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A B S T R A C T

Assessing the quality of images is a challenging task. To achieve this goal, images must be evaluated by a pool
of subjects following a well-defined protocol or an objective quality metric must be defined. In this work, an
objective quality metric based on deep neural network is proposed. The metric takes into account the human
vision system by computing the saliency map and natural scene statistics features of the image under test. The
neural network is composed by two modules: the convolutional layers and the regression units. The first one
is trained by using preprocessed distorted images. The feature weights of the first module are smoothed by
exploiting the estimated saliency map. The latter module is fit with the ground truth quality scores of the input
image and the scaled feature weights obtained from first module by using visual sensitivity factor of image
obtained using natural scene statistics features. The performances of the proposed metric have been evaluated
by using four datasets: LIVEIQA, TID2013, CSIQ, and KADID10K. The achieved results show the effectiveness
of the proposed system in closely matching the predicted quality scores with the ground truth ones.
. Introduction

In recent years we have seen the proliferation of multimedia services
haracterized by the fact that the information is shared through videos,
mages, and audio. Despite advances in both hardware and software, it
s worth remembering that imaging devices, storage systems, coding
lgorithms, and transmission can cause artefacts that affect image
uality [1]. The ability to reliably measure the delivered quality is
key element in the development of such systems. In the literature,
any authors have dealt with the quality assessment problem, trying

o define an all-purpose quality measure matching, as close as possible,
he human judgement [2–9].

These methods can be classified into three categories according
o the availability of the original content during the evaluation step:
ull Reference (FR), Reduced Reference (RR), and No Reference (NR)
mage Quality Assessment (IQA). That is, those methods exploit the
vailability of the original image, of some of its characteristics, or
f no information respectively. In FR IQA a two steps procedure is
enerally adopted: a local quality measurement is followed by a pooling
hase [10]. The local quality measurement is performed by evaluating
patial (e.g., Mean Square Error (MSE) or Structural Similarity Index
easurement (SSIM)), scale (pixel or patch based), and orientation

eatures. Both spatial or transform domains have been exploited. FR
QA approaches offer the most competitive results compared to the
ther approaches [5,6]. Recently, innovative frameworks based on
eep Neural Network (DNN) have been proposed. A DNN is an artificial
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neural network inspired by human biology trying to mimic the way
neurons of the human brain processes and understand inputs from
human senses. Convolutional Neural Network (CNN) is a class of DNN
that has become dominant in various computer vision tasks. It was
originally designed for image analysis. The basic operations in a CNN
are convolution and pooling. The first one is responsible for extracting
the feature maps from the dataset while the latter is used for reduc-
ing the dimensionality of the feature maps [11]. CNN automatically
and adaptively learns spatial hierarchies of features through back-
propagation and it is designed using multiple building blocks, such as
convolutional, pooling, and fully-connected layers. Machine Learning
(ML) [12] approaches, either conventional ML or DNN [13] have been
proposed leading to improved results. Conventional ML based NR IQA
approaches extract low-level features [3,14–16] from distorted images.
These features are then used in a ML-based regression step to predict
the overall quality score. The NR IQA techniques are generally less
accurate in predicting the human judgement when compared to FR IQA.
Though, DNN based NR IQA techniques offer very competitive results
close to the ones obtained by using FR IQA. In case of DNN-based
no-reference Fully Deep Image Quality Assessment (FDIQA) technique,
the low and high level features present in the image are automatically
extracted during the training of the DNN. The weight of these features
is optimized to improve the performance of the quality metric using
a backward propagation method. In this work, we propose a DIQASN.
It is based on the exploitation of information on the content saliency
and Natural Scene Statistics (NSS) estimated from the distorted images.
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The saliency map is estimated using the foreground extraction method
by selecting the significantly bright pixels of the image. NSS feature
reflects the variation of visual perception from the mean value of the
visual intensity of the image. In the proposed metric, the CNN is split
into two modules: (1) convolutional layers and (2) regression unit. This
approach helps to minimize the overfitting problem of the CNN during
training, even with small size datasets [6]. In the convolutional layers
unit, the features are estimated by the CNN and used in the regression
unit for predicting the quality score. To increase the learning capability
of the convolutional layers unit, feature weights of convolutional layers
are optimized by a loss function. For this purpose, the saliency map
of the corresponding input image is used. In the next step, the visual
sensitivity factor estimated on the NSS features of distorted images is
used as input to the regression unit for improving the DIQASN model
performance. To measure the similarities between the predicted sub-
jective scores and ground truth quality scores, two standard statistical
measures SRCC, and PLCC are used. LIVE_IQA [17], CSIQ [18], and
TID2013 [19] are the three datasets used for training and testing our
model. The model’s performance have been evaluated with and without
considering the saliency map and NSS features for understanding their
contribution on the overall performance of the model. Furthermore,
the proposed model performance has been evaluated on the large-size
KADID10K [20] dataset and compared with state-of-the-art models. The
main features of the proposed quality metric are:

1. It is a no-reference approach based on a fully deep neural-
network. A pre-processed version of the image and the estimated
saliency map are used as input to the learning model.

2. The adoption of the saliency estimation model extracts the visu-
ally most relevant area of the image by exploiting the histogram
back-projection method [21], the multiscale pyramidal mean
shift filter [22], and the grabcut [23] algorithm.

3. The obtained results show that the use of visual sensitivity for
scaling the feature weights of convolutional layers, obtained
using the global average pooling function helps to improve the
overall performances.

The rest of the paper is organized as follows: in Section 2 state-of-
the-art quality assessment models and the main limitation of CNN are
described. In Section 3 the proposed model is introduced. In Section 4
the analysis of the performed experiment for assessing the metric
performances is reported. Finally, in Section 5 the concluding remarks
are drawn.

2. State of the art

2.1. Full reference IQM

With the advent of ML approaches, new Image Quality Metrics
(IQM) based on ML have been developed with comparable or better
performance than the well-known Peak Signal to Noise Ratio (PSNR)
and SSIM. A FR IQM based on image features extracted from a pre-
trained CNN model, AlexNet, is proposed in [24]. The feature maps
of the distorted and reference images are extracted at multiple layers,
and feature similarity is computed at each layer. A pooling function is
then applied to obtain the overall quality score. The benefits of using
saliency maps into FR IQMs are investigated in [25]. The comparison
is performed among the pixel-based quality metrics (PSNR, MSE, and
SSIM) and IQMs exploiting saliency maps obtained using Itti [26],
Achanta [27], and GAFFE [28] computational models. The results show
that the performance of quality metrics can be improved by adding
information on content saliency. The precision of the saliency map, the
characteristics of quality metric, and the type of distortions determine
the performance gain of the IQM. A deep CNN-based FR model, DCNN,
designed using eleven CNN layers having skip connections and two
fully connected layers, is used to predict perceptual quality scores
in [29]. To train, validate, and test the CNN model, a large-scale
2

dataset is prepared by labeling the images with the human preference
probability obtained from distorted and reference images, based on the
proposed, pairwise learning framework. Kim et al. [5] propose a CNN-
based FR IQM, where the behavior of the HVS is learned from the
underlying data distribution of the input database. This model seeks the
optimal visual weight based on understanding the database information
from the error map between distorted and reference images. A dual-
path based CNN is proposed in [30]. The two paths are used to analyze
the distorted and the reference image respectively. At first, the same
set of characteristics is extracted, then, by sharing the weight between
the paths, the characteristics of both paths are concatenated. Finally, a
regression unit is used to predict the image quality score.

2.2. Reduced reference IQM

A RR metric, FSI (Free-energy principle and Sparse representation-
based Index for image quality assessment), is proposed in [31]. The
internal generative model mimicking the perception of the scene by
the brain is built on the sparse representation of reference and distorted
images. The difference between the entropy of the prediction discrepan-
cies for reference and distorted images is defined as the quality index.
In [32], a RR-Entropies Differencing (RRED) approach is proposed by
measuring the differences between entropies of wavelet coefficients of
reference and distorted images. Wang et al. proposed an IQM based on
contourlet transform of images in [33]. Different scales and direction
sub-bands of distorted and reference images are considered.

A structural degradation model is proposed in [34] by considering
the SSIM. In more details, the quality score of an image is obtained as a
Support Vector Machine (SVM) based integration of distance between
the structural degradation information of the reference and distorted
images. In [35], a stochastic RR-IQM is proposed to assess the quality
of an image based on deep learning, namely Restricted Boltzmann
Machine Similarity Measure (RBMSim).

2.3. No reference IQM

A NSS based blind image quality evaluator (BRISQUE) model is
proposed in [36]. The authors describe the natural scene based statisti-
cal model of locally normalized luminance coefficients in the spatial
domain and the model for pairwise products of these coefficients.
Statistical features are used to demonstrate the relation with the human
quality judgement. A mapping feature-to-quality function is defined.

To design a No Reference Image Quality Assessment (NRIQA) model
using DNN, the feature extraction methods adopted in conventional
NRIQA systems, are generally replaced with deep learning models
for automatically collecting low level and high level features. In this
direction, in [4] the blind evaluator based on convolution network
(BIECON) model is proposed. To cope with the lack of training data and
ground truth images, reliable Full Reference Image Quality Assessment
(FRIQA) metrics are used as intermediate local targets for each image
patch.

A Multiple Instance Regression (MIR) based deep blind IQM is
proposed in [9] with the assumption that each instance (patch) has a
probability to be the prime instance of the image, which is responsible
for the image label. Then, the global quality score is computed by the
weighted summation of the local quality scores of the instances, where
the weights are the probabilities of the instances to be the prime one.
DeepIQA [37] model is designed using unpreprocessed image patches
as an input and estimates the quality without employing any domain
knowledge, inspired by the data driven concept proposed in [38].
SESANIA [39] is a NRIQA model based on deep learning which uses
sum of subband coefficient amplitudes (SSCA) as primary features to
differentiate natural and distorted image. The statistical property of
most natural image in Shearlet domain is relatively constant. However
in distorted image, it becomes discontinuous.
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Neural networks designed with convolutional and Fully Connected
eural Network (FCNN) layers are incorporated in the Deep Image
uality Assessor (DIQA) [6] for learning objective error map and the
orresponding prediction of the subjective scores. To further enhance
he accuracy of objective error map, the reliability map of distorted
mage, generated by measuring the textural strength, is considered.
imilarly, handcrafted features were employed to define the loss func-
ion required during the training of the module designed using fully
onnected network layers. This process helps in enhancing the accuracy
f the subjective score. Extraction of human perceptual error map based
n the visual sensitivity map [4] is also incorporated to evaluate the
erformance of the DIQA model.

The statistical evaluation of an IQA model is performed in [40]
o verify the added value of computational saliency in objective IQM.
or this purpose, different state-of-the-art saliency models and the
est-known IQMs are considered. From the quantitative results, it is
oncluded that the difference in predicting human fixations between
aliency models is sufficient to yield a noticeable difference in perfor-
ance gain when integrating these saliency models to IQMs. From the
erformed analysis it can be noticed that in recent years the number of
R approaches has increased compared to FR and RR. This is explained
ith the advancements in ML and DNN techniques and with the fact

hat NR metrics do not require reference information at the receiver
ide thus resulting more suitable in real applications. However, the
erformance of most of the proposed models has been analyzed only
n small datasets, and cross analysis is performed on a limited scale.
n this context, a new DNN-based NR approach, DIQASN, is proposed.
he model performance is evaluated with both small and large-size
atasets and it is compared with state-of-the-art models. In addition,
he performance of the model on cross-dataset tests are reported.

.4. CNN and its limitations

CNN is a class of deep neural networks, used in the analysis of
isual imagery [41,42] (e.g., image classification, medical image anal-
sis [43], image and video quality assessment).

The performance of a neural network system depends on the task to
e performed, learning complexity [44], and the size of the dataset used
or training the model. A commonly used dataset in computer vision
ased application is ImageNet [45]. It consists of more than 1.2 million
abeled data.

The common dataset used in IQA is LIVE_IQA [17] dataset, which
onsists of 982 distorted images and 29 reference images. The main
rawback of the small size training dataset is that it may cause over-
itting problem. To overcome this issue, in [46] the authors suggest
o perform early stopping, network reduction or pruning, expansion
f training data or data augmentation, and regularization. A different
pproach is presented in [6] where a two-stage training is proposed.

. Proposed model

The proposed DIQASN model is shown in Fig. 1. Inspired by [6,47],
t is composed by three main blocks. First, a pre-processing step is
pplied to the input image. Secondly, a CNN is employed for extracting
patial features. Finally, a regression block is used for predicting the
uality scores of the image used under test. The following subsections
llustrate each section of the DIQASN model in detail.

.1. Pre-processing

In this stage, the luminance component of the input image is con-
idered. A low pass filtered version is obtained through the three-stage
unction defined in [6]: gaussian filtering, sub-sampling of a factor 4,
nd interpolation to the original size. Let 𝐼 be the input image, 𝐼
𝑑 𝑑𝑔

3

ts luminance component, and 𝐼𝑑𝑙 the corresponding low pass filtered
mage. The pre-processed image 𝐼𝑑𝑝 [4] is obtained as:

𝐼𝑑𝑝 = |𝐼𝑑𝑔 − 𝐼𝑑𝑙|. (1)

This pre-processing is necessary for two reasons. First, the distortions
in images usually only partially affect low frequencies. Hence, pre-
processing helps removing unnecessary information that may hinder
the CNN’s learning process during the training phase. Likewise, it helps
improving the model efficiency by reducing the overall computational
cost and increasing the prediction accuracy. However, there is the
drawback of losing information contained in original data. To cope with
this issue, the saliency map and natural scene statistics are used, as
detailed in the following.

3.2. Texture map

Textures are relevant elements in the exploration of a scene and
they capture human attention. For this reason the presence of textures
is considered. The texture map 𝑇 is defined by:

𝑇 = 𝑅
1

𝐻𝑊
∑

𝑖,𝑗 𝑅𝑖,𝑗

, (2)

where, 𝐻 and 𝑊 are height and width of 𝐼𝑑𝑝, 𝑅𝑖,𝑗 represents the value
of 𝑅 at location (𝑖, 𝑗), and 𝑅 is defined as [6]:

= 2
1 + 𝑒𝑥𝑝(−𝛽(𝐼𝑑𝑝))

− 1, (3)

here, 𝛽 is a constant used to control the saturation of the texture map.
higher level of 𝛽 correspond to larger homogeneous regions in 𝑅. The

ecommended value of 𝛽 in [6] is between 0.6 and 1.4.
Zero values in the texture map 𝑇 correspond to pixels in 𝐼𝑑𝑝 having

o spatial information.

.3. Saliency map

In order to improve the information conveyed by the texture map,
e process the image to give more relevance to pixels belonging to
dges in salient areas of the image. To estimate the image saliency, we
ely on the fact that, for a human subject, objects in the foreground
re generally more relevant than those in the background or than the
ackground itself. Therefore, as a first step, we calculate a foreground
ackground separation. First, the image is filtered by using multi-
cale pyramidal mean shift filter [22] to generate a smooth image by
rouping close pixels together. Then, we measure each pixel’s similarity
o the background through histogram back-projection as introduced
n [21]. The back-projected image is smoothed by using the mean shift
peration and its contrast is enhanced using histogram equalization.
he negative of the resulting image is computed to obtain a coarse
aliency map 𝑆𝑐 . Then, bounding boxes are defined around the edges
f 𝑆𝑐 by exploiting the GrabCut algorithm in [23]. The obtained output
s the saliency map 𝑆.

.4. Convolutional layers

DIQASN is composed of 8 convolutional layers which are respon-
ible for extracting spatial features from the filtered image. More
pecifically, given the pre-processed image 𝐼𝑑𝑝, the convolutional layers
eturn a feature map of size 𝐻

4 × 𝑊
4 × 128.

Then, the predicted map 𝐼𝑝𝑟𝑒𝑑 is evaluated by applying a 2D convo-
lutional layer to the feature map. More precisely, a 1 × 1 convolutional
layer is employed in order to convert the high dimensional feature map
into a grayscale image of dimensions 𝐻

4 × 𝑊
4 .

The first training stage of DIQASN focuses on the filters of the
convolutional layers. We evaluate the ground truth as

𝐼 = |𝐼 − 𝐼 |

𝑃 , (4)
𝑔𝑡ℎ 𝑟𝑝 𝑑𝑝
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Fig. 1. Block diagram of proposed DIQASN model.
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Table 1
Description of DIQASN’s convolutional layers. The @
symbol stands for the number of the output channels.
Last convolutional layer is used in order to obtain 𝐼𝑝𝑟𝑒𝑑 .

Conv2D 3 × 3 @ 48 channels
ReLU
Conv2D 3 × 3 @ 48 channels, stride = (2, 2)
ReLU
Conv2D 3 × 3 @ 64 channels
ReLU
Conv2D 3 × 3 @ 64 channels, stride = (2, 2)
ReLU
Conv2D 3 × 3 @ 64 channels
ReLU
Conv2D 3 × 3 @ 128 channels
ReLU
Conv2D 3 × 3 @ 128 channels
ReLU
Conv2D 3 × 3 @ 128 channels
ReLU
Conv2D 1 × 1 @ 1 channel

where 𝐼𝑟𝑝 is the pre-processed pristine image and 𝐼𝑑𝑝 is the pre-
rocessed distorted image. It is important to underline that the ref-
rence image is only used to compute the ground truth. Then, the
yper parameter 𝑃 , that is in the range (0, 1), is introduced in order
o generate a more strict 𝐼𝑔𝑡ℎ. In this work, the adopted value of 𝑃 is

0.2.
By means of the weighted texture map 𝐼𝑆𝑇 , we evaluate the differ-

ence between the ground truth and 𝐼𝑝𝑟𝑒𝑑 :

𝐼𝐿𝑖 = (𝐼𝑝𝑟𝑒𝑑 − 𝐼𝑔𝑡ℎ)
⨀

𝐼𝑆𝑇 , (5)

where ⨀ stands for the point-wise matrix multiplication. To compute
the difference between the two images, the ground truth image 𝐼𝑔𝑡ℎ is
ownsampled by a factor of 4. Finally, the weights of the convolutional
tage are learnt by minimizing the 𝐿2 norm of 𝐼𝐿𝑖. More specifically,
ur loss function 𝐶𝑁𝑁 is defined as:

𝐶𝑁𝑁 (𝐼𝐿𝑖) = ‖𝐼𝐿𝑖‖
2
2. (6)

he minimization process is performed by means of the gradient de-
cent algorithm, exploiting the derivative of the loss function with
espect to the weights of the convolutional layers. Thus, the purpose
f 𝐼𝑑𝑖𝑓𝑓 is to determine the closeness between 𝐼𝑝𝑟𝑒𝑑 and 𝐼𝑔𝑡ℎ during the
raining process of the convolutional layer unit.

We have to remark that each non-strided convolutional layer of the
odel performs a zero-padding operation, preserving the size of the

mage. More details about the parameters of the CNN are available in
able 1. Moreover, all the images involved in the convolutional layers
nit are depicted in Fig. 2.
4

.5. Natural scene statistics

Based on [36], we exploit the evidence that there is a difference
n the distribution of pixel intensities between pristine and distorted
mages. This difference is more evident when normalized pixel inten-
ities are considered. In fact, the intensity distribution of the distorted
ormalized image significantly deviates from the Gaussian distribution
hat is typical of pristine images. For this reason, we compute the nor-
alized image by using the Mean Subtracted Contrast Normalization

MSCN) approach:

̂ =
(𝐼𝑑 − 𝜇𝑙)
(𝜎𝑙 + 1)

, (7)

where, 𝜇𝑙 and 𝜎𝑙 are the local mean and standard deviation that are
computed as:

𝜇𝑙(𝑖, 𝑗) =
𝑋
∑

𝑥=−𝑋

𝑌
∑

𝑦=−𝑌
𝑤(𝑥, 𝑦)𝐼𝑑 (𝑖 + 𝑥, 𝑗 + 𝑦), (8)

𝑙(𝑖, 𝑗) =

√

√

√

√

√

𝑋
∑

𝑥=−𝑋

𝑌
∑

𝑦=−𝑌
𝑤(𝑥, 𝑦).[𝐼𝑑 (𝑖 + 𝑥, 𝑗 + 𝑦) − 𝜇(𝑖, 𝑗)]2, (9)

here, 𝑤 = {𝑤(𝑥, 𝑦) ∣ 𝑥 = −𝑋,… , 𝑋, 𝑦 = −𝑌 ,… , 𝑌 } indicates a 2𝐷
ircularly symmetric Gaussian weighting function and (𝑖, 𝑗) are pixel
oordinates.

In our approach we used two NSS feature descriptors of 𝐼 : the mean,
𝑛𝑠𝑠, and the standard deviation, 𝜎𝑛𝑠𝑠. These feature descriptors are used
n the proposed method to compute the visual sensitivity factor 𝛼[3],
hat is defined as the ratio

𝜎𝑛𝑠𝑠
𝜎𝑛𝑠𝑠

.
Let 𝐺𝐴𝑃 (.) be the Global Average Pooling operator which computes

he average of each channel of the feature map. Given the multi-
hannel feature map of size 𝐻

4 × 𝑊
4 × 128, the resulting vector has 128

features. Then, a scale factor 𝛼 is applied to each element of the feature
vector. Let us denote with 𝐹 (.) the convolutional layers, the feature
vector 𝐠 is obtained as:

𝐠 = 𝛼𝐺𝐴𝑃 (𝐹 (𝐼𝑑𝑝)). (10)

The feature vector 𝐠 is then fed to three fully connected layers (with
128, 64, and 1 neurons, respectively) in order to regress the MOS score.

3.6. Regression unit

The regression unit of the proposed model aims at predicting the
perceived quality of the input image obtained as output of the con-
volutional layers. The second training stage of DIQASN focuses on
learning the weights of the fully connected layers by computing the
MSE between the predicted MOS and the ground truth. More precisely,



K. Lamichhane, M. Carli and F. Battisti Signal Processing: Image Communication 111 (2023) 116899
Fig. 2. All the images involved in the convolutional layers unit: (a) a distorted image 𝐼𝑑 ; (b) the corresponding pre-processed image 𝐼𝑑𝑝; (c) the ground truth image 𝐼𝑔𝑡ℎ; (d) the
texture map 𝑇 ; (e) the weighted texture map 𝐼𝑆𝑇 ; (f) the predicted map 𝐼𝑝𝑟𝑒𝑑 .
w
M
c

𝐾

Table 2
List of distortions present in LIVE_IQA, TID2013 and CSIQ datasets.

S. No. Dataset Distortions

1 LIVE_IQA JPEG, JPEG2K, Gaussian blur, Additive white gaussian noise
and Fast fading Rayleigh.

2 TID2013 Additive white gaussian noise, Additive noise in color
component, Spatially correlated noise, Masked noise,
High-frequency noise, Impulse Noise, Quantization noise,
Gaussian blur, Image denoising, JPEG and JPEG2K & their
transmission errors, Non-eccentricity pattern noise, Local
block-wise distortions of different intensity, Mean shift,
Contrast change, Change of color saturation, multiplicative
Gaussian noise, Comfort noise, Lossy compression of noisy
images, Image color quantization with dither, Chromatic
aberration, Sparse sampling, and reconstruction.

3 CSIQ JPEG and JPEG2K, Gaussian blur, Global contrast
decrements, Additive white gaussian noise(AWGN) &
Additive pink gaussian noise.

let 𝐹𝐶 be the loss function that trains the regression unit, 𝑦̂ be the
predicted MOS and 𝑦 be the ground truth:

𝐹𝐶 = |𝑦̂ − 𝑦|2. (11)

The weights are updated with the same algorithm used for training
the convolutional layers.

4. Experiments and analysis

4.1. Datasets

To evaluate the performance of the proposed DIQASN model LIVE
_IQA [17], TID2013 [18], and CSIQ [19] datasets are used. LIVE_IQA
dataset is based on 29 high resolution RGB color images. 982 distorted
images are obtained by applying five distortions with varying level of
distortion. The subjective quality of the distorted images is measured in
terms of the Differential Mean Opinion Score (DMOS). Lower values of
the subjective score indicate higher perceptual quality, whereas higher
values correspond to a lower visual quality. TID2013 dataset includes
3000 distorted images and 25 reference images. Distorted images are
computed by applying 24 types of distortions and 5 levels of distortions
on each reference image. MOS has been collected. CSIQ dataset is based
on 30 original images, 6 types of distortions with 4 to 5 distortion levels
thus resulting in 866 distorted images. The subjective ratings are given
in terms of DMOS. The distortions present in the selected datasets are
reported in Table 2.

4.2. Implementation details

In order to update the weights of each block, a NADAM [48]
optimizer with learning rate 𝜆 = 2𝑒−4 is employed. The batch size is set
empirically to 1. The implementation is based on Tensorflow-Keras with
4 NVIDIA GTX 2080Ti GPU. Additional parameters used during model
implementation are reported in Table 4. For the training and testing
of the proposed model, we randomly split the dataset in 80% images
for the training and 20% for the test set. To avoid overfitting several

counter measures have been adopted: (i) we used data augmentation in
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the convolutional layers unit based on the horizontal flipping of the pre-
processed image, 𝐼𝑑𝑝, which increases the number of training images
by twofold, (ii) we implemented a small-size CNN to minimize the
complexity of the convolutional layers unit and, consequently, require
a smaller number of training data, (iii) we trained the model with pre-
processed image in their original size to be able to exploit a larger
number of features with respect to its subsampled version, and (iv) we
exploited early stopping [49].

4.3. Performance evaluation

To evaluate the performance of the algorithm, SRCC, PLCC, Kendall
Rank Order Correlation Coefficient (KRCC), and MSE are used. Let 𝐬𝐠
and 𝐬𝐩 be the vectors of ground truth quality scores and predicted
subjective scores of the test set for 𝑛 images, respectively. Let 𝜇𝐬𝐠 and
𝜇𝐬𝐩 be the mean of 𝐬𝐠 and 𝐬𝐩. Then, the general expression for SRCC,
PLCC [50], and MSE are as follows:

𝑆𝑅𝐶𝐶(𝐬𝐠, 𝐬𝐩) = 1 −
6
∑

𝑖 𝑑
2
𝑖

𝑛(𝑛2 − 1)
, (12)

𝑃𝐿𝐶𝐶(𝐬𝐠, 𝐬𝐩) =

∑

𝑖(𝑠𝑝𝑖 − 𝜇𝐬𝐩 )(𝑠𝑔𝑖 − 𝜇𝐬𝐠 )
√

∑

𝑖(𝑠𝑝𝑖 − 𝜇𝐬𝐩 )
2
√

∑

𝑖(𝑠𝑔𝑖 − 𝜇𝐬𝐠 )
2
, (13)

𝑀𝑆𝐸(𝐬𝐠, 𝐬𝐩) =
1
𝑛

𝑛
∑

𝑖=1
(𝑠𝑔𝑖 − 𝑠𝑝𝑖 )

2, (14)

here 𝑑𝑖 is the 𝑖th element of the difference vector between the
OS and the predicted vector scores. In addition, the KRCC metric is

omputed as:

𝑅𝐶𝐶(𝐬𝐠, 𝐬𝐩) =
(𝑛𝑐 − 𝑛𝑑 )

𝑛(𝑛−1)
2

, (15)

where 𝑛𝑐 and 𝑛𝑑 represent the number of concordant and discordant
pairs between 𝐬𝐠 and 𝐬𝐩.

The scatter plots of the predicted subjective scores versus MOS of
the test images for the three datasets are reported in Fig. 3. It is possible
to appreciate the good ability of DIQASN to predict the quality scores
on considered datasets. In fact the values are all close to the diagonal
(representing the perfect match between MOS and predicted values)
and are all close to each other.

We evaluated the impact of adopting the information extracted from
the saliency map and the NSS features through the computation of
SRCC and PLCC between the ground truth and the predicted MOSs for
the three datasets, LIVE_IQA, TID2013, and CSIQ. Table 3 reports the
obtained results. It can be noticed that, for all considered datasets, the
use of saliency and NSS features slightly improves the SRCC and PLCC
scores with respect to the case in which no features are exploited.

An additional test was performed to analyze the variability of the
correlation coefficients, SRCC and PLCC, with respect to the images
used as training and testing. As already mentioned, we randomly split
the dataset in 80% images for the training and 20% for the test set. We
repeated this operation for 10 runs and we evaluated the SRCC and
PLCC with their confidence intervals. The box plot in Fig. 4 shows that
the confidence intervals of the SRCC and PLCC coefficients are very
small, indicating that DIQASN has a strong stability.

To evaluate the proposed model performances with respect to the
state-of-the-art, we compared them with:
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Fig. 3. Scatter plot between predicted quality scores, and ground truth quality scores of test images (20% of total images) for different datasets. (a) LIVE_IQA dataset, (b) TID2013
dataset, and (c) CSIQ dataset.
t
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Table 3
SRCC and PLCC between the ground truth and predicted MOSs when different features
are used.

Features LIVE_IQA TID2013 CSIQ

SRCC PLCC SRCC PLCC SRCC PLCC

Saliency and NSS 0.979 0.990 0.912 0.920 0.973 0.975
Saliency only 0.979 0.989 0.906 0.918 0.973 0.974
NSS only 0.979 0.990 0.911 0.913 0.969 0.973
No Saliency and no NSS 0.978 0.987 0.904 0.910 0.968 0.970

Fig. 4. Variability analysis of the SRCC and PLCC scores.

Table 4
Model parameters.

S. No. Module Parameters/variables Value

1 Image Gaussian kernel 16 × 16
normalization 𝜎 7/6

2 Convolutional
layers unit

Convolution kernel 3 × 3
Input image size Original size
Batch size 1
Max pooling stride 2 × 2
Trainable parameters 381,972

3 Texture map P 0.2
𝛽 0.6

4 Saliency map Pixel weights for
segmentation

[200 255]

5 Regression unit Trainable parameters 24,061

• 8 FR IQA metrics: PSNR [51], SSIM [7], GAFFE-SSIM [25],
PieAPP [29], FR-DCNN [30], DeepQA-s, DeepQA [5], an AlexNet
based FR IQM [24];
6

• 4 RR IQA metrics: FSI [31], RRED [32], SDM [34], RBMSim [35];
• 9 NR IQA metrics: BRISQUE [36], BIECON [52], CNN [38],

DMIR [9], DeepIQA [37], DIQA [6], DIQA_BASE [6] MGDNN
[53], SESANIA [39].

To perform this evaluation, we trained and tested the DIQASN model
by randomly dividing the three datasets into two subsets with 80% for
training and 20% for testing without overlapping.

The performance comparison is shown in Table 5. From the col-
lected results, it is possible to notice that DIQASN outperforms the con-
sidered NR and RR metrics, while it shows comparable SRCC and PLCC
values with two FR metrics. As previously mentioned, the DIQASN
model is an extended version of DIQA leading to improved perfor-
mance. One of the main differences between DIQA and DIQASN is in
the training step. DIQASN presents a simplified approach with respect
to DIQA thus leading to a decrease in the computational complexity.
The first training stage of DIQA is performed by using image patches ex-
tracted from the normalized form of the original input image. DIQASN
instead uses the entire input image and the weighted texture map as
inputs to the learning model. Furthermore, while in DIQA the regres-
sion unit is designed using two fully connected layers having feature
channels 130:128, and 128:1, in DIQASN the regression unit is designed
using three fully connected layers having feature channels: 128:128,
128:64 and 64:1. Furthermore, we use a different approach for coping
with the information loss caused by the normalization process. In DIQA,
the mean and the standard deviation extracted from the texture map
and the low-pass frequency component of the input image are used as
additional feature sources. Those are concatenated with the output of
the global average pooling layer before moving to the second training
stage. In DIQASN we simplify this procedure by adopting the visual
sensitivity factor of the input image to scale the output of the global
average pooling layer before forwarding it to the second training stage.

We also investigated the performances of the model with respect
to different distortions. The results are reported in Table 6 in terms
of the best scores of SRCC, PLCC, and KRCC obtained by measuring
the similarity between the predicted and ground truth quality scores
for the different classes of distortions available in the adopted datasets.
The distortions for which the metric provides the best and worst results
are reported in bold.

In DIQASN, a gaussian filtering is adopted for pre-processing the
input image and to obtain 𝐼𝑑𝑝, which is then used to train the model. In
his way, DIQASN is trained to recognize the presence of relevant edges
nd textures. This has a positive impact on three types of distortions:
aussian Blur (GB), Additive White Gaussian Noise (AWGN) and High
requency Noise (HFN). For this reason, the model is able to accurately
stimate their presence since that largely affect the edges and textures
n the images.

The Quantization Noise (QN) is usually caused by the operations of
mage registration and 𝛾-correction and it affects the local contrast and

the spatial frequency [18]. The Mean Shift (MS) distortion produces an
intensity shift and it is common in the image acquisition phase [54].
Both QN and MS affect the luminance component of the image, thus
leading to a degradation in the system performances. In fact, all the
steps in the DIQASN model rely on the features extracted from the
luminance component.
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Table 5
Performance comparison of DIQASN in terms of SRCC and PLCC with state-of-the-art quality metrics.

Model Quality metric Dataset type

LIVE_IQA TID2013 CSIQ

SRCC PLCC SRCC PLCC SRCC PLCC

FR

PSNR 0.904 0.868 0.672 0.496 0.719 0.670
SSIM 0.938 0.855 0.650 0.680 0.821 0.747
GAFFE-SSIM 0.933 – – – – –
PieAPP – – 0.945 0.946 0.973 0.975
FR-DCNN 0.975 0.977 – – – –
AlexNet based
FR IQM

– 0.91 – 0.84 – 0.92

DeepQA 0.981 0.982 0.939 0.947 0.961 0.965
DeepQA-s 0.977 0.975 0.766 0.818 0.957 0.956

RR

FSI 0.883 0.882 0.58 0.611 0.918 0.927
RRED 0.943 0.939 – – – –
SDM 0.936 0.933 – – – –
RBMSIM 0.95 0.97 – – 0.95 0.95

NR

BRISQUE 0.690 0.648 0.260 0.233 0.438 0.507
BIECON 0.958 0.962 0.721 0.765 0.825 0.838
CNN 0.956 0.963 – – – –
DMIR 0.967 0.971 0.796 0.821 0.823 0.881
DeepIQA 0.960 0.972 – – – –
DIQA_BASE 0.963 0.964 0.800 0.803 0.812 0.791
DIQA 0.975 0.977 0.825 0.850 0.884 0.915
MGDNN 0.951 0.949 – – – –
SESANIA 0.934 0.948 – – – –
DIQASN 0.977 0.988 0.910 0.918 0.969 0.972
Table 6
Analysis of the DIQASN performance with respect to the specific distortion.

Dataset Distortion types SRCC PLCC KRCC

LIVE IQA

Additive White Gaussian noise (AWGN) 0.990 0.992 0.949
Fast fading Rayleigh (FFR) 0.985 0.990 0.923
Gaussian blur (GB) 0.989 0.991 0.940
JPEG compression (JPEG) 0.944 0.959 0.875
JPEG 2000 compression (JPEG2K) 0.979 0.987 0.901

CSIQ

Additive white gaussian noise (AWGN) 0.988 0.991 0.935
Gaussian Blur (GB) 0.993 0.994 0.950
Global contrast decrements (GCD) 0.986 0.989 0.925
Additive pink gaussian noise (FNOISE) 0.977 0.980 0.897
JPEG compression (JPEG) 0.925 0.928 0.831
JPEG 2000 compression (JPEG2K) 0.919 0.923 0.819

TID2013

Additive White Gaussian noise (AWGN) 0.942 0.944 0.866
Additive noise in color components (ANC) 0.940 0.942 0.835
Chromatic aberrations (CA) 0.914 0.916 0.817
Contrast change (CC) 0.841 0.842 0.705
Comfort noise (CN) 0.907 0.910 0.790
Change of color saturation (CCS) 0.832 0.844 0.692
Gaussian Blur (GB) 0.946 0.949 0.878
High frequency noise (HFN) 0.948 0.951 0.903
Image color quantization with dither (ICQD) 0.933 0.935 0.848
Image denoising (IDN) 0.937 0.939 0.850
Impulse noise (IN) 0.900 0.932 0.827
JPEG compression (JPEG) 0.940 0.943 0.856
JPEG 2000 compression (JPEG2K) 0.942 0.944 0.870
JPEG transmission errors (JPEG-TE) 0.912 0.915 0.828
JPEG2K transmission errors (JPEG2K-TE) 0.864 0.866 0.740
Local block-wise distortions (LBW) 0.885 0.887 0.752
Lossy compression of noisy images (LCN) 0.843 0.845 0.869
Multiplicative Gaussian noise (MGN) 0.940 0.942 0.853
Masked noise (MN) 0.927 0.929 0.813
Mean Shift (MS) 0.790 0.794 0.630
Non eccentricity pattern noise (NEPN) 0.902 0.910 0.778
Quantization noise (QN) 0.741 0.744 0.563
Spatially correlated noise (SCN) 0.946 0.949 0.882
Sparse sampling and reconstruction (SSR) 0.945 0.947 0.872

To further evaluate the performance of the proposed DIQASN
odel, it has been trained using one dataset and tested on the other

wo.
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Table 7
Performance of the DIQASN model in cross-dataset tests.

Train Test SRCC PLCC

LIVE_IQA TID2013 0.50 0.53
CSIQ 0.70 0.71

TID2013 LIVE_IQA 0.85 0.82
CSIQ 0.68 0.74

CSIQ LIVE_IQA 0.65 0.83
TID2013 0.45 0.53

Table 8
Performance of BRISQUE, BIECON, and DIQASN models in terms of PLCC in
cross-dataset tests.

Train Test BRISQUE BIECON DIQA DIQASN

LIVE_IQA TID2013 0.494 0.506 0.524 0.529
CSIQ 0.689 0.744 0.706 0.711

TID2013 LIVE_IQA 0.798 0.859 0.817 0.823
CSIQ 0.692 0.660 0.737 0.744

CSIQ LIVE_IQA 0.889 0.761 0.825 0.833
TID2013 0.528 0.482 0.529 0.531

The result of the cross-datasets evaluated by measuring the similar-
ities between the predicted and ground truth quality scores in terms of
SRCC and PLCC is reported in Table 7.

In [55] the cross-dataset performance of two NR IQA methods,
BRISQUE and BIECON, is presented in terms of PLCC. The DIQA model
performance is also evaluated based on [56]. A comparative study
including the DIQASN model is shown in Table 8. It can be noticed
that also in this case, the DIQASN model is one of the best performing
models. Though, the aforementioned datasets have different content,
i.e. other reference image types, adopted distortions, and number of dis-
torted images. Hence, it results in a relatively lower value of correlation
coefficients during the cross dataset test of the proposed model.

Finally, we evaluated the DIQASN performances on a real distortion
database, KADID10K [20]. It is composed by 81 pristine images, each
degraded by 25 distortions with 5 severity levels, all provided with the
DMOS. The test has been performed by randomly splitting the images in
60% for training, 20% for validation, and 20% for test. The considered

FR IQA metrics for the comparative study are SSIM, FSIM, and VSI [57].
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Table 9
DIQASN performances on the KADID10K dataset.

Model Quality metric SRCC PLCC KRCC

FR IQA
SSIM 0.723 0.724 0.527
FSIM 0.851 0.854 0.865
VSI 0.878 0.879 0.691

NR IQA

BRISQUE 0.554 0.519 0.368
CORNIA 0.580 0.541 0.384
InceptionResNetV2 0.734 0.731 0.546
DIQASN 0.881 0.88 0.699

Similarly, BRISQUE, CORNIA [58], and InceptionResNetV2 [59] are
the NR IQA metrics considered during comparative study with our
proposed model’s performance. The obtained results in terms of SRCC,
PLCC, and KRCC are reported in Table 9. From the obtained results, we
conclude that, also for the real distortion database, the proposed model
outperforms the FR IQA and NR IQA state-of-the-art metrics.

5. Conclusions

In this contribution a new quality metric for 2D images is pre-
sented, DIQASN. It exploits the characteristics of the human visual
system, through saliency information and NSS features. The use of
saliency information accounts for perceptually relevant areas in the
image whereas, the NSS features allow to measure the changes in
naturalness of the image due to the presence of artifacts. DIQASN shows
competitive results with respect to FR, NR, and RR IQA metrics on
four datasets. In particular, DIQASN outperforms NR, and RR IQA ap-
proaches for which no or limited information about the original content
is available. This is an encouraging result since our NR approach can
reach the same result as FR ones.
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