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Abstract

No-Reference Image Quality Assessment (NR-IQA)
methods based on Vision Transformer have recently drawn
much attention for their superior performance. Un-
fortunately, being a crude combination of NR-IQA and
Transformer, they can hardly take the advantage of their
strengths. In this paper, we propose a novel Saliency-
Guided Transformer Network combined with Local Embed-
ding (TranSLA) for No-Reference Image Quality Assess-
ment. Our TranSLA integrates different-level information
for a robust representation. Existed researches have shown
that the human vision system concentrates more on the
Region-of-interest (RoI) when assessing the image quality.
Thus we combine saliency prediction with Transformer to
guide the model highlight the RoI when aggregating the
global information. Besides, we import local embedding
for Transformer with gradient map. Since the gradient map
focuses on extracting structured feature in detail, it can be
used as a supplement to offer local information for Trans-
former. Then, the local and non-local information can be
utilized. Moreover, to accelerate the aggregation of infor-
mation from all tokens, we introduce a Boosting Interaction
Module (BIM) to enhance feature aggregation. BIM forces
patch tokens to interact better with class tokens at all lev-
els. Experiments on two large-scale NR-IQA benchmarks
demonstrate that our method significantly outperforms the
state-of-the-art.

1. Introduction

With the rapid growth of digital image and transmission

technology, No-Reference Image quality assessment (NR-

IQA) has a wide range of applications in image compres-

sion, image recovery, and video surveillance, etc. [38, 2,

8, 22]. The subjective quality assessment measure the per-

ceived quality by mean opinion scores (MOS) from col-
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Figure 1. Examples of wild images and their corresponding mean

opinion scores (MOS) with different image quality levels. The red

box is the clear RoI, and the green box is the blur background.

lected subjective ratings. However, subjective NR-IQA can-

not be used in various scenarios due to labor consume. The

development of automatic, robust, and objective NR-IQA

technology is of practical significance [39, 35]. In early

approaches, majority efforts focus on CNN-based NR-IQA

methods [45, 34, 40] due to the powerful feature represen-

tation ability of convolution neural network (CNN). These

methods are mainly based on three ideas. 1) The first is

to directly predict the MOS by establishing a regression

model. 2)The second is simulating Human visual system

(HVS) to obtain the corresponding (reference image) pre-

diction [29, 23]. 3)The third is using a multi-task learning

strategy [24, 43].

Although these methods have achieved good perfor-

mance based on artificial distortions, a significant perfor-

mance drop can still be observed in the authentic distorted

application due to distortion diversity and content variation.

To address the problem, methods [34, 40] combined vari-

ous features at multi-scale have been proposed. HyperIQA

[34] proposed a local distortion aware module to extract lo-

cal features from multi-scale to handle distortion diversity.

CaHDC [40] utilized a cascaded architecture to derive fea-

tures at different scales. Unfortunately, they gave the same

degree of attention to each part of the image. This is unreli-
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able for NR-IQA, the image quality may vary at the spatial

level. In practice, some regions are given high attention, es-

pecially the Region-of-interest (RoI), when HVS evaluate

the quality of the image. As depicted in Figure 1 (e)–(h),

some high MOS images are taken through large-size, por-

trait modes, etc. Therefore, a clear foreground and blurred

background image are collected. Besides, it is worth not-

ing that low MOS value will be got when a blurred RoI and

clear background image are collected, shown as Figure 1

(a)–(d). The mentioned factors call for the model should

pay more attention to RoI.

To overcome these shortcomings and predict a qual-

ity score that is consistent with human perception, some

methods [47, 6, 32] introduce Transformer to IQA task.

Transformer-based model learn non-local features through

its self-attention mechanism to capture spatial patterns. To

some extent, they are a crude combination and do not in-

corporate the attribute of IQA. Furthermore, there is still

plenty of room for progression. The first disadvantage is

that Transformer has a very high degree of freedom. It can

provide different attentions to each part of the image but

ignores the importance of the RoI in images. The second

limitation is that they do not effectively leverage the multi-

level information of inputs. Moreover, the feature repre-

sentation capacity is limited without local information. To

this end, specifically designed modules are inevitable and

essential for Transformer to successfully handle these chal-

lenges. Consequently, we flexibly incorporate different lev-

els of information into Transformer and emphasize all con-

tent related to image quality. Then the ability of the model

to access images quality in the wild is enhanced.

Related work[48] have reported that saliency informa-

tion is highly correlated with image quality. The ratio-

nale is that HVS tends to focus on visually salient areas

while assessing image quality. Hence, a Saliency-Guided

Transformer Network combined with Local Embedding for

No-Reference Image Quality Assessment (TranSLA) is pro-

posed, which inherits the same idea of other saliency-based

NR-IQA method [20, 45]. SGDNet [45] estimated saliency

maps as a kind of local weighting functions to facilitate

quality prediction. Since the number of landscape images

in NR-IQA datasets is massive. Usually, each area of the

image is related to the quality. Forcing the model to focus

only on the salient area will damage the performance. Dif-

ferent from SGDNet, our TranSLA combines saliency map

with Transformer to lead the Transformer focus on the vi-

sually salient areas. It not only solves the first problem but

also weakens the shortcomings of SGDNet by giving the

model a higher degree of freedom.

In addition, it is well known that the gradient map of

the image also plays an important role in many vision tasks

[42, 43, 12]. The image gradient keenly reflects the struc-

tural components of images, such as image edges, textures,

etc. The gradient map can robustly report the image struc-

tures in detail under the variations of the image intensities

and colors. Hence it remains the capability to offer local

information. Considering that the Transformer can capture

spatial patterns and non-local dependencies while it ignores

the local information, we propose a Local Feature Embed-

ding Module (LFE) to enhance the feature representation

capacity of the model. As far as we know, we are the

first to combine traditional features with Transformer based

on NR-IQA. Besides, considering that traditional Trans-

former merely exploits class tokens in last block to aggre-

gate global information, we propose Boosting Interaction

Module (BIM) to take each sub-encoder layer into account,

and we adaptively assign weights to features cross all levels.

BIM can boost the interaction between class tokens using a

multi-level adaptive weight of knowledge priors.

The main contributions of this work are summarized as

follows: 1) We combine saliency prediction with Trans-

former to led the model more focus on the RoI along with

supervising all the tokens. 2) We attach the Gradient map

of traditional feature to Transformer to supplement the lo-

cal information. 3) We propose a boosting interaction mod-

ule to accelerate the aggregation of global information. 4)

Our method achieves state-of-the-art (SOTA) performance

on various authentic distortions.

2. Related works

2.1. Image Quality Assessment

The purpose of IQA is to keep the result of the model

consistent with the subjective image quality. IQA is gener-

ally divided into two categories according to the amount of

information provided by the original reference image: Full

Reference-IQA (FR-IQA), and No-Reference IQA (NR-

IQA) methods [1].

The FR-IQA methods focus more on visual similarity

or dissimilarity between two images. Structural similar-

ity (SSIM) index [51], FSIM [49], and GMSD [41] were

proposed, aiming to design hand-crafted feature that can

efficiently represent the quality degradation. Then, deep

learning methods are adopted to regress the high dimension

features into a quality score [28, 18], which bring FR-IQA

methods into success. Bosse, S. et al. proposed [5] to use

the local normalized multi-scale Differences of Gaussian

(DOG) responses in distorted images as features. Liu et

al. [24] presented RankIQA. The supervised signals to train

RankIQA was the rank order between images at different

distortion levels but with the same distortion type.

The NR-IQA methods are developed to assess image

quality without the reference image. Traditional NR-IQA

methods belong to the knowledge-driven method, and they

generally use the quality-aware features which are carefully

designed based on the domain knowledge of natural scene
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Figure 2. The architecture of Saliency-Guided Transformer Network combined with Local Embedding.

statistics [25, 26]. However, it is hard to design handcrafted

features which can efficiently represent the quality degra-

dation for NR-IQA. Qingsen Yan et al. [43] proposed a

two-stream convolution network which includes two sub-

components for image and gradient map. NoR-VDPNet [3]

accomplished the conversion of HDR- VDP 2.2 [27] into a

no-reference model encoded as a CNN. RAN4IQA[29] and

Hallucinated-IQA [23] incorporated human visual behavior.

They combined Generative Adversary Network (GAN) [13]

and regression networks to predict reference image for NR-

IQA. SGDNet [45] constructed an end-to-end multi-tasking

learning for visual salience prediction and image quality

prediction. HyperIQA[34] extracted local features from

multiple scales to efficiently represent the quality degra-

dation. Considering the lack of data and marking difficult

problems, meta-learning was introduced in MetaIQA [52].

Besides, Norm-in-Norm Loss [21] first explored the loss

function used in IQA. The standardization in the design of

IQA loss function is explored. The loss is defined based on

the norm of the difference between these normalized values.

2.2. Vision Transformer based IQA

The Transformer [37] model is widely used in natural

language processing (NLP). VIT first [9] introduced Trans-

former to vision task. The original images were divided into

blocks, flattened into sequences, and input into the Encoder

part of the original Transformer model. Finally, a full con-

nection layer was connected to classify the images. It out-

performs the current SOTA model on large datasets [16, 19].

TRIQ [47] was the first to explore the Transformer in IQA.

ResNet50 was chosen as the base network to extract fea-

ture, then the feature was flattened to patch embedding to

a shallow Transformer encoder with an adaptive position

embedding. Then IQT [6] and RADN [32] explored the

standard Transformer structural in FR-IQA. IQT introduced

a standard Transformer structure in FR-IQA, and wins the

first place in the NTIRE 2021 Challenge [15]. RADN pro-

posed a Patch-Level Attention module to handle the feature

maps of reference and distorted images to boost the interac-

tion between any two patches in one image. Similar to the

TRIQ, our proposed model applies the Transformer archi-

tecture for the NR-IQA task. However, additional aspects

are considered to better integrate NR-IQA with Transformer

and imitate human behavior.

3. Method

To further integrate different-level information to en-

hance robust feature learning in Transformer-based NR-

IQA, a Saliency-Guided Transformer Network combined

with Local Embedding for No-Reference Image Quality As-

sessment is designed. The architecture of our proposed net-

work is shown as Figure 2. First, to investigate the inter-

action of visual attention and quality perception, we pro-

posed Saliency-Guided Transformer Module (SaT) as aux-

iliary information to lead Transformer focus on the RoI in

the image. Moreover, Local Feature Embedding Module

(LFE) is introduced to offer a local embedding to improve

Transformer. Lastly, Boosting Interaction Module (BIM) is

proposed to promote information interaction.

3.1. Saliency-Guided Transformer Module

The proposed method of Saliency-Guided Transformer

Module is illustrated in Figure 2, we divide the pipeline

of our end-to-end model into three stages according to the

change in feature dimension.
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Feature Extraction Backbone. Firstly, we use a Deep

CNN pretrained on ImageNet as the feature extractor to get

the raw CNN features fraw directly from the input image I
with a size of h×w×3. We treat this network as our feature

extractor and use F to denote this mapping : Rh×w×3 →
R

h
32× w

32×512. Therefore, this feature extraction processing

can be simply represented by:

fraw = F (I; θraw), (1)

where θraw indicates the weights of the convolutional lay-

ers within Resnet50. Then fraw is delivered to Saliency

Prediction Network (SPN) and Transformer module. As a

comparison, we build our baseline model by directly feed-

ing these raw features to Transformer.

SPN We construct a Saliency Prediction Network named

SPN. Specifically, Sm is a spatial attention mask that can

guide the Transformer focus on the interest region. For-

mally, G is the Saliency Prediction Network, θspn indi-

cates the parameters of this SPN, S
′
m denotes the predicted

saliency map.

S ′
m = G(fraw; θspn) (2)

A saliency prediction loss Lspn is adopted for predicting

the saliency map, which measures the gap between the S
′
m

and its corresponding proxy ground-truth Sm. The saliency

map Sm with a size of h×w is obtained by a SOTA saliency

model [46] directly. Since the feature map fraw preserves

the original location information, we resize the saliency

map Sm to the same shape with fraw. Then the size of Sm

is h
32 × w

32 × 1. By viewing the saliency map as a kind of

probability distribution, and denote pi as the i-th predicted

saliency map Sm with the corresponding ground-truth gi,
the loss function based KL-divergence for SPN is shown as

Eq. 3 :

Lspn =

i=N∑
i=1

(pi log pi − gi log gi) (3)

Transformer Generally, Transformer consists of multi-

head self-attention (MHA), Feed-forward network (FFN),

layer normalization (LN), and residual connection. More-

over, the basic building block of Transformer is the ‘Scaled

Dot-Product Attention’ defined as Eq. 4:

Attention(q, k, v) = softmax(
qkT√
dk

)v, (4)

where q, k, v represent query, key and value, dk is the di-

mension of key. In our architecture, we set S
′
m generates the

query branch, fraw generates key and value branches. That

means the feature embedding fraw and predicted saliency

(b) mos=1.67(a)  mos=1.13 (d) mos=4.07(c) mos=3.02

Figure 3. Examples of the natural images and the corresponding

gradient map.

map S
′
m are used as the input of the encoder. Specifically,

as shown in Figure 2, fraw serve as the key-value in the

MHA layers, and S
′
m serve as the query. This could com-

pare two images by measuring the similarity to force the

model focus on the RoI. The calculation of the encoder can

be formulated as Eq. 5:

y0 = [Fs0 + Ps0, Fs1 + Ps1, ..., FsN + PsN ]

z0 = [Fd0 + Pd0, Fd1 + Pd1, ..., FdN + PdN ]

qi → yi, ki → zi, vi → zi

ẑi = LN(MHA(qi, ki.vi) + yi−1)

zi = LN(MLP (ẑi)yi−1)

(5)

Ps ∈ R(1+N)×D, Pd ∈ R(1+N)×D is added to retain the

positional information of Fsi ∈ S
′
m, Fdi ∈ fraw.

3.2. Local Feature Embedding Module

Since gradient map significantly and explicitly reflects

the high-frequency information of an image in localization,

we can combine gradient map with a distorted image to pro-

vide additional local information to the model. The gradient

map is a way to describe the difference between image pix-

els, which can be used as a feature of an image. Figure 3

shows the nature images (top) and corresponding gradient

map (bottom). Under normal circumstances, the gradient

map represents the detail of input. Thus it’s able to supple-

ment the local information for Transformer.

Gradient Embedding Shown as Figure 3 (a)–(b), when

the blur degree of the image is higher, the corresponding

MOS score is lower, and the details reflected in the gradient

map are less. Moreover, the same situation can be observed

in images with uneven lighting as shown in Figure 3 (c)–

(d). When the degree of distortion decreases and the MOS

value increases, the details reflected by the corresponding

gradient map also increase. Thus, the gradient map is more

sensitive to image blur, color, and light distortion et al., we

believe that using multiple feature fusion will promote the

performance of IQA.
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a b

c d

Figure 4. Examples of the gradient map. (a) is the original dis-

torted image. (c) and (d) is Corresponding to Eq. 6, (c) denotes

Gx and (d) denotes Gy . The combination of Gx and Gy is shown

as (b).

The gradient features of the image can be extracted by

operators such as Sobel, Scharr, and Laplacian. We take

the Sobel operator as an example. Regarding the image as a

two-dimensional discrete function, the image gradient is the

derivation of this two-dimensional discrete function. Indi-

vidually, the gradient of the Sobel operator in the x direction

Gx can be calculated as the approximate gradient of the im-

age brightness point difference. Gx reflect the pixel change

in the horizontal direction. And the gradient of the Sobel

operator in the y Gy direction is contrary to Gx. Filters

used by Sobel are as Eq. 6:

Gx =

⎡
⎣
−1 0 +1
−2 0 +2
−1 0 +1

⎤
⎦ ∗ I,Gy =

⎡
⎣
−1 −2 −1
0 0 0
+1 +2 +1

⎤
⎦ ∗ I

(6)

Feature Fusion with Gradient Embedding Specifi-

cally, on account of Transformer pays more attention to

non-local information, we explore the Gradient Feature Em-

bedding in order to gather with local feature embedding.

We plug 1-D embeddings to retain gradient information, in-

spired by position embeddings that encode positional infor-

mation utilizing learnable embeddings. Particularly, as il-

lustrated in Figure 5, LFE is inserted into the Transformer

encoder together with patch embeddings and position em-

beddings. Different from position embeddings which vary

between every patch, gradient feature embeddings graw are

the same for all patches of an image. In practical, we first

flatten fraw as patch token Fd, then resize the gradient map

to the same shape with fraw but channel is 1, denotes as

Gd. Formally, we can combine the distortion image with

Linear Projection of Flatten Patches

Transformer Encoder layer

Transformer Encoder layer

feature

MLP

CNN

Position
Embedding

Gradient
Embedding

L X

Figure 5. The architecture of Local Feature Embedding Module.

gradient as Eq. 7:

yi−1 = [Fd0 + Pdo +Gd, ..., FdN + PdN +Gd]

qi → yi−1, ki → yi−1, vi → yi−1

ŷi = LN(MHA(qi, ki, vi) + ˆyi−1)

yi = LN(MLP (ŷi) + ŷi), i = 1, ..., L

(7)

3.3. Boosting Interaction Module

Besides, traditional Transformer only exploits class to-

ken in the last block to aggregate global information. Later,

an additional learnable class token is added before the input

sequence. Combined with patch token, they are feed into

the encoder together. Then, they are split into patch tokens

and a class token accordingly. Traditionally, only the output

of the last token is used to predict the category. Neverthe-

less, this architecture for forcing information to be propa-

gated between patch tokens and class tokens is not strong

enough. Particularly in this situation where we need to ag-

gregate different levels of information.

Similar to CNN obtaining different information through

kernels of different sizes, MHA concats different heads

to expand different representation subspace of the model.

Hence, we take the class token of each sub-encoder block

into account and propose a Boosting Interaction Module

which can boost interaction of various aspects.

First, shown as Figure 6, we split the output of every

block into patch tokens and class token (CLS). We believe

that the closer the distributes of each class token, the less

information it can offer. Therefore, we deepen this prior

by setting the KL divergence as the weight of each layer’s

class token. Finally, the model achieves better conver-

gence results to accelerate feature interaction during train-

ing. Denote the class token of each sub-encoder block as

[C1, C2, ...Cn], we can calculate the weight with Kullback-

Leibler divergence [36] as:

Wcls(C
i) = Ci logCi − Ci+1 logCi+1 (8)
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Figure 6. Model architecture of proposed Boosting Interacting

module.

Then, we can calculated the corresponding loss with

Cross Entropy loss as follows:

Lcls =

i=N∑
i=1

(Wcls(C
i) ∗ CE(Ci, C)) (9)

4. Experiments and Results
4.1. Datasets and Preprocessing

In this section, we extensively evaluate the proposed

method on two large-scale and popular image quality

databases, KonIQ-10k [17] and LIVE-wild databases [10].

KonIQ-10k contains 10,073 images, the original reso-

lution is 1024 × 768 pixels. A wide variety of authen-

tic distorted images are collected in KonIQ-10k. The au-

thors of KonIQ-10k database also used half-sized images

of 512 × 384 pixels in the database with the quality scores

voted on the original half-sized resolution images named as

KonIQ-half-sized database. Therefore, we can simulate the

corresponding five categories according to the subjective

score of the five categories given by the organization [17].

LIVE Challenge dataset(LIVEC) uses representative mod-

ern mobile devices to capture real image distortion. And the

distorted 1,162 images are evaluated by more than 8,100 ob-

servers. The original resolution is 500 × 500 pixels. Then

the distribution of the corresponding five categories can be

simulated following a truncated Gaussian distribution, and

the corresponding results are based on the mean and vari-

ance of the LIVEC given by the organization [10], KonIQ-

10k and LIVE-wild capture a wide variety of authentic im-

age distortion using representative modern mobile devices.

In detail, we randomly split these dataset into 80% training

samples and 20% testing from each quality category like

other SOTA methods [34, 40, 52].

4.2. Implementation details

In this work, we adopt TRIQ as the baseline and all im-

plementations are base on Pytorch. Firstly, we reproduce

the baseline, and the results are shown in the Table 2 that the

result of using the same dataset division ratio as describe in

TRIQ [47]. It verified the effectiveness of our recurrence.

Then our comparative experiment shown in all the tabel is

the result of using the same dataset division ratio as describe

in Section 4.1, denoting as TRIQ∗.

To make a fair and comprehensive comparison, our ex-

periments are conducted as follows: Resnet50 is chosen

as the backbone of feature extractor. Adam optimizer was

used, with a learning rate of 0.0001. The batch size is 32,

and we train 120 epochs in total. Besides, a learning rate

scheduler with linear warm-up and cosine decay was ap-

plied. For both cases, data augmentation was performed

online, including random rotation and flip. In TRIQ, the

weights in the backbone network are initialized from its

Imagenet[7] pre-trained model. The output from the last

residual block is chosen as the feature map, then a shal-

low architecture for the Transformer encoder[L=2, D=32,

H=8,d=64] has been employed. In the combination, the

weight of SaT is set to 0.2 for highlighting the importance of

the quality prediction task. Thus, Cross-entropy loss is used

since the distribution of the corresponding five categories is

simulated in Section 4.1. Additionally, other state-of-the-

art NR-IQA models are included in our experiments as a

comparison point.

4.3. Evaluation results

Pearson’s linear correlation coefficien (PLCC) [30],

Spearman’s rank-order correlation coefficient (SRCC) [31],

and root mean squared error (RMSE) [33] between MOS

predictions and ground-truth values have been employed to

evaluate individual IQA models in a different scenarios[4,

14]. Below we will show the results of the experiment in

detail.

Comparison with the State-of-the-art Evaluation Ta-

ble 1 presents the performance (PLCC, SRCC, and RMSE)

of our proposed methods and other competitors on the vari-

ous testing dataset. As it shows, our TranSLA is obviously

better than current effective comparison methods.

In combination with the performance listed in Table 1,

we have the following observations: First, the performances

consistently across different datasets demonstrate the effec-

tiveness of our proposed method. All our proposed modules

get a remarkable promotion. Specifically, we get the highest

promotion in LIVEC. TranSLA improves 3.3% compared to

baseline according to RMSE. Second, the performance im-

provements are more obvious when the dataset is difficult to

learn, emphasizing the prominent efficacy in the low-data
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Table 1. Comparison the evaluation results of state-of-the-

art methods on the various on authentically distorted NR-IQA

databases. TRIQ∗ denotes the result obtained by using the same

datasets division as ours. The results of our ensemble model is

bolded. ↑: higher is better; ↓: lower is better.

Model Dataset PLCC ↑ SRCC ↑ RMSE ↓
BIECON [44] LIVEC 0.613 0.595 -

WaDIQaM [4] LIVEC 0.680 0.671 -

CaHDC [40] LIVEC 0.744 0.738 -

MetaIQA[53] LIVEC 0.835 0.802 -

DB-CNN[50] LIVEC 0.869 0.851 -

SGDNet[45] LIVEC 0.872 0.852 -

GraphIQA[35] LIVEC 0.886 0.863 -

HyperIQA[34] LIVEC 0.882 0.859 -

TRIQ∗ [47] LIVEC 0.878 0.849 0.392

TranSLA LIVEC 0.900 0.873 0.359
BIECON [44] KonIQ-10k 0.651 0.618 -

WaDIQaM [4] KonIQ-10k 0.805 0.797 -

CaHDC [47] KonIQ-10k 0.750 0.769 0.368

MetaIQA [53] KonIQ-10k 0.887 0.850 -

DB-CNN[50] KonIQ-10k 0.884 0.875 -

SGDNet [45] KonIQ-10k 0.917 0.897 -

GraphIQA[35] KonIQ-10k 0.922 0.907 -

HyperIQA [34] KonIQ-10k 0.917 0.906 -

TRIQ∗[47] KonIQ-10k 0.923 0.902 0.225

TranSLA KonIQ-10k 0.931 0.915 0.206

Table 2. Validation of the baseline[47] on the authentically dis-

torted NR-IQA databases. TRIQ represents the result in [47], and

TRIQ∗ display our repeated results based on the same dataset

partition as TRIQ. ↑: higher is better; ↓: lower is better.

Model Dataset PLCC ↑ SRCC ↑ RMSE ↓
TRIQ KonIQ-10k 0.925 0.907 0.212

TRIQ∗ KonIQ-10k 0.927 0.911 0.211

TRIQ KonIQ-half-sized 0.925 0.905 0.211

TRIQ∗ KonIQ-half-sized 0.926 0.906 0.210

region. This finding may foreshadow the application sce-

nario of our proposed method.

Ablation Studies To further investigate the effectiveness

of our approach, we conduct ablation studies in this exper-

iment. Individually, Table 3 presents the test performance

(PLCC, SRCC, and RMSE) of our proposed methods and

their random combination.

From the above results, we have the following obser-

vations: First, all modules can get steadily improvement

compared to the baseline, which verifies the effectiveness

of our method. Secondly, with a single module, the im-

provements achieved by the saliency Transformer module

are the greatest in the majority of setting for both metrics

and different datasets. Thus it implies that highlighting the

Table 3. Performance of our proposed module on the various test-

ing sets. ↑: higher is better; ↓: lower is better. The results of the

best model is bolded.

BIM SaT LFE Dataset PLCC ↑ SRCC ↑ RMSE ↓
- - - LIVEC 0.878 0.849 0.392√

- - LIVEC 0.884 0.860 0.383

-
√

- LIVEC 0.894 0.872 0.359

- -
√

LIVEC 0.889 0.858 0.379√ √
- LIVEC 0.895 0.871 0.366

-
√ √

LIVEC 0.886 0.875 0.385√
-

√
LIVEC 0.895 0.871 0.366√ √ √
LIVEC 0.900 0.873 0.359

- - - KonIQ-10k 0.923 0.902 0.225√
- - KonIQ-10k 0.928 0.910 0.210

-
√

- KonIQ-10k 0.928 0.912 0.208

- -
√

KonIQ-10k 0.927 0.909 0.213√ √
- KonIQ-10k 0.930 0.912 0.206

-
√ √

KonIQ-10k 0.930 0.914 0.207√
-

√
KonIQ-10k 0.928 0.907 0.212√ √ √
KonIQ-10k 0.931 0.915 0.206

RoI through saliency prediction can encourage Transformer

to focus on the RoI, which is beneficial in learning features

that are strongly related to NR-IQA. On top of that, the ran-

dom combination can achieve better outcomes than the sin-

gle module, and the combination that integrates the all our

proposed modules achieves further improvements. The mu-

tual promotion between any modules further verifies the ap-

plicability and portability of our method.

Visualization results Figure 7 visualizes several repre-

sentative examples corresponding to the results with differ-

ent modules in Table 3. As we can see, TRIQ can provide

different levels of attention to different regions in the image.

SaT is able to pay attention to the subject. Besides, LFE

pays more attention to details, especially areas with dras-

tic changes in features. And BIM promotes feature fusion,

with the greatest focus area. Furthermore, our TranSLA fo-

cuses more on the RoI in the image and other areas highly

related to image quality. As a result, when compared to

other methods, our model produces the best results.

5. Conclusion
In this work, we have proposed a novel Saliency-Guided

Transformer Network combined with Local Embedding

(TranSLA) for No-Reference Image Quality Assessment.

Our TranSLA makes full use of multi-level information of

input images. As these experiments indicate, all our pro-

posed modules can complement each other, and the fea-

ture expression ability of the model is further enhanced.

Moreover, TranSLA achieves the most remarkable results

over all of the datasets compared with other deep learning
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TranSLA

IMG

LFE

BIM

Figure 7. The visualization results of the corresponding module by GradCAM[11], corresponding to the results presented in Table 3.

driven IQA models. The above strongly proves the effec-

tiveness and universality of our algorithm in learning fea-

tures. Based on the promising results achieved by TranSLA,

future work will focus on developing more generic IQA

models that can be adapted to diverse image contents, reso-

lutions and distortion types even in the low-data region.
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