 1 2.9 2.909 2912 3.209

I These images were published with the permission of the authors of [9].

110331



IEEE Access

C. G. Fieraru et al.: Comparing Blind Image Quality Metrics for Reliable Image Assessment

1.00 R
2.0 ! 2.0
0.75 i
4 < 15 ! < 15
o 0.50 o o o
£ S o9 1.0
2 025 - 2
. g 05 Y 05
5 0.00 g g 00
D Q Q
g -0.25 g 00 £ -05
o _, o o
0.50 _05 10
-0.75 . 10 : 15 s
10 1.5 2.0 2.5 3.0 35 4.0 45 5.0 710 15 2.0 255 3.0 35 4.0 45 5.0 170 15 20 2’5 300 35 40 45 50
MOS MOS MOS
(@) (b) ()
2.0 P 2.0
0.75 i
1.5 i
< < < 15
5 050 5 § 5
5 025 5 1.0 5 10
8 o000 g 05 g 0s
5 5 5
E—ozs aq:\—) 0.0 g 0.0
3 —0.50 8-05 & 8 -05
-0.75 ) 10 v -1.0 .
1.0 1.5 2.0 2.5 3.0 3.5 4.0 45 5.0 1.0 1.5 2.0 2.5 3.0 35 4.0 45 5.0 1.0 1.5 2.0 2.5 3.0 3.5 4.0 45 5.0
MOS MOS
(d) ©) ®

FIGURE 6. Score differences A between true and predicted MOS values. In the first row for InceptionV3 when tested on:
(a) KonlQ-10K, (b) LIVE2, (c) LIVE-itW, and in the second row for EfficientNetV2S when tested on: (d) KonlQ-10K, (e) LIVE2,

(f) LIVE-itW. Both models were trained on KonlQ-10K.

(@) (b)

In Table 7 we can observe that most of the ML-models
and DIIVINE obtained the best scores for the images in
Figure 7d top, which is the best visualization of the October
PRISMA image. InceptionV3 obtains almost identical scores
for the decolorization-based HSI and the neural-network
visualizations, while EfficientNetV2S obtains a slightly
higher score for the decolorization-based HSI visualization,
than for the visually best image. BRISQUE and BIQI obtain
the best scores for Figure 7c top, which exhibits larger
contrast and more vivid colors, but has an unnatural look.
On the other hand, NIQE and BLIINDS do not obtain
reliable results for the October PRISMA image. The results
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FIGURE 7. Visualization of two hyperspectral images acquired by the PRISMA satellite over Brasov county in October 2022 (first row), and
in March 2023 (second row) using different methods: a) Band selection without further enhancement, b) decolorization-based HSI
visualization [68], c) Multichannel Pulse-Coupled Neural Network-Based Hyperspectral Image Visualization (MPCNN) [69], d) Fully
connected neural network [9].

in Table 8 show that NIQE, DIIVINE, and most of the ML
models yield the best scores for the fully connected neural
network (FCNN) visualization of the March PRISMA image.
In contrast, BRISQUE, BLIINDS, and ResNet50 rate the
MPCNN visualization as superior, with ResNet50 showing
only minimal differences between the MPCNN and FCNN
methods. Furthermore, as observed in both Table 7 and
Table 8, the ML models tend to rank the PRISMA images
in a manner consistent with human perceptual judgments.

In order to obtain a deeper analysis of the reliability
and consistency of the score estimation of the ML models,
we performed some statistical calculations. As explained in
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TABLE 9. Mean and standard deviation for the patch scores of the PRISMA images.

I . VGGI16 ResNet50 InceptionV3 NASNetMobile | EfficientNetV2S
mage Viz. Meth.
mean std mean std mean std mean std mean std

Band selection | 2.887 | 0.081 | 2.574 | 0.085 2.74 0.064 | 2.524 | 0.098 | 2.782 0.127

PRISMA Oct Decolorization | 3.335 | 0.092 | 3.122 | 0.052 | 3.398 | 0.101 | 3.283 | 0.122 | 3.346 0.073
MPCNN 3204 | 0.073 | 3.113 | 0.082 | 3.269 | 0.085 | 3.258 | 0.136 | 3.152 0.054

FCNN 3.488 | 0.071 | 3.199 | 0.138 | 3.348 | 0.066 3.49 0.137 | 3.281 0.055

Band selection | 2.971 | 0.079 | 2.366 | 0.103 | 2.695 | 0.118 | 2.591 0.155 2.92 0.074

PRISMA Mar Decolorization | 2.778 0.09 2.326 0.13 2946 | 0.178 | 2.793 | 0.152 | 2915 0.061
MPCNN 2927 | 0.068 | 2.872 | 0.067 | 3.024 | 0.061 | 3.002 | 0.157 | 2.907 0.089

FCNN 3.219 | 0.084 | 2.871 | 0.099 | 3.258 | 0.096 | 3.201 | 0.148 3.24 0.082

Section I1I-B, for larger inputs than the model input, as not to
alter the quality of the image, no resizing was performed. The
overall score of the input image was obtained, by averaging
the scores of 5 patches extracted from this target image.
For images in the considered datasets, this is not of much
consequence for the overall score, as these images may have
only slightly different sizes than the input of the model. In the
case of the PRISMA visualization, the situation changes,
as each image is of size 1000 x 1000 pixels, significantly
larger than the input of the networks, in each of the training
scenarios.

To analyze if an overall score can be reliably calculated
for such images considering only 5 patches, we performed
the following calculations. For each image, we considered
all patches of the model input size, starting from the top left
corner of the image, with a stride of 16 pixels, resulting in
a number of 1209 patches. All patches were passed through
the considered model and the average score, as well as the
standard deviation (std) for these scores, were calculated. The
results are presented in Table 9.

Comparing the scores of Table 9 with those of Tables 7
and 8 we can observe that the differences are not significant.
Moreover, the ranking of the images is the same. We also
can observe that the standard deviation values are all very
small, indicating an insignificant variability of score values
for the patches of the same image. These results confirm
the consistency of overall score calculation, as well as the
reliability of ML models for BIQA.

IV. CONCLUSION

Blind Image Quality Assessment is a critical task, not only
for the rapid, automatic estimation of image quality but
also as a tool for quantitatively evaluating the performance
of various algorithms for image restoration, generation,
or enhancement. To address the need for quantitative assess-
ment, we reviewed and compared five of the most prominent
blind quality estimators from recent literature. Addition-
ally, we trained five CNN models, VGG16, ResNet50,
InceptionV3, NASNetMobile, and EfficientNetV2S, using
publicly available BIQA datasets.

Our experiments and analysis indicate that neural
network-based estimators achieve the best performance,
particularly on natural images and the datasets they
were trained on. Despite variations in complexity, models
such as NASNetMobile and EfficientNetV2S demonstrated
competitive performance even on previously unseen data.
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InceptionV3 and EfficientNetV2S slightly outperformed the
other models, while larger architectures like VGG16 did not
yield significant accuracy improvements over more compact
networks.

However, the effectiveness of these models is highly influ-
enced by dataset characteristics, particularly label quality
and class imbalance. Datasets with a limited number of
extremely low- or high-quality images can lead to inaccurate
score predictions due to the limited exposure of the models
to such cases. On the other hand, classical estimators such
as BRISQUE and NIQE struggle when applied beyond
their original calibration domains, highlighting the limited
generalization of many BIQA techniques.

In conclusion, while ML-based BIQA methods hold strong
potential, no single estimator proves universally reliable.
Accurate quality assessment still requires careful alignment
between the estimator and the specific image domain, making
the objective evaluation of image generation or enhancement
algorithms an ongoing and complex challenge.

As a future direction, we propose further exploration of
both model architectures and the construction of appropriate
datasets. Transformer-based models may offer promising
potential, along with the development of new BIQA metrics
that reflect the specific properties of the target images. These
metrics could also incorporate existing quality measures in an
effective way.
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