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channel attention for blind image
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This study introduces a novel Blind Image Quality Assessment (BIQA) approach leveraging a multi-
stream spatial and channel attention model. Our method addresses challenges posed by diverse image
content and distortions by integrating feature maps from two distinct backbones. Through spatial and
channel attention mechanisms, our algorithm prioritizes regions of interest, enhancing its ability to
capture crucial image details. Extensive evaluations on four benchmark datasets demonstrate superior
performance compared to existing methods, closely aligning with human perceptual assessment. Our
approach exhibits exceptional generalization capabilities on both authentic and synthetic distortion
databases. Moreover, it demonstrates a distinctive focus on perceptual foreground information,
enhancing its practical applicability. Thorough quantitative analyses underscore the algorithm’s
superior performance, establishing its dominance over existing methods.
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In today’s digital landscape, images play pivotal roles across diverse sectors such as medicine, remote sensing,
and entertainment!?. However, these images often suffer from quality degradation due to various factors
like compression, noise, and color distortions. Such deterioration can affect visual perception or impede the
extraction of crucial information®=>, potentially affecting disease diagnosis, precision agriculture, or the overall
Quality of Service (QoS) in various applications®’.

Addressing these challenges, Image Quality Assessment (IQA) approaches have emerged, aiming to
objectively evaluate the quality of digital images®!°. A fundamental challenge in IQA is understanding how
different distortions impact image quality and finding effective ways to mitigate their effects>!!. Factors such as
limitations in imaging sensors, ambient conditions, transmission bandwidth, and storage space can introduce
noise, blur, compression artifacts, and color distortions, all of which can obscure important image details!2.
Therefore, the development of generalized IQA algorithms becomes imperative to ensure the efficient utilization
of images for their intended purposes*>.

The IQA domain holds significant implications, particularly in fields where image quality directly influences
outcomes. Generalized IQA algorithms are instrumental in mitigating distortion effects, thus improving overall
visual perception and enabling more accurate diagnoses and treatments in medicine, precision agriculture and
enhancing QoS in entertainment contexts®®14,

Objective IQA algorithms can be classified into three categories based on the access to reference information:
full-reference, reduced-reference, and no-reference. Full-reference algorithms compare a distorted image to
its original reference, whereas reduced-reference methods assess image quality using partial information from
the original image, such as metadata or reference-extracted features'>!6. In contrast, no-reference techniques
evaluate image quality without access to the original reference, instead relying solely on the distorted image!’~°.
Figure 1 visually depicts the working principle of these three IQA approaches.
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Fig. 1. Working principles of objective image quality assessment techniques

While full-reference and reduced-reference methods provide accurate assessments in controlled environments
with access to reference images, they face limitations in real-world scenarios?*?! where such references may be
unavailable or impractical to obtain. In contrast, no-reference IQA methods offer a solution to this challenge
by autonomously evaluating image quality without relying on reference images??. Therefore these methods are
crucial in situations where access to reference images is limited, such as real-time video streaming?*~%°, precision
agriculture>* or medical imaging?®?’, and various distortions found in modern digital environments!'>23.

Despite the critical importance of IQA, existing methodologies face challenges in accurately assessing image
quality, particularly in scenarios where images contain multiple important regions. Traditional approaches
often treat the entire image uniformly, leading to inaccuracies, especially when dealing with complex objects or
natural scenes with foreground and background information.

To address these limitations, this study introduces a multi-stream spatial and channel attention algorithm.
This algorithm leverages features from two backbones and integrates spatial and channel attention mechanisms
to enhance predictions that closely align with human perceptual assessment. By focusing on important regions
within the image, this approach improves the algorithm’s capacity to capture salient image details.

Additionally, the study proposes a quality-aware loss function to enhance precision and correlation in BIQA.
This loss function combines two key metrics, the Mean Absolute Error (MAE) and the Pearson Linear Correlation
Coefficient (PLCC) based loss, to provide a comprehensive evaluation of image quality. By considering both the
absolute error and the linear correlation between predicted and ground truth quality scores, the quality-aware
loss function offers a holistic perspective on the image quality assessment process.

The effectiveness and practicality of the proposed approach are demonstrated through comprehensive
evaluations of four benchmark datasets, encompassing both authentic and synthetic distortion databases. The
algorithm developed in this study exhibits a notable focus on perceptual foreground information, thereby
enhancing its suitability for real-world applications.

Literature review

The field of BIQA has witnessed significant advancements with the introduction of hand-engineered features-
based algorithms and deep learning-based algorithms. This literature review explores and analyzes the progress
made in BIQA through these two distinct approaches. The first part of the review focuses on the early stages
of BIQA, where hand-engineered features played a pivotal role in developing assessment algorithms. Key
characteristics, advantages, and limitations of these feature-based methods are thoroughly investigated.
Subsequently, the second part of the review delves into the recent developments driven by deep learning
techniques, which have revolutionized the BIQA domain. Contributions of deep learning-based algorithms are
examined, highlighting their successes and addressing any challenges they might face. Through a comprehensive
examination of both research streams, this review aims to provide an in-depth understanding of the evolution
and current state of BIQA techniques.
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Handcrafted features based approaches

Moorthy et al.?? introduced the DIIVINE algorithm for BIQA, based on the premise that pristine images possess
specific statistical properties that are altered by artifacts and distortions, leading to unnatural appearances.
DIIVINE operates in two stages: the first stage identifies distortions, while the second assigns a distortion-
specific quality score. Similarly, Saad et al.** proposed BLIINDS-II, a no-reference BIQA algorithm that assumes
original images have distinct statistical properties that are modified when distortions occur. This algorithm
also functions in two stages: detecting the presence of distortions and evaluating image quality based on the
identified distortions. When assessed on the LIVE IQA dataset'®, BLIINDS-II demonstrated a strong correlation
with human subjective scores.

Expanding on these methods, Xue et al.?! introduced the quality-aware clustering approach for BIQA,
showing comparable performance in terms of correlation with subjective scores. In further work, Xue et al.*
developed a model using two local contrast features: the gradient magnitude map and the Laplacian of Gaussian
response. This model was evaluated across three major benchmark databases, where it achieved state-of-the-
art performance compared to other models, including those employing full-reference assessments. Continuing
this trend, Zhang et al.** proposed an opinion-unaware BIQA method that does not rely on human subjective
scores as ground truth. Utilizing a multivariate Gaussian model with image patches, the approach leveraged the
Gaussian distribution of locally normalized luminances and the Weibull distribution of gradient magnitudes.
Although this model showed reasonable performance, it was outperformed by models trained on subjectively
scored images.

Addressing the need for BIQA methods targeting poor contrast images, Fang et al.** developed an approach
using Natural Scene Statistics (NSS) features and support vector regression to predict image quality based
on subjective evaluation scores. The model has been evaluated on three benchmark datasets, however, the
performance was highest on the CID2013 dataset®. Building on the use of high-order statistics, Xu et al.’
proposed an approach called High-Order Statistics Aggregation (HOSA), achieving competitive performance
against state-of-the-art methods while requiring only a small codebook. This model was evaluated on ten
different image databases with both simulated and realistic distortions, effectively addressing the challenges
faced by previous feature learning-based BIQA methods.

Focusing on practical applications, Ghadiyaram et al.’” presented a “bag of feature maps” approach, using
NSS to extract non-distortion-specific features for blind image quality assessment. They tested their model on
legacy databases with authentically distorted images and a new distortion-realistic database named “LIVE In
the Wild Image Quality Challenge Database”3, where it showed superior performance over existing algorithms.
Similarly, Kundu et al.*® introduced a non-reference IQA model for high dynamic range (HDR) images,
combining standard and novel HDR-space features based on bandpass and differential NSS information, which
resulted in optimal performance on both HDR and standard image datasets.

Sadiq et al.* advanced the field by proposing a BIQA technique that extracts features from both spatial
and transform domains, integrating morphological gradient, discrete Laplacian, and stationary wavelet
transform. The features were normalized using an adaptive joint normalization framework, resulting in superior
performance compared to state-of-the-art BIQA and full-reference IQA techniques across five legacy databases.
Ahmed et al.*! followed this with the introduction of the Perceptual Image Quality Index (PIQI), combining
contrast-normalized products, luminance, and gradient statistics to evaluate image quality. PIQI outperformed
twelve state-of-the-art methods across six benchmark datasets in terms of RMSE, Pearson, and Spearman’s
correlation coefficients.

Khalid et al.!! introduced GPR-BIQA, a novel Gaussian process-based algorithm for blind image quality
assessment (BIQA). The authors developed an integrated feature selection framework tailored specifically for the
BIQA problem, employing an innovative method to consolidate features by incorporating optimal characteristics
from transform, spatial, and various other domains. Additionally, the algorithm utilized a Gaussian process-
based regression model designed to predict image quality without focusing on specific types of distortions.
The efficacy of GPR-BIQA was validated through comprehensive evaluations on both natural and synthetically
distorted image databases, where it outperformed contemporary NSS and deep learning-based methodologies.

Additionally, to address image quality assessment for tone mapping algorithms in high dynamic range
(HDR) images, Alotaibi et al.*? proposed a new algorithm. This algorithm utilized sixteen distinct features and
was evaluated against twenty-four existing IQA metrics, demonstrating its effectiveness on both an existing
and a newly proposed dataset for the problem. The proposed approach outperformed existing tone mapping
algorithms and ranked second highest on standard legacy datasets.

Deep learning-based approaches

In addition to algorithms based on NSS handcrafted features, deep learning-based methods have also emerged
as effective solutions in BIQA. Gu et al.¥? introduced DIQ], a deep neural network-based algorithm capable of
capturing complex image attributes, outperforming classical full-reference and state-of-the-art reduced and no-
reference IQA algorithms on the TID2013 database. Similarly, Fu et al.** proposed a CNN-based BIQA method
that achieved optimal performance on the LIVE IQA database. Bianco et al.** further developed DeepBIQ,
which outperformed other state-of-the-art methods across several legacy benchmark datasets, including LIVE'®,
CSIQ*, TID2008, and TID2013%.

Ma et al.?! proposed MEON, a multi-task end-to-end optimized deep neural network for BIQA that consists of
two sub-networks for distortion identification and quality prediction. This model demonstrated competitiveness
against state-of-the-art BIQA models when tested on multiple IQA datasets. In another development, Zhang et
al.? proposed a deep bilinear model for blind image quality assessment, addressing both synthetic and authentic
distortions using two streams of deep CNNs. Ahmed et al. presented a CNN-based BIQA algorithm that utilizes
an ensemble technique, showing performance advantages in BIQA. Later, Ahmed et al.* proposed a hybrid
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BIQA method combining handcrafted and deep extracted features, which outperformed existing algorithms on
seven benchmark datasets in terms of correlation with human opinion measures.

Ying et al.>® proposed PaQ-2-PiQ, an extensive subjective picture quality database, leading to advanced
models capable of predicting both global and local image quality accurately. This significant development helps
address the challenges of blind perceptual image quality assessment in real-world scenarios. Similarly, Hosu
et al.'” introduced the KonIQ-10k dataset, one of the largest IQA datasets available, along with KonCept512, a
deep learning-based model that exhibited excellent generalization characteristics compared to state-of-the-art
algorithms. Building on deep learning techniques, Ahmed et al.>! proposed an IQA model using activations
of pre-trained deep neural architectures as features from an ensemble of Gaussian process regression models,
achieving state-of-the-art performance across various datasets. On the same lines, Varga®? proposed an IQA
algorithm with multiple neural architecture-based decision feature fusion. The algorithm has outperformed
several IQA algorithms, however, the computationally and memory efficacy is not optimistic.

Zhang et al.! proposed a method for continual learning in BIQA, in which the model adapts incrementally
from a stream of IQA datasets, demonstrating superior performance over traditional training techniques. Wang
et al.® investigated the application of Contrastive Language-Image Pre-training (CLIP) models, emphasizing that
the extensive visual-linguistic priors embedded within CLIP can effectively evaluate image quality perception
without the necessity of task-specific training. Their method achieved an approximate accuracy of 80% across
all five attributes evaluated. Subsequently, Sang et al.>* introduced a self-supervised learning algorithm aimed at
addressing the poor generalizability observed in deep learning-based IQA methods. A significant advantage of
this algorithm is its compatibility with deployment on edge devices, achieving a performance level surpassing
that of the teacher network.

Li etal.>* proposed a CNN-based BIQA algorithm incorporating content-awareness and distortion-sensitivity
mechanisms, which exhibited superior performance across various image and distortion types. Yang et al.>
introduced a transformer-based BIQA algorithm that demonstrated higher performance compared to other
IQA methods. However, it was noted that their algorithm requires more computational resources, yielding only
marginal improvements over conventional state-of-the-art IQA methods.

The existing literature presents a comprehensive spectrum of deep learning-based BIQA algorithms,
illustrating their efficacy and potential in delivering precise image quality assessments. Despite these
advancements, techniques such as transformer-based IQA necessitate large-scale datasets to prevent overfitting
and demand substantial GPU memory along with expensive hardware for inference during later stages.
Therefore, the development of an algorithm featuring robust feature fusion, effective attention mechanisms, and
enhanced generalizability across IQA datasets is imperative for future research.

Proposed model

A detailed visual representation of the proposed architecture is reported in Figure 2a. The model consists of two
parallel backbones inspired by Resnet and EfficentNet that are optimized for the task using transfer learning
to ensure robust deep feature volume extraction. The feature volume extracted from each backbone is then
reduced in size through Global Average Pooling to capture global information in a regularized manner. Spatial
and channel attention modules are then applied in each parallel pipeline followed by feature fusion, and finally,
an optimized feed-forward neural regression head is added for quality assessment. The spatial and channel
attention mechanisms are inspired by MIRNET>® and the final architectures used for both of these attention
modules are depicted in Figure 2b and 2c.

The spatial attention block highlights the most important parts of an image by learning individual weights for
each pixel. This allows the model to focus on specific regions and suppress irrelevant ones, ultimately enhancing
the quality assessment process. On the other hand, the channel attention block emphasizes the significant
channels within a convolutional layer by learning weights that highlight essential channels while suppressing
less relevant ones. This approach enables the model to capture and leverage the most vital information from
each channel, leading to a more effective overall feature representation. By integrating the spatial and channel
attention blocks into the final model, the model’s ability to discern critical image details is enhanced, thus
improving image quality assessment performance.

Spatial block
The spatial attention block incorporates several essential operations to highlight important regions within an
image. It utilizes both average and maximum pooling operations to extract significant features. Average pooling
calculates the mean value across a specific area, while maximum pooling selects the highest value. These
operations help in downsampling and abstracting feature maps, making it easier to identify important spatial
information.

Mathematically, the average pooling for spatial attention is expressed as:

H W
1
avg_pool[i, j, k] = W Z 21[7 h,w, k] (1)

h=1 w=1

Moreover, maximum pooling for spatial attention is represented as:

max_pool[i, j, k] = Imax (Ilﬂ)_i( xli, hyw, k]) (2)

h=1 w=
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Fig. 2. Illustrations of different components of the system
The outputs from the pooling operations are concatenated along the last dimension, preserving spatial
information while combining features extracted through different methods. This concatenation enhances the
model’s ability to capture diverse aspects of the input data.
Mathematically, the operation can be denoted as:
concatli, j, k] = [avg_poolli, j, k], maz_poolli, j, k]| 3)
Following concatenation, a convolutional layer is applied to the concatenated tensor. This layer utilizes a 3 x 3
kernel to convolve over the spatial dimensions, producing an output tensor with a singular channel. The sigmoid
activation function is then applied to generate a probabilistic spatial representation.
Mathematically, the operation is expressed as:
11
convli, j, k] = o Z Z w[m, n] - concat[i,j +m,k+n]+b (4)
m=—1n=-1
where:
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« wrepresents the convolution kernel,
« o denotes the sigmoid activation function

Finally, the spatial feature map is generated through element-wise multiplication between the input tensor and
the output tensor obtained from the convolutional layer. This operation emphasizes regions of interest identified
by the spatial attention mechanism.

Mathematically, the operation is given by:

Spatial Feature Map[i, j, k] = x[i, j, k] - conv][, j, k] (5)

These combined operations within the spatial block enable the model to focus on relevant spatial features within
the input image effectively.

Channel attention block
The channel attention mechanism serves the purpose of emphasizing important channels within the input feature
maps while suppressing less relevant ones. It takes an input tensor x and performs the following operations:
First, it applies average pooling along the spatial dimensions of the input tensor (height and width). This
operation facilitates the adaptive weighting of channel importance, contributing to refined feature representation
and learning.
Mathematically, it can be expressed as:

H W
1
avg_pooli, 1,1, k] = T Z EI[’L h,w, k] (6)
h=1 w=1

Second, it employs max-pooling along the spatial dimensions of the input tensor. This operation captures the
maximum activation intensity of each channel across the comprehensive spatial expanse of the feature map. The
utilization of max-pooling in this context facilitates the adaptive weighting of channel importance, contributing
to refined feature representation and learning.

Mathematically, it can be expressed as:

max_pool[i, 1,1, k] = max (nigx xli, hyw, k]) (7)

h=1 w=

Third, it concatenates the output tensors from the average pooling and maximum pooling operations. This
results in an output tensor with the shape (batch _size, 1, 1,2 x channels).

Mathematically, it can be expressed as:

concat[i, 1,1, k] = [avg_pool[i, 1, 1, k], max_pool[i, 1, 1, k]| (8)

Fourth, it applies a fully connected layer called fcl to reduce the dimensionality of the concatenated tensor. It
introduces non-linearity through the rectified linear unit (ReLU) activation function. After fcl, another fully
connected layer called fc2 is introduced to restore the dimensionality to the original size of the last dimension
of the input tensor x. The sigmoid activation function is applied for the adaptive modulation of each unit within
the output. This modulation is pivotal, as it enables the model to dynamically weight the importance of each
channel within the feature map.

Mathematically, it can be expressed as:

2x channels

Feqli, 1,1,k = ReLU | Y Wealj, k] - concat[i, 1, 1, j] + bre[K] )
j=1
channels
Fe2li, 1,1, k] = Sigmoid [ Y~ Weealj, k] - fel[i, 1, 1, j] + bre[k] (10)
i=1

Finally, it performs an element-wise multiplication operation between the input tensor x and the output tensor
obtained after the fc2 layer. This operation acts as a gate, integrating the learned channel-wise information from
dense2 back into the original input tensor. Consequently, the network gains the capacity to selectively amplify or
attenuate specific channels based on their learned relevance, enhancing the model’s discriminatory power and
feature representation capabilities. Mathematically, it can be expressed as:

Channel Attention Feature Mapli, j, k| = xli, j, k| - Fe2]i, j, k] (11)
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Final proposed model
The complete architecture of the proposed model can be represented mathematically as follows:

Input layer
The input tensor is denoted as x.
Chain-1
The chain-1 takes the input tensor x and performs a series of operations:
x9 =Feature Extraction Chainl(x) (12)
1 H W
Zoli, 7, K] W Z Z xoli, hy,w, k] (13)
h=1 w=1
Zo[t, 7, k] =Reshape ((1,1, —1)) (x2[i, 7, k]) (14)
T =spatial _attention(z2) (15)
29 =channel _attention(zs) (16)

H

14
x9[i, j, k] =Flatten (Z Z @[ty hy w, k}) (17)

h=1 w=1

Chain-2
The chain-2 takes the input tensor x and performs a series of operations, here the Feature Extraction Chain 2 is
derived from EfficentNetB7 :

x3 =Feature Extraction Chain2(z) (18)

1 H W
x3i, 7, k] T W ; 2 x3[i, h,w, k] (19)
xsli, 7, k] =Reshape ((1,1, —1)) (x3[i, 7, k]) (20)
x3 =spatial _attention(zs) (21)
x3 =channel _attention(zs) (22)

H

W
x3lt, 7, k] =Flatten (Z Z x3t, h,w, k}) (23)

h=1 w=1

Feature fusion
The outputs from the Feature Extraction Chain-1 and Feature Extraction Chain-2 are concatenated to form a
single tensor:

concatenated _output[i, 7, k] = Concatenate()([za[t, 7, k], 23, 7, k]]) (24)

Regression head
The concatenated output tensor mentioned in 24 then undergoes several fully connected layers with batch
normalization and dropout applied:

1024
x[i, 7, k] = max <0, E Wi[m, k] - concatenated _output[i, j, m] + b1[k]) (25)

m=1

o W is the weight matrix for the first dense layer.
o Dby is the bias term for the first dense layer.

x[imjv k] — Mk

oli, g k] = TR

o (i is the mean for the batch normalization of the first dense layer.
« 0}, is the standard deviation for the batch normalization of the first dense layer.
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€ is a small constant for numerical stability.

x[i, 3, k] = x[t, j, k] - Bernoulli(p = 0.75)

Bernoulli(p = 0.75) is a random variable with a Bernoulli distribution and probability p = 0.75.

512
x[i, 7, k] = max <0, Z Walm, k] - x[i, j,m] + b2[k]>

m=1

W, is the weight matrix for the second dense layer.
by is the bias term for the second dense layer.

:I;[i7jﬁ k] — Mk

oli, g k] = TR

14, is the mean for the batch normalization of the second dense layer.
o} is the standard deviation for the batch normalization of the second dense layer.
¢ is a small constant for numerical stability.

x[i, 3, k] = i, j, k] - Bernoulli(p = 0.75)

Bernoulli(p = 0.75) is a random variable with a Bernoulli distribution and probability p = 0.75.

256
x[i, j, k] = max <0, E Wilm, k] - x[i, j,m] + bg[k])
m=1

W3 is the weight matrix for the third dense layer.
b is the bias term for the third dense layer.

x[imjv k] — Mk

ol g k] = TR

{4, is the mean for the batch normalization of the third dense layer.
oy, is the standard deviation for the batch normalization of the third dense layer.
e is a small constant for numerical stability.

xli, j, k] = x[i, j, k] - Bernoulli(p = 0.5)

Bernoulli(p = 0.5) is a random variable with a Bernoulli distribution and probability p = 0.5.

(28)

(31

The final stage, predicts the blind image quality using a dense layer with a linear activation function. This layer
takes the refined feature maps as input and directly outputs a numerical quality score, providing an objective
assessment of the image’s perceptual quality.

num_ classes

predictions[i] = Z Wprodi(‘tions [7] . I[Z, 7] + bprcdictiuns []}
j=1

predictions is the vector of final predictions.

Woredictions 18 the weight matrix for the output layer.

bpredictions is the bias term for the output layer.

xli, j] represents the j-th element of the vector x at batch 1.

The linear activation function is applied to obtain the final predictions.

(34)
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Dataset Type Total Images | Resolution | Score Range
Koniq-10k | Authentically distorted | 10,073 Multiple 0-100
BIQ2021 Authentically distorted | 12,000 512 x 512 | 0-1

LIVEC Authentically distorted | 1,162 500 x 500 | 0-100
TID2013 | Synthetically distorted | 3,000 512 x 384 | 0-9

Table 1. Summary of Image Quality Assessment Datasets.
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Fig. 3. Working principles of objective image quality assessment techniques

Experimental results

Datasets

The selection of relevant datasets is crucial to thoroughly assessing BIQA models. A comprehensive assessment
is conducted using both synthetic and authentic distortion image datasets. The synthetic distortion image
dataset allows for the evaluation of model performance under controlled or laboratory conditions, resulting in
valuable preliminary insights. Meanwhile, authentic distortion image datasets make it easier to evaluate model
performance in real-world scenarios, ensuring that the results are relevant and reliable. The use of these diverse
datasets allows for a comprehensive evaluation of BIQA models across various contexts.

Among the datasets used in this study is the TID2013 dataset*®, which contains 25 reference images that are
distorted by simulating 24 types of distortions at five granularities. The LIVE in the Wild Challenge dataset’,
which consists of 1,161 images with varying degrees and types of distortion. The images included in this dataset
are captured by different and diverse image-capturing devices, so that the natural artifacts and distortions may
be authentically captured. The KonIQ-10K'” dataset contains 10,073 authentically distorted images, the dataset
is one of the most diverse and large-scale datasets available for the design and evaluation of the image quality
assessment algorithm in the natural environment. The BIQ20211° is the largest dataset of authentically distorted
images and contains 12,000 where the ground truth quality score for the dataset is provided in the form of MOS.
The summary for these datasets is tabulated in Table 1. Quality score normalized distribution plots for different
datasets is reported in Figure3.

Evaluation metrics

To validate and compare the performance of the designed algorithm, standard evaluation metrics commonly
employed for typical regression problems are utilized. These metrics provide essential insights into the
algorithm’s accuracy and effectiveness in predicting continuous quality scores. Further details on the specific
evaluation metrics and their application in the context of blind image quality assessment will be discussed in the
subsequent sections.

Pearson Linear Correlation Coefficient (PLCC)

The Pearson correlation coefficient is a widely used metric that quantifies the strength of a linear relationship
between variables. In the context of image quality assessment, it serves as a common evaluation measure to
assess the alignment between a BIQA model’s predicted quality scores and the ground truth quality scores. A
high Pearson correlation coefficient indicates a strong linear relationship, suggesting that the model’s predictions
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closely match the actual quality scores, thereby validating its effectiveness in objective image quality assessment.
The PLCC can be given by 35:

proc — oY) (35)
Var(Y)Var(Y")

The value of PLCC ranges from -1 to +1. A PLCC value of +1 indicates a perfect positive linear correlation,
meaning that as the ground truth quality scores increase, the BIQA model’s predicted scores also increase
proportionally. A PLCC value of -1 indicates a perfect negative linear correlation, meaning that as the ground
truth quality scores increase, the BIQA model’s predicted scores decrease proportionally. Finally, a PLCC value
of 0 indicates that there is no linear correlation between the two sets of scores.

Spearman ranked order correlation coefficient (SROCC)

The SROCC is a valuable metric for measuring the strength of a monotonic relationship between two variables.
In the context of image quality assessment, it is employed to compare a BIQA model’s predicted quality scores
with the ground truth quality scores, without considering the exact magnitudes of the scores. SROCC assesses
the consistency in the ranking order of scores, providing insights into how well the model captures the relative
image quality judgments, irrespective of specific numerical values. This makes SROCC particularly useful when
evaluating the model’s ability to rank images according to their perceptual quality accurately. The SROCC can
be given by 36:

6 D?
SROCC=1- s (36)

where D is the difference between the ranks of Y and Y/, and n is the number of samples. The value of SROCC
ranges between -1 and +1. An SROCC value of +1 indicates a perfect monotonic correlation, meaning that
as the ground truth quality scores increase (or decrease), the BIQA model’s predicted scores also increase (or
decrease). An SROCC value of -1 indicates a perfect negative monotonic correlation, meaning that as the ground
truth quality scores increase (or decrease), the BIQA model’s predicted scores decrease (or increase). Finally, an
SROCC value of 0 indicates no monotonic correlation between the two sets of scores.

Kendall ranked order correlation coefficient (KROCC)

Kendall's Tau or KROCC is another valuable metric utilized to quantify the correlation between the predicted
and ground truth variables, particularly in the context of image quality assessment. This measure focuses
on evaluating the similarity of rankings between the two sets of variables. By assessing the concordant and
discordant pairs of rankings, Kendall’s Tau provides valuable insights into how well the BIQA model captures
the relative image quality judgments, regardless of the actual numerical values of the quality scores. Its use
is especially pertinent when evaluating the model’s ability to maintain consistent ranking orders between the
predicted and ground truth quality scores, making it a robust tool for assessing the model’s performance in terms
of perceptual quality assessment. The KROCC can be given by 37:

B 2P
= n(n —1) 37)

where P is the number of concordant pairs minus the number of discordant pairs, and » is the number of
observations. A concordant pair is a pair of observations that have the same order in both variables being
compared (i.e., they are either both greater than or both less than each other). A discordant pair is a pair of
observations that have opposite orders in the two variables (i.e., one is greater than the other in one variable, but
smaller in the other variable). The Kendall tau coefficient (denoted by the symbol 7) ranges from -1 to +1, with
values of -1 indicating a perfect negative association, 0 indicating no association, and +1 indicating a perfect
positive association.

Implementation details

The proposed algorithm is trained and evaluated on an NVIDIA P5000 graphics card with a memory bandwidth
of 16 GB. The optimizer used for training is Adam, with an initial learning rate of le — 4. If there is no
improvement in validation performance for two consecutive epochs, the learning rate decreases. The minimum
learning rate is set to le — 8. To prevent overfitting, an early stopping criterion is implemented. The total number
of training epochs is set to 100, and the batch size is 10. The model’s image dimensions are 224 x 224.

For training and testing, each dataset is split into three non-overlapping parts: training, validation, and
testing. These splits are used for training and evaluating the proposed model and comparing it with existing best-
performing models. All algorithms are evaluated on the same image size and split to ensure a fair comparison,
providing a standardized evaluation environment for accurate and unbiased comparisons. The training curve for
the algorithm is reported in Figure4.
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Loss function
In the training of the proposed model, a modified loss function is introduced to capture better correlation and
absolute value performance. This modified loss function is designed to include both MAE and PLCC terms.

The MAE term in the loss function emphasizes the absolute difference between the predicted and ground
truth quality scores. By minimizing this term, the model aims to reduce the average magnitude of errors,
ensuring accurate predictions regarding absolute value. On the other hand, the PLCC term in the loss function
focuses on capturing the linear relationship between the predicted and ground truth quality scores. A higher
PLCC value indicates a stronger linear correlation, demonstrating the model’s capability to align its predictions
with human perceptual judgments.

The proposed model optimizes for accurate absolute value predictions and strong linear correlation with
human judgment by combining MAE and PLCC terms in the loss function. This modification enables the
model to effectively balance between precise quality score predictions and maintaining a close alignment with
human perception, leading to enhanced performance in blind image quality assessment. The loss function can
be implemented by using the equation 38.

Loss = AMAE + A\PLCCr s (38)

where:
1 — .
MAE =— Y. -Y;
- Z:; | | (39)
Cov(Y,Y)
Var(Y)Var(Y')

PLCCLOSS :1 - (40)

where Y; is the ground truth score, Y, is the predicted score, and # is the number of samples. Here, A} = 1
and Ay = 10. The weight terms assigned to each component of the loss function is estimated using parametric
analysis. The significance of using a combined MAE and PLCC loss for regression tasks lies in its robustness to
outliers, assessment of linear relationships, balanced evaluation of accuracy and correlation, customization of
performance based on task requirements, and potential enhancement of model generalizability. The values for
the A; and ), are determined using the grid search, the plot for the search is reported in Figure 5.

Performance evaluation
BIQA deals with the assessment of image quality in the absence of reference information and therefore the
model evaluation is performed via quantitative and qualitative analysis which are discussed further.

Quantitative analysis
The quantitative analysis is performed by focusing on training and evaluating the proposed model on authentically
distorted datasets and one synthetically distorted dataset. The quantitative performance of the proposed model
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Approach PLCC | SROCC | KROCC
NIQE®® 037 {031 0.21
CNNIQA'® 039 |0.16 0.11
BRISQUE® 043 037 0.26
P10 045 |0.34 0.24
NRQM?®! 0.46 |0.33 0.23
ILNIQE® 052 | 0.49 0.34
DBCNN’ 0.55 |0.43 0.31
PAQ2PIQ™ 058 | 0.40 0.28
CLIPIQA_VITL14_512° | 0.61 |0.53 0.37
CLIPIQA® 0.65 |0.58 0.41
MUSIQ-KONIQ" 0.68 |0.58 0.41
CLIPIQA_RN50_512° | 0.69 |0.59 0.42
MANIQA®? 0.69 |0.59 0.42
CLIPIQA+° 070 | 0.63 0.45
GPR-BIQA!! 0.91 {0.90 0.73
Proposed Method 092 |0.93 0.77

Table 2. Performance evaluation of various methods on TID2013 dataset: Boldface and italic text refer to the
best and runner-up methods.

is compared with well-known existing approaches. Although additional datasets are available, the evaluation
primarily focuses on the largest datasets in the domain.

Correlation analysis
To perform a thorough evaluation of the proposed image quality assessment model correlation analysis is
conducted using PLCC, SROCC, and KROCC. These correlation measures are useful for evaluating image
quality assessment performance in comparison to subjective evaluation by humans.

In this context, Table 2 reports the findings for the TID2013 dataset. It can be noted that among all the
compared approaches, the proposed approach outperformed. However, given the complexity of distortions and
artifacts in real-world images, models trained solely on synthetic distortion datasets may not accurately reflect
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Algorithm Name PLCC | SROCC | KROCC
BRISQUE® 021 |0.23 0.15
NRQM®! 048 037 0.25
NIQE*® 032 |0.38 0.26
pI® 047 | 0.46 0.31
ILNIQE® 052 |0.55 0.39
PAQ2PIQ* 071 | 0.64 0.46
MANIQA® 072 | 0.66 0.47
CLIPIQA® 0.72 | 0.66 0.47
GPR-BIQA!! 071 | 0.68 0.52
CNNIQA!® 0.80 |0.76 0.56
CLIPIQA+S 0.85 |0.80 0.61
DBCNN® 0.86 |0.84 0.66
CLIPIQA_VITL14_512° | 0.87 |0.84 0.67
MUSIQ-KONIQ" 0.85 0.84 0.65
CLIPIQA_RN50_512° | 0.86 |0.84 0.67
Proposed Method 0.89 |0.88 0.69

Table 3. Performance evaluation of various methods on KonIQ-10K dataset: Boldface and italic text refer to
the best and runner-up method.

Algorithm Name PLCC | SROCC | KROCC
NRQM®! 041 |0.30 0.20
BRISQUE® 035 |031 0.21
ILNIQE® 049 | 0.44 0.30
NIQE?® 048 | 0.45 0.31
pI® 052 | 0.46 0.31
CNNIQA'® 0.63 | 0.61 0.43
MANIQA®? 0.72 | 0.66 0.47
GPR-BIQA!! 0.66 | 0.66 0.46
CLIPIQAS 0.69 |0.70 0.51
PAQ2PIQ* 0.75 0.72 0.53
DBCNN’ 0.79 |0.76 0.57
CLIPIQA_VITL14_512° | 0.77 |0.77 0.57
MUSIQ-KONIQ'® 0.83 |0.79 0.60
CLIPIQA+° 0.83 | 0.80 0.61
CLIPIQA_RN50_512° | 0.82 |0.82 0.62
Proposed Method 0.86 | 0.84 0.68

Table 4. Performance evaluation of various methods on LiveC dataset: Boldface and italic text refer to the best
and runner-up methods.

quality estimation. Therefore, thorough testing and evaluation are conducted on the three largest authentically
distorted image datasets to ensure robust performance.

The tables 3, 4, and 5 present the results for the KonIQ-10k!7, LiveC’, and BIQ2021'° datasets respectively.
A visual representation of the performance of various algorithms is shown in Figure 6.

In the field of BIQA, the accuracy of the correlation between predicted and authentic ground-truth scores
is crucial to emulate human perceptual judgment. The proposed approach outperforms the leading evaluation
metrics, as evidenced by higher PLCC, SROCC, and KROCC scores.

Explained variance score (EVS)

The EVS is a metric that quantifies the proportion of variance in the dependent variable that the model explains.
It is similar to R-squared but can have values below 0 in cases where the model performs worse than a simple
mean prediction. It is calculated as:

1. Compute the total sum of squares (TSS): This represents the total variance in the dependent variable.
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Algorithm Name PLCC | SROCC | KROCC
ILNIQE® 028 |0.26 0.20
NIQE*® 030 027 0.31
NRQM®! 042 030 0.21
PI®® 053 | 0.46 0.32
BRISQUE® 0.70 | 0.60 0.31
CNNIQA'® 0.64 |0.61 0.43
MANIQA® 0.73 | 0.66 0.48
GPR-BIQA!! 0.66 | 0.66 0.46
CLIPIQA® 0.69 |0.70 0.51
PAQ2PIQ™ 0.76 [ 0.72 0.54
DBCNN’ 079 | 0.76 0.57
CLIPIQA_VITL14_512° | 0.77 |0.77 0.58
MUSIQ-KONIQY 0.83 [0.79 0.60
CLIPIQA+° 0.84 |0.81 0.62
CLIPIQA_RN50_512° | 0.82 |0.82 0.62
Proposed Method 0.85 | 0.86 0.67

Table 5. Performance evaluation of various methods on BIQ2021 dataset: Boldface and italic text refer to the
best and runner-up methods.

TSS = Z(yi -9
i=1

where y; is the actual value, 7 is the mean of the actual values, and 7 is the number of observations.

2. Compute the explained sum of squares (ESS): This represents the variance explained by the model.

ESS = (4 —y)’
=1

where g; is the predicted value.

3. 'The EVS is then calculated as the ratio of ESS to TSS:
n PP 2
E\/S —1— 21771(% yj)z
2y —9)

Where, Y is the ground truth and y,,eq is the predicted values.

Table 6 provides a summary of the EVS for various algorithms on the four datasets. Among the methods that
were compared, the 'Proposed Method’ shows itself to be the most effective algorithm with the best-explained
Variance Score. This demonstrates the effectiveness of the 'Proposed Method’ in explaining variance and
outperforming other algorithms in this domain.

Quantile regression loss (QRL)
This section presents the results for QRL across different algorithms and datasets. QRL assesses the accuracy of
predicted quantiles, offering insights into error distribution. In traditional regression tasks, the objective is to
predict a point estimate (mean or median) of the target variable. However, in certain applications, comprehending
prediction uncertainty is essential. Quantile loss offers a means to gauge this uncertainty by evaluating how
effectively a model captures various quantiles of the target variable distribution.

Given a prediction y and the true target value y, the quantile loss at a specific quantile 7 is defined as:

Loy, 9)=(r =1y <9)- (9 —y)
Here:

o 7 is the quantile level (e.g., 0.1 for the 10th percentile, 0.5 for the median, 0.9 for the 90th percentile).
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Fig. 6. Comparative Analysis of all algorithms with the proposed algorithm on various datasets

o I(-) is the indicator function (equals 1 if the condition is true, 0 otherwise).

The quantile loss penalizes the model more when it underestimates the true target value for lower quantiles
(y < ) and when it overestimates for higher quantiles (y > ¢). It is asymmetric and provides a way to measure
how well a model captures the tails or specific regions of the distribution. The quantile loss-based performance
analysis on each of the datasets is reported in Figure7, 8, 9 and 10. Here, it can be noted that the proposed
algorithm outperforms the other algorithms.

Residual analysis

A thorough residual analysis was carried out to gain a further understanding of the effectiveness of the proposed
approach. Residuals, defined as the differences between true and predicted values, were examined at various
quantiles to evaluate the model’s behavior under varying conditions. In each dataset, residuals were calculated
for three distinct quantiles (0.1, 0.5, and 0.9). These values were calculated using the QRL, which provides a
thorough examination of algorithmic performance across various segments of the data distribution.

The resulting plots from the residual analysis, depicted in Figure 11, visually demonstrate how well each
algorithm captures the intricacies of the data distribution. Each bar in the plot represents residuals for a specific
combination of algorithm and quantile, with distinct colors distinguishing between quantiles. Interestingly, the
proposed algorithm exhibits superior performance compared to others.
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Algorithm TID2013 | KonIQ-10K | LiveC | BIQ2021
NIQE*® -6.30 -8.77 -3.34 | -10.11
CNNIQA'® -5.57 -0.56 -1.52 | -1.44
BRISQUE®® -4.41 -21.68 -7.16 | -1.04
PI®® -3.94 -3.53 270 | -2.56
NRQM®! -3.73 -3.34 -4.95 | -4.67
ILNIQE?*? -2.70 -2.70 -3.16 | -11.76
DBCNN? -2.31 -0.35 -0.60 | -0.60
PAQ2PIQ* -1.97 -0.98 -0.78 |-0.73
CLIPIQA_VITL14_512° | -1.69 -0.32 -0.69 |-0.69
CLIPIQA® -1.37 -0.93 -1.10 | -1.10
MUSIQ-KONIQY -1.16 -0.38 -0.45 |-0.45
CLIPIQA_RN50_512¢ | -1.10 -0.35 -0.49 |-0.49
MANIQA®? -1.10 -0.93 -0.93 | -0.88
CLIPIQA+° -1.04 -0.38 -0.45 | -0.42
GPR-BIQA! -0.21 -0.98 2130 | -1.30
Proposed Method -0.18 -0.29 -0.35 | -0.38

Table 6. EVS for various algorithms: Best score reported in boldface.
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Fig. 7. QRL: Comparative analysis of various algorithms on BIQ2021 dataset

Qualitative analysis

The qualitative analysis of the proposed algorithm delves into the nuanced aspects of its performance beyond
quantitative metrics. By examining visual outputs and subjective assessments, this analysis aims to provide a
deeper understanding of how the algorithm handles various image distortions and artifacts. Through qualitative
evaluation, is intended to uncover the algorithm’s strengths, limitations, and overall effectiveness in accurately
assessing image quality in real-world scenarios.

Regression analysis

In this evaluation phase, the relationship between the predicted and ground-truth scores is examined by fitting
the best line to the data. The slope, intercept, and R-squared value of this line can be analyzed to gain insight into
the algorithm’s predictive accuracy and precision.

Figure 12 presents the results for the two largest datasets. The predicted line (best-fit line on scatter plot of
prediction vs ground-truth data) closely aligns with the target line, indicating a high correlation between the
predicted and ground-truth scores. This achievement fulfills the study’s objective of designing an algorithm with
a strong correlation with human judgment. The successful outcome highlights the algorithm’s effectiveness in
accurately predicting image quality, making it a valuable tool for blind image quality assessment tasks.

Distribution analysis
In the regression analysis, the distribution of the predicted variable holds significant importance as it should
closely align with the distribution of the ground-truth. To address this concern, an analysis was conducted to
examine the distributions of both variables. This analysis focused on the two largest authentically distorted
datasets, mirroring the regression analysis approach. The results are depicted in Figure 13.

The analysis revealed that the predicted variable’s density distribution closely matches that of the ground-
truth variable, exhibiting similar mean, standard deviation, and type. This observation suggests that the
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Fig. 10. QRL: Comparative analysis of various algorithms on LiveC dataset dataset

proposed algorithm effectively represents human perceptual behavior in the assessment of image quality. The
striking resemblance in distributions validates the algorithm’s capability to accurately predict image quality, thus
enhancing its reliability for blind image quality assessment tasks.

Grad-CAM based visvalization
To gain insights into the impact of attention and the effectiveness of the proposed architecture, Grad-CAM®
was applied to a random set of images. Observations reveal that the proposed method puts greater weight on
foreground information over the background. In Figure 14 (b) and (d), it is evident that the algorithm primarily
focuses on information that directly affects perception, such as text, faces, and eyes. This behavior aligns with
how humans perceive and understand distortions, as attention is naturally drawn to specific regions of interest.
The attention maps generated by the proposed algorithm are optimized, effectively highlighting crucial
information for image quality assessment. The results demonstrate that the algorithm’s attention mechanism
is effective and generalizable, showcasing its ability to perform well on diverse image datasets. The efficiency
and strong generalization capabilities further validate the robustness and reliability of the proposed approach.
Consequently, the proposed algorithm’s attention maps efficiently capture essential image details and features,
leading to accurate quality assessments. These findings affirm the algorithm’s practical utility and its capability to
mimic human perception in blind image quality assessment tasks.

Ablation study

Ablation studies in deep neural networks provide valuable insights into the relationships between model
parameters. Through the selective removal of specific parts of the network, a better understanding of their
impact on performance and accuracy can be gained. In the context of the proposed algorithm, an ablation study
is conducted, and the results are depicted in Figure 15. The experimentation involved the use of a train-test split
of the KonIQ-10k dataset (one of the diverse and largest BIQA datasets).

The most important factors influencing the algorithm’s performance can be found by meticulously
investigating the consequences of eliminating particular parts of the model. This process helps to optimize the
model architecture and fine-tune its parameters, resulting in improved accuracy and efficiency in blind image
quality assessment.

The ablation study provides crucial information for refining the algorithm and enhancing its overall
effectiveness, further validating its robustness in accurately predicting image quality. These findings contribute
to a deeper comprehension of the proposed approach and reinforce its suitability for practical applications in
image quality assessment tasks.

Comparison of chains with regression heads

The initial comparison between Chain-1 and Chain-2 inspired by (Resnet-50 and EfficentnetB7-inspired
networks), each equipped with a regression head, revealed noteworthy insights. Both chains exhibited relatively
high correlation coefficients, with Chain-1 achieving a PLCC of 0.83 and SROCC of 0.79, while Chain-2 closely
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Fig. 14. Grad-CAM based heatmaps

followed with PLCC of 0.82 and SROCC of 0.78. This suggests that the regression head in both chains contributes
significantly to the predictive capabilities.

Impact of feature fusion
Introducing feature fusion to Chain-1 and Chain-2 demonstrated a slight performance improvement. The
combination of the two chains with feature fusion and regression heads resulted in increased PLCC (0.84) and
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Fig. 15. Comparison of PLCC and SROCC for ablation study

SROCC (0.83). This indicates that combining features from both chains enhances the overall predictive capacity,
supporting the effectiveness of feature fusion techniques.

Comprehensive approach: proposed Algorithm

The proposed algorithm, incorporating feature fusion, spatial attention, channel attention, and a regression
head, exhibited the highest correlation coefficients among all configurations. The PLCC of 0.89 and SROCC of
0.88 signify a substantial enhancement in prediction accuracy compared to individual chains and the feature
fusion scenario. The spatial and channel attention mechanisms, combined with feature fusion, demonstrate their
efficacy in capturing intricate patterns within the data, contributing to the superior performance of the proposed
algorithm.

Disscussion

The proposed model significantly advances image quality assessment (IQA) through a dual-backbone architecture
that integrates ResNet and EfficientNet(ResNet for its robustness in handling complex textures and EfficientNet
for its efficiency in feature extraction across multiple scales), optimizing feature extraction while reducing
computational demands. Unlike self-supervised and continual learning approaches, which require extensive
unlabeled datasets and complex training regimes, our model utilizes transfer learning to efficiently leverage pre-
trained networks specifically for IQA tasks. While transformer-based models like the Swin Transformer excel
in capturing intricate data relationships through elaborate self-attention mechanisms, they incur substantial
computational costs. In contrast, our model employs streamlined spatial and channel attention mechanisms,
refining feature representations without the overhead associated with multi-head attention layers. The use of
simple concatenation for feature fusion preserves the richness of extracted features while minimizing overfitting
risks. This fixed architecture ensures stability and adaptability, addressing the challenges of catastrophic forgetting
found in continual learning frameworks. Ultimately, the proposed model strikes a harmonious balance between
performance and efficiency, offering a practical alternative that enhances accuracy in IQA while remaining
computationally feasible.

Conclusion

This study introduces a novel multistream fusion network with spatial and channel attention for blind image
quality assessment. The proposed architecture undergoes comprehensive quantitative and qualitative evaluations
and is compared against well-known state-of-the-art algorithms in the field. Through rigorous investigations,
the proposed algorithm demonstrates superior performance, surpassing existing methods across renowned
correlation coeflicients on both large-scale authentic and synthetic distortion datasets. The efficacy of the spatial
and channel attention mechanisms is further confirmed through attention visualization using Grad-CAM,
revealing the algorithm’s capability to focus on critical regions of the image and make decisions based on relevant
information. The attention maps effectively highlight significant image features, contributing to the algorithm’s
impressive performance in quality assessment.

Significantly, the proposed algorithm exhibits a high correlation with human opinion, indicating its ability to
accurately emulate human perceptual judgments. This characteristic positions it as a strong candidate for blind
image quality assessment, with practical applications in various domains where reliable and objective image
quality evaluation is essential. Resultantly, the proposed multistream fusion network with spatial and channel
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attention represents a promising advancement in the field of blind image quality assessment, providing a robust
and effective solution for real-world image analysis challenges.

Data availibility

The data used in this research is publically available for research and development purpose at the following links.
TID2013: https://www.ponomarenko.info/tid2013.htm, LiveC: http://live.ece.utexas.edu/research/ChallengeD
B/, KonIQ-10K: https://database.mmsp-kn.de/koniq-10k-database.html, BIQ2021: https://github.com/nisarah
medrana/BIQ2021.
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