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Figure 1: Graphical representation of the main building blocks of a CNN-based blind image quality assessment framework.

Abstract
Convolutional neural networks (CNNs) are used in an in-

creasingly systematic way in a great variety of computer vision
applications, including image quality assessment. However, their
application to evaluate the perceived quality of images is strongly
limited by the lack of adequate and consistent training data. A
CNN-based framework for evaluating image quality of consumer
photographs is made up of several building blocks that can be
implemented in different ways. In this article, we schematically
illustrate how these building blocks have been implemented and
combined so far to create feasible solutions that take the most
positive characteristics of CNNs while mitigating their intrinsic
limitations. Some experimental results are reported to show the
effectiveness of CNN-based solutions on real-world image qual-
ity datasets.

Introduction
It is hard to imagine that someone in our days does not have

a smartphone in his pocket. Some statistics tell us that in the US,
on average, one person takes 20 photos a day. These photos are
not taken only on special occasions, often the photos are sprung
to “seize the moment” and they are taken without paying particu-
lar attention to the light conditions and shooting parameters. The
user often takes several photos of the same subject to increase the
probability that at least one of them is the “right one” but then he
has to visually select the best shot. Disregarding the image con-
tent, aesthetics [2] and emotional aspects [10] may influence the
user’s judgment of the overall image quality, for example, we
have shown that pictures containing faces require a different im-
age quality assessment pipeline [6]. Here we want to concentrate
on an unavoidable aspect, whatever is the ultimate purpose of a
photo, that is its perceived technical quality.

Convolutional neural networks (CNNs) have been success-
fully used in the last few years in a huge variety of applications
related to image processing and computer vision, so it is reason-
able to assume that even in the area of image quality these can
far exceed the performance of traditional image quality methods
based on hand-crafted features. Their fully exploitation is limited
by the fact that neural networks require large amounts of data to
be effectively trained. The currently available databases, even if
acquired with a great effort, have insufficient cardinality to train
architectures that have millions of parameters to be learned. The
usual data augmentation techniques cannot be applied to pristine

images to generate image databases having the variety and com-
plexity of distortions typical of images acquired with common
consumer devices. There is a further aspect that is no less impor-
tant in our opinion, CNNs are often used as magic boxes, magic
boxes that often worked very well, but we do not really know
why. As a result, we often do not know how to improve the first
promising and often exciting results.

In this short article, after briefly describing the character-
istics of image databases that can be used to train a network
to estimate the perceived quality of a typical consumer photo.
We illustrate schematically how it is possible to build processing
pipelines based on CNNs and how these are able to obtain ex-
perimental results that far exceed those obtained with the most
sophisticated methods based on hand-crafted features.

Overview on image quality assessment of
consumer photos

Objective image quality assessment (IQA) methods can be
categorized into three groups: full-reference (FR) metrics per-
form a direct comparison between the image under test and a ref-
erence or original image; reduced-reference (RR) metrics which
predict image quality with only partial information about the ref-
erence image; and no-reference (NR) metrics that are applied
when the original image is unavailable. NR-IQA metrics as-
sume that the image quality is determinable without a direct com-
parison between the pristine original and the image under test;
however, most of these metrics estimate quality degradation only
for specific image artifacts such as blurriness, noise, blockiness,
lack of contrast, and lack of colorfulness. There are distortion-
generic image quality assessment methods aiming to predict the
quality of an image without any knowledge of artifacts charac-
terizing it; these methods are called blind image quality assess-
ment (BIQA). NR-IQA methods can be further classified into
two categories: opinion-aware (OA) methods which are trained
on distorted images whose quality has been rated by human sub-
jects (e.g. CORNIA [33], HOSA [31], and FRIQUEE [15]), and
opinion-unaware (OU) methods (also referred to as opinion-free)
which are not trained on human-rated distorted images and mea-
sure the deviation of a distorted signal from natural scene statis-
tics (e.g. ILNIQE [35], and dipIQ [24]). Even if OU-BIQA meth-
ods have greater potential for good generalization capability, no
OU-BIQA method has shown consistently better quality predic-
tion accuracy than the OA method yet. For this reason, in this
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paper, we will focus on OA-BIQA methods.
The development of generally applicable BIQA methods re-

quires the collection of representative image databases in terms
of authenticity, scale, and diversity. The ecological validity of an
IQA database [18] refers to the representativeness of the visual
collection for a wide range of real-world photos such as those
available on the Internet or acquired using consumer cameras;
and the generalization potential of models trained on it. These
databases represent a data source for training and parameter fit-
ting of models that attempt to mimic the quality evaluation of hu-
man observers. For training OA-BIQA methods, together with
the images, it is essential to carefully gather the corresponding
subjective quality scores (i.e. the MOS).

The LIVE in the wild image quality challenge database
(LIVE-itW) [15] and the KonIQ-10k [18] are two databases de-
signed for blind image quality assessment. The first contains im-
ages captured using a representative variety of modern mobile
device while the second consists of a selection of images from
the YFCC100M [28] database. Both of them provides subjec-
tive quality ratings obtained by crowd-sourcing. Recently, for
the challenge titled “quality assessment for Smartphone Camera
(QA4Camera)” has been released a database composed of 1,500
pictures of 100 various scenes taken using 15 smartphones. For
each scene, there are therefore 15 pictures. For each picture four
quality rankings related to exposure, color, noise and texture are
also provided. Finally, the CCRIQ2+VIME1 [25] database is a
collection of two datasets that provide consumer images and cor-
responding subjective scores obtained by conducing a subjective
study in a laboratory. At the moment, no methods have been
tested on these two databases. Table 1 depicts the peculiarities
of public available databases for BIQA in terms of number of
images, subjects involved in the subjective study and annotation
type.

Deep blind image quality assessment
Convolutional neural networks (CNNs) have been adopted

to estimate the perceived quality of consumer photographs be-
cause they can detect and model in an holistic way the factors
that influence image quality much better than hand-crafted fea-
tures. But how can they do that? The process of a photographic
image generation is influenced by several interacting sources of
distortions that are due to the imaging device properties, and to
the image processing pipeline [9]. These distortions are difficult
to be individually identified and modeled even for a human ob-
server because, as shown by several authors [27, 29, 26], image
quality and image content are strongly related. However, if im-
age content influences image quality evaluation, it is also true the
opposite, at least for CNNs: image distortions strongly influence
image recognition capability of state of the art CNNs trained for
object and scene recognition, e.g. [5, 12, 13, 23]. This intrinsic
weakness of CNNs is, in our intuition [3, 4], the key for solv-
ing the IQA problem. As shown in Figure 2, the resulting ac-
tivation map produced by the convolving filters of the CaffeNet
first convolutional layer trained on the sharp images of ImageNet
database [11] is different depending on the quality of image sig-
nal. For the pristine image the result of convolution is a well de-
fined activation map where oblique edges are emphasized, while
given the noisy image the result of convolution is very different.
The initial layers of the CNN see the image degradation and gen-
erate a response that can be decoupled from the image content by
the subsequent layers.

Figure 1 shows the main building blocks that characterize
a CNN-based framework for BIQA. In the next sections we will

(a)

(b)
Figure 2: Activation maps of CaffeNet first filter of the first
convolutional layer trained on ImageNet. (a) The convolution
between a pristine image of a monarch and the filter. (b) The
convolution between a noise version of the same monarch and
the same filter.

illustrate the possible implementations for each block.

Region selection
Depending on the region of the input image to be given to

the CNN, three methods can be distinguished: whole image [30],
non-overlapping sub-regions/patches [34], and overlapping sub-
regions/patches [3]. In the first approach, the whole image is fed
to the CNN, while in the second and in the last approach an im-
age is divided into sub-regions and each one of them is indepen-
dently processed by the CNN. The BIQA methods considering
sub-regions can be further divided into those which produce an
independent quality prediction for each patch, assuming that the
image quality does not vary locally [19, 3], and those in which the
patch features or the estimated quality predictions are aggregated
to yield a single image prediction [7]. The reason behind the use
of sub-regions is twofold: it is a method of data augmentation
useful to mitigate the problem of model overfitting due to the
reduced cardinality of available databases for BIQA; it prevents
resizing operation that can mask some image artifacts for pre-
trained CNNs (e.g., AlexNet) requiring a fixed input size. Bianco
et al. [3] show how the BIQA performance increases according
to the number of considered overlapping sub-regions (see Figure
3). Varga et al. [30] demonstrated that once the problem of the
predetermined resolution has been overcome, the models trained
on the whole image perform better than those trained on patches.

CNN model
Existing BIQA approaches rely on standard CNN architec-

tures designed for image classification (e.g. ImageNet) [1]. In
[18], a comparative study for BIQA of different CNN archi-
tectures is provided which demonstrates how the architectures
that work better for image classification work better for BIQA
as well. Considering that training a deep network is typically
difficult for the small IQA database, some methods tackle the in-
sufficient IQA database by extracting features off-the-shelf from
the pre-trained CNN model [14, 21], while others by fine-tuning
CNN pre-trained for example for the ImageNet recognition chal-
lenge [18, 30]. Features-off-the-shelf and fine-tuning work be-
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Table 1: Overview of the authentic distortions image quality databases. For the column Data format: “MOS” stands for mean
opinion score; “σ” is the standard deviation; “ACR distr.” is the absolute category rank on 5 classes; “4 ranks” represents four rankings
on 4 different image aspects.

Database
No. of unique

contents
No. of
images

Resolution
No. of

subjects
No. of

annotations
Data format

Range of
scores

LIVE-itW (2016) [15] 1,169 1,169 500×500 > 8,100 350K MOS + σ 0–100
KonIQ-10k (2020) [18] 10,073 10,073 1024×768 1,459 1.2M MOS + σ + ACR distr. 1–5
QA4Camera (2020) 100 1,500 4032×3024 N/A N/A 4 ranks 1–15
CCRIQ2+VIME1 (2020) [25] 11 189 1 to 20 MPs 24 N/A MOS N/A

�������

Figure 3: How the number of selected sub-regions impacts
on BIQA performance. Median Pearson linear correlation co-
efficient (PLCC) on the LIVE-itW database, with respect to the
number of image sub-regions given in input to the fine-tuned Caf-
feNet. Two aggregation schemes are considered (feature average
pooling and prediction average pooling).

cause the training of the network on the good quality images, for
example of ImageNet, implies the deep features to intrinsically
learn natural scene statistics. Then, the fine-tuning for image
quality refines deep features for measuring the deviation from
these natural statistics due to the presence of image artifacts.

In DeepBIQ [3], the authors compared the IQA perfor-
mance of the same CNN architecture trained on databases with
different contents both in terms of type and concept cardinality.
In such a way they empirically demonstrate that the more con-
cept the CNN has been trained to recognize, the more effective
are its features for modeling generic image quality.

Aggregation strategies
Aggregation is necessary to combine sub-regions quality

estimates to whole image quality. The methods trained via
patch-wise optimization, say methods independently treating
each patch during training [19], apply aggregation only during
inference. Conversely, image-wise approaches use aggregation
also during training [7, 20].

Different strategies can be applied to aggregated sub-
regions qualities into a global image-wise quality estimate:

• feature pooling: information fusion is performed element
by element on the sub-region feature vectors to generate a
single feature vector by considering one among minimum,
average, or maximum feature pooling.

• feature concatenation: information fusion is performed by
concatenating the sub-region feature vectors in a single
longer feature vector;

• prediction pooling: information fusion is performed on the
predicted quality scores. A quality score is predicted for

each image sub-region, and these scores are then fused us-
ing one among minimum, average, or maximum pooling
operators.

In [3], all of the previously mentioned strategies have been tested
and it has been found that the best aggregation approach is the
average prediction pooling. The previous aggregation methods
equally consider the contribution of each sub-region features or
predictions. Instead, some methods, trying to imitate human vi-
sual behavior and to deal with the weak assumption that the im-
age quality does not vary locally, treat each image sub-region
differently. To do so, they use a saliency map to weigh the con-
tribution of each sub-region to the estimate of the global quality
of the image [22, 8]; or let the CNN deduct the contribution of
each sub-region directly by inferring a weight map [7]. There are
also more sophisticated methods [30] involving new CNN layers
such as the spatial pyramid pooling (SPP) [17] for aggregating
features at different resolutions.

Discrete and continuous quality prediction
The output of BIQA methods is commonly expressed in

terms of: 5-classes of the absolute category rating (ACR), i.e.
bad, poor, fair, good and excellent [3]; distribution on subject
ratings for each of the 5-classes of the absolute category rating
(ACR) [30]; continuous quality score, i.e. the MOS [18, 3]. The
choice of what type of output to produce depends very often on
the database ground-truth and it commonly converge in predict-
ing a continuous quality score. However, such a scheme ignores
the fact that an image may receive divergent subjective scores
from different subjects, which cannot be adequately represented
by a single scalar number. This is particularly true on complex,
real-world distorted images.

The DeepBIQ is trained for initially categorizing image sub-
regions in terms of image quality according to the standard 5-
point ACR scale. Given that the LIVE-itW groud-truth consists
of MOS, the category labels have been obtained by crisp parti-
tioning the MOS into five disjoint sets. Then, given that database
ground-truth consists of continuous scores instead of categorical
labels, the method exploits the previously learned deep features
to fed a support vector regressor (SVR) machine to estimate the
continuous quality score.

Experiments
In this section, we report a comparison of some CNN-based

BIQA methods on two databases, namely the LIVE-itW and
the KonIQ-10k. The performance of BIQA methods is com-
monly assessed in terms of Pearson linear correlation coeffi-
cient (PLCC) and Spearman rank order correlation coefficient
(SROCC). The PLCC measures the linear correlation between
the actual scores and the predicted ones and it is defined as fol-
lows:

PLCC =
∑

N
i (xi − x̄)(yi − ȳ)√

∑
N
i (xi − x̄)2

√
∑

N
i (yi − ȳ)2

, (1)
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Table 2: Comparison to state-of-the-art methods on the KonIQ-
10k and the LIVE-itW databases. DeepBIQ* indicates the the
CNN model has been pretrained on ImageNet instead of Hybrid
database.

Method
LIVE-itW KonIQ-10k

PLCC SROCC PLCC SROCC
DeepBIQ (CaffeNet) 0.91 0.89 0.91 0.89
DeepRN (ResNet-101) [30] 0.93 0.91 0.95 0.92
DeepBIQ* (VGG16) [18] – – 0.89 0.87
DeepBIQ* (InceptionResNet-v2) [18] – – 0.91 0.91
KonCept512 [18] – – 0.94 0.92

Table 3: Cross-database comparison among state-of-the-art
methods: trained on LIVE-itW and tested on KonIQ-10k and
vice versa. DeepBIQ* indicates the the CNN model has been
pretrained on ImageNet instead of Hybrid database.

Method
Train on LIVE-itW Train on KonIQ-10k
Test on KonIQ-10k Test on LIVE-itW
PLCC SROCC PLCC SROCC

DeepBIQ (CaffeNet) 0.723 0.711 0.748 0.746
DeepRN (ResNet101) [30] – – 0.750 0.726
DeepBIQ* (VGG16) [18] – – 0.747 0.742
DeepBIQ* (InceptionResNet-v2) [18] – – 0.821 0.804
KonCept512 [18] – – 0.848 0.825

where N is the number of samples, xi and yi are the sample points
indexed with i, finally x̄ and ȳ are the means of each sample dis-
tribution. Instead, the SROCC estimates the monotonic relation-
ship between the actual scores and the predicted ones and it is
calculated as follows:

SROCC = 1−
6∑

N
i d2

i
N(N2 −1)

, (2)

N is the number of samples, and di = (rank(xi)− rank(yi)) is the
difference between the two ranks of each sample.

Table 2 shows the comparison of methods trained and eval-
uated on the same database. We want to highlight that deeper ar-
chitectures perform better than shallow ones. DeepBIQ obtains
almost the same performance for both databases. KonCept512
[18] method achieved the best performance on the KonIQ-10k.
It takes images of 512× 384 pixels as input for an ImageNet-
trained InceptionResNet-v2 model fine-tuned for quality assess-
ment by simultaneously optimizing with respect to the MOS and
ACR distribution. No performance is measured on the LIVE-itW
database due to the lack of ACR distribution.

We measure cross-database performance in order to eval-
uate generalization capabilities of the methods. Table 3 pro-
vide the performance of algorithms trained on the KonIQ-10k
database and evaluated on the LIVE-itW. Compared to the other
methods the KonCept512 does not suffer a drop in performance.

Final remarks
The use of CNNs in image quality is still limited by the

scarcity of training data. Despite the efforts of some research
groups in acquiring such datasets, such as LIVE in the wild qual-
ity challenge [15] and KonIQ-10k [18], their cardinality is still
too small to train from scratch state of the art CNNs. Several
authors are experimenting with different approaches of data aug-
mentation to make up for this lack e.g. [32, 16]. Although such
approaches are theoretically valid and promising experimentally
their performance on images corrupted by authentic distortions
is still not optimal. In the previous section, we also show how
recent CNN-based BIQA methods have yielded interesting re-
sults on collections of genuinely distorted images of very dif-
ferent scenes. Therefore we can assume that these methods are
effective for the automatic selection of photos based on the qual-

JPEG

GB
lur

AW
GN

Figure 4: The deep features extracted from a specific layer of a
CNN trained for a recognition task, intrinsically divide the deep
feature space in such a way that visual representations corre-
sponding to different types of distortions lay on different planes.

ity metric. But are these methods possibly able to guide an im-
age enhancement process? The reason why we can say that this
still does not happen is twofold: (i) the classic BIQA methods
only estimate the MOS, but they do not provide any advice on
the types of distortion that affect the image; (ii) there is no ev-
idence, to the best of our knowledge, showing that CNN-based
BIQA methods are sensitive to small changes in the severity of
distortion on images with the same content.

We think that distortion recognition is an analysis that
should be conducted to explicitly justify the reason for a qual-
ity score so as not to make such CNN-based method a magic
box. A method capable of simultaneously estimating the quality
score and the type and severity of the distortions that corrupt an
image on a global or local level could be a further extension of
real BIQA systems.

As previously stated, pre-trained CNNs are, to some degree,
already quality-aware, meaning that their learned internal fea-
tures assist the performance of the task (recognition) by adapt-
ing to the presence of authentic distortions. In [4], Bianco et
al. demonstrate how this property is effective for characterizing
different types of image distortions (see Figure 4). We firmly
believe that the deep representations learned under certain con-
ditions can be even better exploited for the development of more
effective opinion-unaware, distortion-unaware BIQA algorithms.
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