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MAMIQA: No-Reference Image Quality Assessment
Based on Multiscale Attention Mechanism With
Natural Scene Statistics

Li Yu"™, Junyang Li"?, Farhad Pakdaman

Abstract—No-Reference Image Quality Assessment aims to
evaluate the perceptual quality of an image, according to human
perception. Many recent studies use Transformers to assign dif-
ferent self-attention mechanisms to distinguish regions of an im-
age, simulating the perception of the human visual system (HVS).
However, the quadratic computational complexity caused by the
self-attention mechanism is time-consuming and expensive. Mean-
while, the image resizing in the feature extraction stage loses
the full-size image quality. To address these issues, we propose a
lightweight attention mechanism using decomposed large-kernel
convolutions to extract multiscale features, and a novel feature
enhancement module to simulate HVS. We also propose to compen-
sate the information loss caused by image resizing, with supplemen-
tary features from natural scene statistics. Experimental results on
five standard datasets show that the proposed method surpasses
the SOTA, while significantly reducing the computational costs.

Index Terms—Human visual system (HVS), large kernel
attention, multiscale feature extraction, NR-IQA.

I. INTRODUCTION

RISTINE quality images are subject to varying degrees of

degradation during processing such as acquisition, com-
pression, transmission, and storage, resulting in loss of visual
information. Objective image quality evaluation has an essential
role in image signal processing [1], [2]. Among all Image Qual-
ity Assessment (IQA) paradigms, no-reference image quality
assessment (NR-IQA) has become a research hotspot because
of its wide applications, especially when the reference image is
not available.
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With the development of deep learning, several NR-IQA
methods[3], [4], [5], [6], [7], [8] based on Convolutional Neural
Networks (CNNs) have been proposed. The main problem with
these methods is that only fixed-sized image inputs are allowed,
which leads to image resizing as preprocessing for some inputs.
For the IQA task, this will affect the quality of the image and
leads to deviations in the final prediction.

Neuroscience research [9] has demonstrated that when the
human visual system (HVS) estimates the quality of an image,
some regions are given higher attention. Therefore, HVS can
be simulated by introducing the attention mechanism to assign
different weights to different regions of the image. Transformers
have been applied to many machine vision tasks [10], [11], [12],
[13], [14], [15]. Several NR-IQA methods also use transformers
to implement the attention mechanism of HVS. TRIQ [16]
uses convolutional neural networks to extract features and im-
plements a self-attention mechanism with the Transformer’s
encoder, capable of handling image inputs of different resolu-
tions. TranSLA [17] introduces saliency information to guide
the self-attention mechanism of the Transformer while incorpo-
rating a gradient map to supplement the Transformer with local
information. TReS [18] employs a hybrid approach of CNN
and a self-attention mechanism in Transformer to extract local
and non-local features from the input image. However, recent
research [19] argues that the computation of a one-dimensional
structure for a two-dimensional structured image is unreasonable
and poses many challenges. First, the self-attention mecha-
nism imposes a quadratic computational complexity for images,
which is time-consuming and expensive for high-resolution
images. Such solutions with high computational complexity
and storage requirements cannot be easily deployed in mobile
or edge devices [20]. Second, Transformer-based models [16],
[17], [18] usually use CNN as the feature extractor, which still
performs a resize operation on the image; hence, deviating from
the original image quality.

To solve the above-mentioned issues, we propose a new NR-
IQA method based on a multiscale attention mechanism called
MAMIQA, which is divided into two branches: one branch
mimics the HVS and the other branch captures original image
features to compensate for the information loss due to image
resizing. For the first branch, we use decomposed large kernel
convolution to assign different attentions to different regions
of the image. By decoupling the large kernel convolution into
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Framework of the proposed MAMIQA. (a) In the multiscale attention branch, the image is first fed into the multiscale attention module, then features are

enhanced in feature enhancement module. (b) In the NSS branch, the features of the original size image are extracted, and then sent to a two-layer fully connected
layer. (c) Finally, the features extracted from the two branches are sent to MLP head for feature fusion and prediction of the final quality score.

depth-wise convolution, depth-wise dilation convolution and
channel convolution, we implement the attention mechanism
with a lower computational overhead than Transformers. More-
over, the HVS views images at multiple scales [21]. To simulate
the behavior of the HVS, we extract features from multiple
scales and further propose a feature enhancement module (FEM)
to enrich the local fine-grained details and global semantic
information of multi-scale features. For the second branch, the
traditional natural scene statistics (NSS) [22] method is used.
The advantage of NSS methods [23], [24], [25] is that there
is no limitation of input image size, i.e., the original image
features can be extracted without resizing or cropping the image.
Therefore, NSS is adopted to extract the original image features,
to compensate for the information loss due to image resizing.
The main contributions of this letter are as follows:

® We propose a novel NR-IQA method based on light-weight
attention mechanism, which mimics the HVS and improves
the performance of image quality assessment.

e We adopt natural scene statistics to extract the features of
original-sized images, which compensates for the informa-
tion loss caused by image resizing or cropping.

® We extract multiscale features and propose an efficient fea-
ture enhancement module (FEM) to improve the multiscale
feature representation of the model.

e We enable low complexity IQA, by enhancing the per-
formance beyond transformers-based methods, with much
lower computational complexity.

II. PROPOSED METHOD

Fig. 1 depicts the overall framework of our proposed
MAMIQA, which is a two-branch network structure with a
multiscale attention branch, and an NSS branch.

For the multiscale attention branch, we extract attention fea-
tures of four scales through the multiscale attention module.
The extracted four-scale features are then fed into our proposed
feature enhancement module (FEM) for feature enhancement.
Finally, global average pooling (GAP) is performed to obtain
the enhanced multiscale features.

For the NSS branch, we use BRISQUE-based NSS fea-
tures [24]. First, we calculate the mean subtracted contrast

normalized (MSCN) coefficients of the image, i.e. the local nor-
malized luminance coefficients. Since the MSCN coefficients of
the original quality image conform to the Gaussian distribution,
while the distorted image does not conform to this statistical
regulation [22], we can extract the features of the image by
quantifying the difference between the two. We capture this
regular deviation by using generalized Gaussian distribution
(GGD). Also, the product of the MSCN adjacent coefficients
of the image is shown to conform to the statistical regularity of
the natural image. Hence, the deviation of the product coeffi-
cients is captured by using an asymmetric generalized Gaussian
distribution (AGGD). The NSS features are extracted from both
1 and 1/2 scales, and fed into two fully connected layers, which
use PReLu as the activation function (as PReLu can strengthen
the nonlinear relationship between the layers and thus, accelerate
the training process).

We use a three-layer fully connected MLP Head to fuse the
above features and predict the perceptual quality. For each batch
of images in training, the regression loss is minimized with
the mean absolute error (MAE) as the loss function, for stable
training and preventing gradient explosion [26].

| X
L= ~ ZZ: llai — sill (1

Here, ¢; is the predicted quality score for ¢4, image and s, is its
corresponding subjective quality score (ground truth).

A. Multiscale Attention Module (MAM)

The key to the attentional mechanism is to produce the atten-
tion map, which shows the importance of the different regions,
so we should learn the dependency between different regions.
There are two approaches to capture such dependencies. One
approach is implemented through the self-attention mechanism,
but with obvious drawbacks, which have been listed above. The
other approach is to establish correlations using large kernel
convolutions. Implementing attention directly using large kernel
convolutions leads to high computational overheads as well as a
large number of parameters. To solve this problem, we apply
an attention network [19] as the backbone of the multiscale
attention module. A large kernel convolution is decomposed to
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Fig. 3. The proposed feature enhancement module (FEM).

capture the dependencies among different regions. As shown
in Fig. 2, a large kernel convolution can be divided into three
components: a depth-wise convolution, a depth-wise dilation
convolution, and a channel convolution. This module captures
the feature dependencies with a lower computational cost and
lower number of parameters. The input features are first down-
sampled to obtain F, then L groups of operations are stacked in
sequence to extract the features. The operations of each group
can be described as follows:

F> = foeu (fix1 (fBN (F1)))
Attention = f1x1 (fow b _conv (fDW Conv (F2)))
F3; = F, ® Attention

Fy = fren (fn (fix1 (F3)))

where fgprLu denotes GELU activation, fpy(-) denotes batch
normalization, f11(-) denotes 1 x 1 convolution, fpw conw(*)
and fpw_ p_cono(+) denote depth-wise convolution and depth-
wise dilation convolution, respectively. frpn(-) denotes the
convolutional feed-forward network, ® denotes element-wise
product, L for each stage are {3,3,12,3}. Finally, the layer
normalization is applied at the end of each stage.

@)

B. Feature Enhancement Module (FEM)

The human visual system views images at multiple
scales [21]. To help the network better understand the content
information in distorted images, four scales of features are
extracted with the multiscale attention module, then enhanced,
and finally processed by global average pooling to stitch to-
gether the multiscale features. In order to enhance the local and
global feature representation, inspired by the inception module
in [40], we propose a feature enhancement module (FEM).
As shown in Fig. 3, the FEM consists of 1 x 1, 3 x 3 and
5 x 5 convolutional layers with different reception fields and an
average pooling layer in parallel, where convolutional kernels of
different sizes can extract information of different scales. Using
average pooling can reduce the dimension of features, remove
redundant information, and fuse multi-dimensional features to
extract more dense features. In addition, we use two 3 x 3
convolutional kernels instead of one 5 x 5 convolutional kernel.
We use two different stride 3 x 3 convolution layers to achieve
the same reception field as the 5 x 5 convolution layer, which
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has the advantage of having fewer parameters and reducing the
complexity of the network.

III. EXPERIMENTS

For the multiscale attention branch, the distorted images are
randomly cropped into 224 x 224 patches. To augment the
training samples, a random horizontal flip with a vertical flip is
performed. For the NSS branch, we use the original size image as
input. The proposed MAMIQA is implemented with Pytorch and
trained under Ubuntu 16.04 operation system with TITAN RTX
GPU. We use the Adam optimizer with weight decay 5 x 10~ to
train our model. The batch size is set to 64, and the learning rate
is set to 2 x 107°. To validate the performance of the proposed
method, we conducted experiments on five publicly available
IQA Datasets, including three synthetically distorted datasets
LIVE 1II [41], TID2013 [42], CSIQ [43], and two authenti-
cally distorted datasets LIVE-C [44], KonlQ-10K [45]. Two
widely used metrics, Spearman rank-order correlation coeffi-
cient (SRCC) and Pearson linear correlation coefficient (PLCC),
are adopted to measure the performance of IQA models against
the ground truth subjective quality.

A. Performance Evaluation

Table I shows the performance of our proposed method com-
pared to other methods on five IQA datasets, with first three
lines indicate the FR-IQA methods and the remaining NR-IQA
methods. The experimental results of the competing methods are
based on implementations obtained from the original papers.
Our proposed model achieves superior performance in PLCC
and SRCC. Specifically, our model achieves 4.2%, 3.8% (PLCC,
SRCC) higher than MS-GMSD (best FR-IQA) in TID2013
dataset and 1.8%, 1.7% (PLCC, SRCC) higher than MS-GMSD
in LIVE dataset. Compared with other NR-IQA models, our
model gains 1.3%, 1.6% (PLCC, SRCC) in CSIQ over DBCNN
(second-best).

Table Il reports the experiments conducted over the datasets to
further compare our method with SOTA methods. All methods
were trained on one dataset and tested on three other datasets
without any fine-tuning or parameter adjustment. It is observed
that the proposed method achieved the best results in 8 out of the
12 tested cases, and competitive results in the remaining 4 cases,
showcasing the strong generalization ability of the proposed
method.

We further compare the complexity of our model with two FR-
IQA methods PieAPP and DISTS, and three NR-IQA methods
(including CNN-based method (ResNet-50), Transformer-based
methods (TReS) and StairlQA). As can be seen from Table IV,
our method outperforms FR-IQA methods with a large margin,
while requiring significantly lower computations. DISTS has the
lowest number of parameters among the competing methods.
However, MAMIQA makes up for this by a better performance
with a much lower computation load. For ResNet50, it replaced
the MAM module in the proposed method. The experimental
results show that the proposed model requires only half the
computation of the ResNet-50 model (in terms of Giga-Flops),
and only one-fifth of the number of parameters, while achieving
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TABLE I
COMPARISON OF OUR PROPOSED METHOD WITH SOTA ALGORITHMS ON THREE SYNTHETICALLY DISTORTION DATASETS AND TWO AUTHENTICALLY
DISTORTION DATASETS. THE TOP TWO RESULTS ARE SHOWN IN BOLD

LIVE 11 CSIQ TID2013 LIVEC KonlQ
PLCC SRCC | PLCC _SRCC | PLCC _SRCC | PLCC SRCC | PLCC _ SRCC
MS-GMSD [27] | 0963 0964 | 0951  0.954 | 0.895  0.890 7 7 7 7
PieAPP [28] 0908 0919 | 0.842 0907 | 0.836  0.875 / / / /
DISTS [29] 0954 0954 | 0928 0929 | 0855  0.830 / / / /
DIIVINE [30] | 0908 0892 | 0.776 0.804 | 0567 0643 | 0591 0588 | 0558  0.546
BRISQUE [24] | 0.944 0929 | 0748 0812 | 0571  0.626 | 0.629 0.629 | 0.685  0.681
BPRI [31] 0930 0929 | 0918 0.896 | 0.890  0.899 / / / /
BMPRI [32] 0933 0931 | 0934 0909 | 0.947  0.929 / / / /
WaDIQaM [33] | 0955 0960 | 0.844 0852 | 0.855 0.835 | 0.671 0.682 | 0.807  0.804
MEON [34] 0955 0951 | 0.864 0.852 | 0.824 0808 | 0710 0.697 | 0.628 0.611
DBCNN [5] 0971 0968 | 0959 0946 | 0.865 0816 | 0.869 0.869 | 0.884  0.875
Hall-IQA [35] | 0.978 0976 | 0906 0.892 | 0.846  0.834 / / / /
MetalQA [36] | 0959 0960 | 0.908 0.899 | 0.868 0.856 | 0.802 0.835 | 0.856  0.887
HyperlQA [37] | 0.966 0962 | 0942 0923 | 0.858 0.840 | 0.882 0.859 | 0917  0.906
TIQA [16] 0.965 0949 | 0.838 0.825 | 0.858 0.846 | 0.861 0.845 | 0903  0.892
TReS [18] 0968 0969 | 0942 0922 | 0.883 0863 | 0.877 0846 | 0928 0915
VCRNet [38] | 0974 0973 | 0955 0943 | 0875 0.846 | 0.865 0.856 | 0.909  0.894
StairlQA [39] | 0970 0966 | 0.941 0919 / / 0918  0.899 | 0936  0.921
Proposed 0981 0981 | 0972 0962 | 0937 0928 | 0.895 0.874 | 0937  0.926
TABLE II
SRCC RESULTS FOR CROSS-DATASET EXPERIMENTS
Train on LIVE 1T TID2013 CSIQ LIVEC
Test on TID2013  CSIQ LIVEC | LIVE CSIQ LIVEC | LIVEIl  TID2013 LIVEC | LIVEIl _ TID2013 _ CSIQ
DITVINE [30] 0342 0602 029 | 0714 0583 0235 0817 0417 0.366 0.354 0327 0419
BRISQUE [24] 0354 0573 0326 | 0724 0568  0.109 0.823 0.433 0.106 0.244 0275 0236
WaDIQaM [33] | 0396  0.601  0.151 | 0.805 0.683  0.009 0.813 0.506 0.106 0.323 0.141 0323
DBCNN [5] 0536 0762 0552 | 0872 0703  0.412 0.871 0.523 0.453 0.757 0401  0.631
Hall-IQA [35] 0486  0.668 0126 | 0786 0.683  0.116 0.833 0.491 0.107 / / /
VCRNet [38] 0502  0.768  0.615 | 0.822 0.721  0.307 0.886 0.542 0.463 0.746 0416  0.566
Proposed 0587 0753  0.559 | 0.885 0.785  0.376 0.934 0.566 0.477 0.713 038  0.674
TABLE IIT
ABLATION EXPERIMENTS ON DIFFERENT COMPONENTS
LIVE I CSIQ TID2013 LIVEC KonIQ
PLCC SRCC | PLCC SRCC | PLCC SRCC | PLCC SRCC | PLCC  SRCC
multiscale attention module (MAM) | 0961  0.976 | 0.956 0.948 | 0901 0.884 | 0.875 0850 | 0.929  0.920
MAM+FEM 0982  0.981 | 0963 0949 | 0910 0895 | 0.887 0.861 | 0936  0.926
MAM+FEM+NSS (proposed) 0.981 0981 | 0972 0962 | 0937 0928 | 0.895 0.874 | 0.937  0.926
TABLE IV (FEM). 3) The proposed model. Table III reports the results for
COMPARISON OF SRCC RESULTSI gg}?ogg)MPLEXITY ‘WiTH COMPETITIVE the LIVE, CSIQ, TID2013, LIVEC, and KONIQ datasets. The
results show how adding each of the FEM and NSS improve
Method GFlops | Params.(M) | CSIQ | TID2013 | Konig the performance, for both synthetic and authentic distortions,
PicAPP 34.03 6338 0907 | 0875 7 Lo .
DISTS 30.69 1472 0929 | 0830 / indicating the effectiveness of the proposed modules.
Resnet30+FEM+NSS | 10.35 189.71 0913 | 0905 | 0.89
TReS 8.39 34.46 0922 | 0863 | 0915
StairlQA 10.38 31.80 0.919 / 0.921
MAMIQA (proposed) | 5.45 38.68 0962 | 0928 | 0.926 IV. CONCLUSION

improved performance. When compared to the Transformer-
based model (TReS), the proposed method has roughly the
same number of parameters, but with 35% lower computational
complexity and much higher performance. This validates the
efficiency of the proposed lightweight solution.

B. Ablation Study

In order to analyze the effectiveness of using the feature
enhancement module and NSS methods, an ablation experi-
ment was conducted to verify the influence of each component
in the proposed model. We constructed the following model
settings: 1) a model containing only the multiscale attention
module backbone network. 2) A model containing a multiscale
attention module network with a feature enhancement module

In this letter we proposed a lightweight IQA method named
MAMIQA. A multiscale attention branch captures the attention
via decomposed large kernel operations and enhances the feature
representation via a novel feature enhancement module. An NSS
branch is used to extract supplementary features to compensate
the information loss caused by image cropping. The experimen-
tal results showed that the proposed model gains a significant
performance improvement over the SOTA. Specifically, it was
demonstrated that the proposed method better estimates the
quality compared to the trending Transformers-based methods,
while requiring significantly lower computational power.
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