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Image Aesthetic Quality Assessment (IAQA) spans applications such as the fashion industry, AI-generated

content, product design, and e-commerce. Recent deep learning advancements have been employed to

evaluate image aesthetic quality. A few surveys have been conducted on IAQA models; however, details of

recent deep learning models and challenges have not been fully mentioned. This article aims to fill these

gaps by providing a review of deep learning IAQA over the past decade, based on input, process, and output

phases. Methodologies for deep learning–based IAQA can be categorized into general and task-specific

approaches, depending on the type and diversity of input images. The processing phase involves considera-

tions related to network architecture, learning structures, and feature extraction methods. The output phase

generates results such as scoring, distribution, attributes, and description. Despite achieving a maximum

accuracy of 91.5%, further improvements in deep learning models are still required. Our study highlights

several challenges, including adapting models for task-specific methodology, accounting for environmental

factors influencing aesthetics, the lack of substantial datasets with appropriate labels, imbalanced data,

preserving image aspect ratio and integrity in network architecture design, and the need for explainable AI

to understand the causative factors behind aesthetic judgments.

CCS Concepts: • General and reference → Surveys and overviews; • Computing methodologies →

Computer vision;

Additional Key Words and Phrases: Image aesthetic, image aesthetic quality assessment, computer vision,

deep learning

ACM Reference Format:

Maedeh Daryanavard Chounchenani, Asadollah Shahbahrami, Reza Hassanpour, and Georgi Gaydadjiev.

2025. Deep Learning Based Image Aesthetic Quality Assessment- A Review. ACM Comput. Surv. 57, 7, Ar-

ticle 183 (February 2025), 36 pages. https://doi.org/10.1145/3716820

Authors’ Contact Information: Maedeh Daryanavard Chounchenani, Computer Science, Groningen University Faculty

of Science and Engineering, Groningen, Groningen, Netherlands; e-mail: m.daryanavard@rug.nl; Asadollah Shahbahrami,

Computer Engineering, University of Guilan, Rasht, Gilan, Iran (the Islamic Republic of); e-mail: shahbahrami@guilan.ac.ir;

Reza Hassanpour, Computer Science, Groningen University Faculty of Science and Engineering, Groningen, Goningen,

Netherlands; e-mail: r.zare.hassanpour@rug.nl; Georgi Gaydadjiev, Delft University of Technology Faculty of Electrical

Engineering Mathematics and Computer Science, Delft, Zuid-Holland, Netherlands; e-mail: G.N.Gaydadjiev@tudelft.nl.

This work is licensed under a Creative Commons Attribution 4.0 International License.

© 2025 Copyright held by the owner/author(s).

ACM 0360-0300/2025/02-ART183

https://doi.org/10.1145/3716820

ACM Comput. Surv., Vol. 57, No. 7, Article 183. Publication date: February 2025.

HTTPS://ORCID.ORG/0009-0009-3892-7016
HTTPS://ORCID.ORG/0000-0002-5195-1688
HTTPS://ORCID.ORG/0000-0001-8649-9671
HTTPS://ORCID.ORG/0000-0002-3678-7007
https://doi.org/10.1145/3716820
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3716820
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3716820&domain=pdf&date_stamp=2025-02-21


183:2 M. Daryanavard Chounchenani et al.

1 Introduction

Digital media has been utilizing in various domains, such as intelligent transportation systems
[138, 143], remote sensing [144], technical diagnostics [50], target tracking [113], advertising.
The quality of digital media plays a pivotal role in determining the output of these applications,
influencing their attractiveness, utility, and accuracy. Significant efforts have been made in recent
years to quantify the quality of digital media, particularly images, using a variety of techniques
categorized as Full-Reference (FR), Reduced-Reference (RR), and No-Reference (NR) ap-
proaches [164]. In the FR technique, the quality of a target image is evaluated by comparing it with
the original reference image. The RR approach involves utilizing a set of low-level features such as
edges, texture, and color histograms, or high-level features such as objects and concepts, extracted
from the original reference image for comparison [4]. In contrast, the NR approach does not rely
on either the original reference image or any specific features [19]. Recent researchers have been
focusing on aesthetic principles to measure image quality and have increasingly recognized the
impact of aesthetics on the overall perception of images [25, 68, 136]. This trend reflects a growing
acknowledgment of the multi-faceted nature of image assessment, extending beyond traditional
technical parameters. What is aesthetic? According to the Oxford Dictionary, “beauty is a
combination of qualities that pleases the aesthetic senses, especially the sight, and aesthetic is the
appreciation of beauty.” However, aesthetics extends beyond this definition, encompassing critical
reflection on art, culture, nature, and style. Although the Oxford Dictionary defines beauty as the
appreciation of aesthetics through the senses, on the other side, individual tastes are influenced
by culture, history, and personal preferences. Despite these two definitions of aesthetics, it is
crucial to note that there are established contractual rules of photography and art for measuring
beauty, known as aesthetic features. These rules encompass elements such as symmetry, the rule
of thirds, and depth of field [20, 104]. In recent years, these aforementioned aesthetic features have
been employed to assess image quality. While numerous studies have explored Image Aesthetic

Quality Assessment (IAQA) in various aspects [2, 23, 139, 163, 172], the primary focus has often
been on traditional methods, while recent research and techniques have often been overlooked.
In contrast, the objective of this study is to consolidate essential information using deep learning
approaches and systematically categorize the multitude of methods published in the past decade.
The pipeline of IAQA using deep learning is clarified through three distinct phases: input, process,
and output. Subsequently, the impact of the environment on aesthetics is presented, along with
diverse applications that demonstrate practical utility across various domains. Additionally, the
challenges associated with IAQA using deep learning approaches in the existing dataset and
mentioned phases are explored. The challenge of labeling datasets effectively, limited data, and
existing noise in aesthetic scores in training machine learning models potentially hinder models
from generalizing effectively, leading to biased judgments. In the input phase, as each domain and
diverse genre of images has its particular features, there is a need to shift the focus from a general
methodology to a task-specific one. In the process phase, the challenge is related to the considera-
tion of the aspect ratio of images, which influences their aesthetic quality. Accordingly, the focus
is on designing a network architecture that preserves the aspect ratio of the input data. In the final
phase, there is a requirement to comprehend the causative factors behind aesthetic judgments
by eXplainable AI (XAI).

The article is structured as follows: Section 2 discusses methods for assessing the aesthetic
quality of images, Section 3 considers the datasets used in IAQA. Section 4 outlines the phases
of deep learning–based IAQA, Section 5 reviews of IAQA models using deep learning. Section 6
presents the impact of environmental factors on aesthetics, and applications are explored in
Section 7. Section 8 discusses existing challenges. Conclusions are drawn in Section 9.
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Fig. 1. (a) Distributions of the papers surveyed in the current research work that only focus on the IAQA
based on deep learning from 2014–2024 (total: 135 papers up to August 2024). (b) The PRISMA flow diagram
showing the researches’ inclusion and exclusion criteria focus on a decade of the IAQA method based on
deep learning.

2 Image Aesthetics Quality Assessment

The evaluation of image aesthetic quality involves considering low-level features, including color
[29, 33], composition, and texture [20] and making connections to high-level features. Color
choices can evoke different emotions and carry cultural significance. Composition techniques
such as framing and balance guide the viewer’s focus. Texture, whether smooth or rough, also
influences an image’s appeal. Machine learning algorithms use these features to predict aesthetic
quality. In general, IAQA techniques involve two main approaches: shallow learning approaches
and deep learning approaches. Shallow learning uses hand-crafted features such as color and tex-
ture to train a model, relying on traditional computer vision techniques and domain expertise
[70, 103, 112, 132, 168]. One of the main problems with using shallow learning is that these models
may not be able to capture the complex and high-level visual characteristics that are important for
accurately assessing image quality [177].

Image aesthetic quality assessment has been revolutionized by deep learning approaches, which
have enabled the development of a range of methods and techniques to extract aesthetic features
for quality assessment [13, 52, 53]. Deep learning, particularly Convolutional Neural Networks

(CNNs), automatically learns complex features from raw image pixels, requiring large amounts
of labeled data and computational resources. Deep learning has shown superior performance but
comes with higher resource requirements. The choice of approach depends on the application’s
needs and available resources. Deep learning is often preferred in many scenarios due to its
ability to automatically learn hierarchical representations from raw data, superior performance
on complex tasks, and its capacity to handle large datasets effectively. This study aims to
systematically explore a decade of research in IAQA using deep learning models. The distribution
of papers illustrated in Figure 1(a) highlights the trends in research output over the years up to
August 2024. The methodology of this study is comprehensively detailed in the PRISMA flow
diagram presented in Figure 1(b). Initially, a total of 281 papers were identified through several
searching sources such as IEEE, Springer, ACM, Frontiers, Entropy, and Elsevier. After removing
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Table 1. Overview of Some Popular Aesthetic Datasets

Ref. Dataset Year # of Images Images Source Label Task

[60] FAE-Caption 2022 251K Flickr platform Comment Description

[157] AVA-PCap 2020 8K AVA dataset Comment, Discrete 1-10 Scoring,
Description

[37] AVA-Captions 2020 230K DPChallenge platform Comment, Discrete 1-10 Scoring,
Description

[31] EAD 2020 25K Butter Camera platform Binary Scoring

[62] DPCCaptions 2019 154K DPChallenge platform Comment, Discrete 1-10 Scoring,
Description

[151] AVA-reviews 2019 52K DPChallenge platform Comment, Discrete 1-10 Scoring,
Description

[122] AROD 2018 380K Flickr platform Continius [0,1] Scoring

[118] FLICKR-AES 2017 40K Flickr platform Discrete 1-5 Scoring

[10] PCCD 2017 4K Gurushots platform Comment, Discrete 1-10 Scoring,
Attribute,
Description

[131] FACD 2017 28K Photo.net platform ACR 1-4 Scoring,
Attribute

[92] Waterloo-IAA 2017 1K Photo.net platform Integer[0-100] Scoring,
Attribute

[73] AADB 2016 10K Flickr platform Discrete 1-5 Scoring,
Attribute

[121] Hidden Beauty 2015 15K Flickr platform ACR 1-5 Scoring

[96] IAD 2015 1.5M DpChallenge,photo.net platforms Binary Scoring

[137] CUHKPQ 2013 17K Professional photography platform Binary Scoring

[109] AVA 2012 250K DPChallenge platform Discrete 1-10 Scoring,
Distribution

[55] Kodak Aesthetics 2010 1.5K Flickr, Kodak Picture platform Discrete 1-10 Scoring

[21] Photo.net 2008 20K Photo.net platform Binary, Discrete 1-100 Scoring

[70] CUHK 2006 12K DPChallenge platform Binary Scoring

ACR: Absolute Category Rating, (sorted by year).

16 duplicate papers, 265 papers remained for screening. During the screening phase, 51 records
were excluded for not being related to computational image aesthetic quality assessment, leaving
214 records to be retrieved. However, one study could not be retrieved, resulting in 213 papers
being assessed for eligibility. Out of these, 29 papers were excluded for various reasons, including
being extended versions, not being related to the IAQA using deep learning, or being early access
papers. Consequently, 184 studies were ultimately included in the qualitative synthesis, providing
a comprehensive overview of the relevant literature in the field of deep learning.

3 Datasets for Image Aesthetic Quality Assessment

Deep learning approaches are data-driven models, so different datasets should be used to train
these models. Depending on the source website or device, images within datasets might have
various aesthetic and technical properties. Similarly, the annotations from different data sources
for images can vary significantly. Table 1 depicts an overview of some popular aesthetic datasets,
consisting of seven columns. The table is sorted by year and includes their corresponding rating
systems. The fourth column depicts the approximate number of images in the datasets, and K

is equal to 1,000. In the sixth column, Absolute Category Rating (ACR) is a rating model that
asks human annotators to provide a score based on a fixed set of predefined categories, while
the discrete model requires annotators to rate images on a scale of discrete values, for example,
ranging from 1 to 5 stars. The last column represents the task, which can consist of scoring,
distribution, attributes that are numerical outputs, and description, which is textual output.

ACM Comput. Surv., Vol. 57, No. 7, Article 183. Publication date: February 2025.
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Fig. 2. Illustrative examples from the AVA dataset, highlighting the diverse range of categories including
animals, architecture, cityscapes, children, food and drinks, landscapes, portraits, and still-life, respectively,
from (a) to (h).

As observed in the provided table of datasets, most of the datasets are collected for the scoring
task and a substantial volume of images belongs to the Image Aesthetic Dataset (IAD), sourced
from DPChallenges [26] and Photo.net [117] platforms. One of the most frequently encountered
datasets in IAQA is the Aesthetic Visual Analysis (AVA) dataset. The AVA dataset encompasses
the distribution of raters’ scores and various challenges labels and tags, each of which can be
regarded as distinct categories. These categories span a broad spectrum, including, but not limited
to, animals, architecture, cityscapes, children, food and drinks, landscapes, portraits, and still-life
categories, as shown in Figure 2. In contrast, the Aesthetics and Attributes Database (AADB)

emphasizes not only overall aesthetic scores but also specific visual attributes that contribute to
aesthetics, such as balancing elements, color harmony, content, depth of field, light, motion blur,
object, repetition, rule of thirds, symmetry, and vivid color. This dataset is particularly valuable
for research that aims to understand how individual attributes affect perceived aesthetic quality.
However, its smaller size compared to AVA can limit the generalization of models trained on it.
Figure 3(a) presents a sample from the AVA dataset, accompanied by the distribution of rater
scores. The distribution reveals that most individuals rated the image with a score higher than five.
Notably, approximately 77 raters assigned a score of seven to this particular image, indicating a
general preference for it. Figure 3(b) illustrates a sample from the AADB dataset. The dark image
has a significantly negative score in the Light attribute, reflecting the poor lighting quality.

4 Deep Learning–based Image Aesthetics Quality Assessment

The IAQA based on deep learning involves three important parts: input, process, and output. In
the input phase, researchers select an appropriate methodology for the task at hand, and based on
that choice, they can determine the most suitable dataset for training and testing the deep learning
models. During the process phase, decisions regarding network architecture, such as using CNNs
and feature extraction approaches, are made. Finally, in the output phase, researchers can define
the specific output tasks and explore applications related to those tasks. These stages are depicted
in Figure 4, which are discussed in detail in the following sections.

4.1 Input Phase

In this section, the input phase, which consists of choosing the methodology of input and related
dataset as well as performing different pre-processing operations, is discussed.

4.1.1 General or Task-specific. In the initial stage of selecting input data for the 2D-CNNs,
a decision has to be made regarding the choice of methodologies. The methodology of IAQA

ACM Comput. Surv., Vol. 57, No. 7, Article 183. Publication date: February 2025.
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Fig. 3. (a) A sample from the AVA dataset shows the distribution of raters’ scores, indicating that the majority
rated the image above five, and around 77 raters assigned a score of seven. (b) A sample from the AADB
dataset with attributes score, where the dark image received a notably low score in the “Light” attribute,
highlighting the poor lighting quality.

Fig. 4. Pipeline of image aesthetic quality assessment based on deep learning, depicting the input, processing,
and output phases.

can be categorized as either general or task-specific, based on the type and diversity of the
input images. The former category seeks to predict images’ aesthetic quality without making
assumptions about the image’s content, covering a wide range of items and scenarios, such
as natural, man-made, portraits, animals, and so on. In contrast, task-specific categories have
prior knowledge of the semantic content of the image, which can significantly improve aesthetic
prediction by considering a closed-set classification for image aesthetics [49, 131, 139, 152], which
is used in applications such as fashion, interior design, product design, and other task-specific
applications. Both aesthetic categories aim to estimate a suitable quality score or details asso-
ciated with human perception, although this is a difficult task in the field of multimedia signal
processing.

ACM Comput. Surv., Vol. 57, No. 7, Article 183. Publication date: February 2025.
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4.1.2 Pre-processing. In the field of IAQA, several pre-processing techniques are commonly em-
ployed to prepare the images for analysis. These techniques play a crucial role in standardizing
the input data and enhancing the performance of the aesthetic assessment models. One important
step is image resizing, where images of different sizes in the dataset are resized to a consistent
size. Additionally, image normalization is performed by subtracting the mean value of the dataset
and dividing by the standard deviation, ensuring consistent input across different images. Data
augmentation is another vital technique used to increase the diversity of the training data. Ran-
dom transformations such as rotations, flips, crops, brightness/contrast adjustments, and Gaussian
noise are applied to the images, augmenting the dataset and preventing overfitting. Moreover, im-
age cropping can be beneficial in focusing on the main subject or removing unwanted regions.
Manual or automatic cropping techniques such as saliency or object detection can be employed.
Enhancing the visual quality of the images through techniques such as histogram equalization, con-
trast stretching, or adaptive equalization can significantly improve the performance of aesthetic
assessment models. Furthermore, converting images to different color spaces, such as grayscale or
other color spaces such as Lab or HSV, can capture different aspects of the image and provide better
features for aesthetic assessment. Noise reduction techniques, such as Gaussian blurring or median
filtering, are used to reduce image noise while preserving important image details [9]. By applying
these pre-processing techniques, the input images are standardized, enhanced, and made more suit-
able for accurate aesthetic assessment. These techniques contribute to improving the overall per-
formance and reliability of IAQA models, leading to a better understanding of image aesthetics and
facilitating applications in various domains such as photography, advertising, and digital media.

4.2 Process Phase

Some concepts such as network architecture, learning algorithms, and feature extraction tech-
niques that are in the process phase will be discussed in the following sections.

4.2.1 Network Architecture. The CNN architecture is typically composed of several layers, in-
cluding convolutional layers, pooling layers, and fully connected layers. The convolutional layers
perform feature extraction by applying a set of filters to the input image, while the pooling layers
reduce the dimensionality of the feature maps. The fully connected layers perform the aesthetic
tasks by combining the extracted features. There are several well-known CNN architectures used
for IAQA, such as AlexNet [75], VGG [130], ResNet [41], and InceptionNet [134] or extension of
these networks, which have achieved state-of-the-art performance. While choosing an appropriate
neural network architecture is an important consideration when developing a model for image
aesthetic assessment, evaluating the aesthetic quality of an image usually involves a subjective
measure of its visual appeal and may also take into account other factors beyond the network
structure. Designing an IAQA method has two primary approaches when developing models,
including using pre-trained networks or designing methods from scratch. Using pre-trained
networks involves leveraging models that have been trained on large datasets, such as ImageNet
[22] for generic tasks and utilizing known architecture to fine-tune and extract meaningful
features from the images in a smaller dataset to overcome the challenge of lack of data. However,
designing IAQA methods from scratch involves constructing a neural network architecture that
learns from aesthetic labels or negative aesthetic aspects without using pre-trained data [124].

4.2.2 Learning Structure. There exist three distinct categories of CNN learning structure
employed for feature extraction from images. These categories encompass the Single-column,
Multi-column, and Multi-task approaches [23]. The selection of the appropriate feature extraction
methodology is contingent upon the specific inputs and outputs under consideration. Brief
descriptions of these approaches are outlined as follows:

ACM Comput. Surv., Vol. 57, No. 7, Article 183. Publication date: February 2025.
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Fig. 5. Different CNNs learning structures: (a) Single-column, (b) Multi-column, (c) Multi-task.

— Single-column: The single-column architecture is the most basic type of CNN, in which a
single column of layers is responsible for extracting aesthetic features from the input image.
The layers usually include convolutional, pooling, and fully connected layers, as can be seen
in Figure 5(a). Single-column CNNs are commonly used for image classification tasks that
only require the extraction of global or local aesthetic features.

— Multi-column: Unlike single-column, multi-column CNNs are composed of several columns
of layers that extract both global and local features from the input image. Each column is
dedicated to extracting a unique set of features, and their outputs are merged to generate the
final prediction, as can be seen in Figure 5(b). Multi-column CNNs are commonly utilized
for tasks that need more than one extraction approach, such as the extraction of both global
and local aesthetic features.

— Multi-task: A multi-task CNN is an architecture that can execute multiple interrelated tasks
concurrently. In a multi-task, the layers are shared across all tasks, as illustrated in Figure 5(c),
enabling the network to learn representations that are advantageous for all tasks. Multi-task
CNNs are beneficial in scenarios where the tasks share some common aesthetic features, for
instance, classification and regression scores or distribution and description.

4.2.3 Feature Extraction Approaches. Feature extraction involves capturing relevant visual
characteristics from images to evaluate their aesthetic quality. This process is categorized into local
and global feature extraction. Deep learning models are then trained to automatically extract these
features, enabling them to capture complex patterns and hierarchical representations in the data
Local feature extraction involves capturing information from specific regions or patches within an
image. This can be done through techniques such as cropping, which involves selecting a specific
area of the image to analyze [178]. Local feature extraction can be useful for capturing details such

ACM Comput. Surv., Vol. 57, No. 7, Article 183. Publication date: February 2025.
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as texture or color, however, can be limited in its ability to capture the overall semantic meaning of
the image. Global feature extraction, however, involves analyzing the image as a whole to capture
its overall spatial and semantic layout. This can be useful for capturing higher-level concepts such
as composition, balance, and harmony, which are important factors in image aesthetics. Global
feature extraction can be achieved through techniques such as resizing, which involves changing
the overall size of the image while maintaining its aspect ratio. In many models to achieve both
global and local feature extraction, a multi-column deep learning approach is necessary [36, 178].

The Graph Convolution Neural Networks (GCNNs) are specialized neural networks
designed to operate on graph-structured data, where the relationships between data points are as
important as the data points themselves. Unlike traditional CNNs, GCNNs generalize the concept
of convolution to graphs, making them ideal for tasks where data can be represented as nodes and
edges. In GCNNs, feature extraction is achieved by aggregating features from a node’s neighbor-
hood and combining them in a way that respects the graph structure. This enables the network to
learn representations that capture both the local and global graph topology, making GCNNs pow-
erful tools for IAQA. Attention mechanisms are techniques that allow neural networks to focus on
specific parts of the input data when making predictions, enabling the model to dynamically weigh
the importance of different features. In feature extraction, attention mechanisms help models
selectively highlight important regions of an image or specific features in a sequence, effectively
filtering out irrelevant information. This targeted focus enhances the model’s ability to capture
both local details (such as texture or small objects) and global features (such as the overall structure
or context), leading to improved performance in IAQA. Transformer models are another technique
for feature extraction in IAQA. The key innovation of transformers is their use of self-attention
mechanisms, which allow the model to weigh the importance of different input data elements
relative to each other, regardless of their position. This enables transformers to capture long-range
dependencies and contextual relationships more effectively than traditional architectures like
CNNs. Vision Transformers have been developed to apply the transformer architecture to
grid-like image data, dividing images into patches and treating them as sequences. This approach
enables the model to extract both local features (within individual patches) and global features (by
analyzing the relationships between patches across the entire image). By doing so, transformers
can extract high-level features across the entire image, improving performance in IAQA.

4.3 Output Phase

The output phase can be divided into four main tasks: aesthetic scoring, distribution, attribute
evaluation, and description. Aesthetic scoring categorizes images by their perceived aesthetic
quality, either through binary classification (high or low quality) or regression (continuous scores,
such as from 1 to 10). Since image aesthetic scores are unable to reflect the preferences of users
entirely, the distribution score is an approach to characterize the disagreement among users’
aesthetic preferences regarding the image. Aesthetic attributes evaluate each aspect of images in
terms of color, composition, and texture such as the rule of thirds, golden ratio, symmetry, leading
lines, balancing element, color harmony, vivid color, depth of field, contrast, lighting, use of shape,
viewpoint, framing, and several other attributes involved in aesthetics. In addition to scoring,
distribution, and attribute evaluation, descriptions can be submitted to analyze the factors that
contribute to an image’s attractiveness or the emotions it elicits from users, which can be extracted
from either the images themselves or accompanying comments. The architecture for describing
image aesthetics employs techniques such as Long Short-Term Memory (LSTM) [133] to gen-
erate output descriptions. These generated outputs are then compared to the ground-truth human
translations existing in the dataset to evaluate the quality of machine translation. The similarity
between the generated outputs and reference translations is measured using various factors,
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Fig. 6. Various outputs of image aesthetic quality assessment tasks through deep learning approach.

including word order, sentence-level similarity, synonymy, and paraphrasing [20, 103, 112, 172].
These tasks are depicted in Figure 6 with the corresponding examples of each task.

5 A Decade of Image Aesthetic Quality Assessment Model Using Deep Learning

A decade-long study on image aesthetic quality assessment methods explores four key outputs of
aesthetic quality: scoring, distribution, attribute, and description output.

5.1 Aesthetic Scoring Methods

There are some methods that use pairwise strategy, which, instead of direct classification, the
model learns to compare two images and determine which one is more pleasing by focusing on
relative aesthetic [72, 79]. In addition to models that use pairwise strategy in the evolving field of
aesthetic quality assessment, various methodologies have emerged to enhance the precision and
reliability of scoring systems. This section focuses on several prominent approaches, including
attention mechanisms, regional dependencies, minimizing label reliance, personality-driven, user-
oriented, and combining algorithms and features.

5.1.1 Attention Mechanism Models. Attention-based multi-patch techniques are widely used
to fuse holistic scene information and fine-grained details from different patches to extract fea-
tures, as demonstrated [126, 178]. A double-subnet gated peripheral-foveal convolutional neural
network was proposed in Reference [176]. This network captures holistic information and detects
the attended regions using peripheral vision while acquiring details from critical areas with foveal
vision. A multi-modal self-and-collaborative attention network was presented in Reference [175],
which incorporates a self-attention module to encode the spatial interaction of visual elements
and capture the global composition of images. The global composition derives the response at a po-
sition by considering all positions in the images. A multi-modal recurrent attention convolutional
neural network was introduced in Reference [177], which includes a vision stream and a language
stream. The vision stream uses the recurrent attention network to filter out irrelevant data and
retrieve visual details from regions, while the language stream employs text convolutional neural
network to assess the high-level semantics of user comments. Finally, to merge the visual and
textual data successfully, a multimodal factorized bilinear pooling strategy is used.

5.1.2 Regional Dependencies Models. Graph neural networks such as the GCNs are popular in
IAQA due to their ability to capture the underlying graph structure of images, with image pixels
or regions as nodes and their interactions as edges. Pre-processing techniques such as cropping
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an image [95] or resizing [56] can lead to the loss of crucial aesthetic information, as these
operations may alter the image’s original aspect ratio or remove important visual elements. To
address the issue of aspect ratio caused by resizing or cropping a method was introduced by using
graph attention network [38]. The proposed methods with a two-stage framework are based on
graph neural networks that maintain the original aspect ratio and resolution of the input image
and capture semantic relationships between different regions of the image using visual attention.
Another approach was employed in Reference [90] that utilized a graph neural network to model
the mutual dependency of local regions in an image. The approach densely partitions the image
into local regions and computes aesthetics-preserving features over them to characterize the
aesthetic properties of image content. The region composition graph is built using the feature rep-
resentation of local regions, and reasoning is performed on the graph via graph convolution. The
activation of each node is determined by its highly correlated neighbors, thus naturally uncovering
the mutual dependency of local regions in the network training procedure. To capture complex
relations among image regions using the GCNs architecture, the researchers designed a new
model called Hierarchical Layout-Aware Graph Convolutional Network (HLA-GCN) [123].
The HLA-GCN method is a double-subnet neural network consisting of two layout-aware graph
convolutional modules that construct aesthetics-related graphs in the coordinate space and per-
form reasoning over spatial nodes. The output is a hierarchical representation with layout-aware
features from both spatial and aggregated nodes for unified aesthetics assessment. Evaluating
image aesthetics by considering the thematic context of images by GCN is introduced in Reference
[83]. The proposed method involves several key components, a visual attribute analysis network,
and a theme understanding network, both of which are pre-trained to extract visual attribute fea-
tures and theme features, respectively. These networks form the foundation for building two levels
of graph-based reasoning. The first level, the attribute-theme graph, explores the relationship
between an image’s theme and its visual attributes, while the second level, the attribute-aesthetics
graph, further examines the connection between these theme-aware visual attributes and general
aesthetic features. Together, these components enable the model to predict the aesthetic score, at-
tribute distribution from visual attribute analysis network, and theme probability from the theme
understanding network, resulting in a more accurate and context-sensitive aesthetic evaluation.

5.1.3 Minimizing Label Reliance Models. Graph neural networks are also used in a method with
a broader set of unlabeled images, enabling personalized assessments without requiring extensive
labeled data [87]. The method starts by collecting a small set of images that the user has labeled
according to their aesthetic preferences. These labeled images serve as a foundation for understand-
ing the users’ specific tastes. The system then uses a transductive learning approach to propagate
these individual preferences to a larger set of unlabeled images. This means that the system infers
how a user would likely rate other images based on the known preferences from the labeled set.
The propagation process is typically implemented using a graph-based method, where images are
nodes, and edges represent similarities between images. The users’ preferences are propagated
through this graph, influencing the aesthetic assessment of similar images and finally assigning
personalized aesthetic scores.

A method for evaluating image aesthetics that integrates semi-supervised learning with
adversarial techniques aims to reduce dependence on extensive manual attribute annotation by
leveraging a semi-supervised learning framework and a partially attribute-annotated dataset [128].
An adversarial training framework is employed to explore the joint distribution of image features,
aesthetic attributes, and aesthetic scores. This approach uses aesthetic attributes as privileged
information to enhance the performance of a score-attribute generator. Additionally, supervised
losses are applied to the networks to predict within commonly occurring ranges, improving the
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accuracy and robustness of aesthetic assessment. Another technique is the zero-shot method,
which allows the model to assess image aesthetics without having been explicitly trained on
labeled examples for every possible category or attribute. Instead, the model uses pre-existing
knowledge and semantic embedding to generalize its understanding of aesthetic quality to unseen
images [142]. This method enables the model to assess aesthetic quality without extensive labeled
training data by leveraging both external and internal knowledge. Specifically, the approach
involves using an attribute-specific prompt template, where each aesthetic attribute has a unique
context to extract relevant features from a pre-trained model. The prompts are then fine-tuned
based on the similarity between image features and text features. In addition, a quadruplet set is
constructed to capture image relationships, and sentiment polarity is used to select anchor images.
The aesthetic score is estimated by integrating information from various attributes. Taking
advantage of zero-shot learning to assess image aesthetics involves pre-training vision-language
models on image-comment pairs, as presented in Reference [69]. This approach learns rich
aesthetic semantics in a self-supervised manner, eliminating the need for expensive labeled
datasets. The pre-trained model demonstrates various exceptional tasks, including zero-shot
learning for image aesthetics assessment, style classification, and image retrieval. To effectively
tailor the model for IAA without diminishing its zero-shot capabilities, the authors introduce a
lightweight rank-based adapter module. This module leverages text embedding as anchors and
explicitly models ranking, allowing for superior performance with minimal additional parameters.

The IAQA without manual annotations is also possible, as demonstrated in Reference [124]. The
authors employed self-supervised learning techniques to minimize the need for manual annotation
and extract useful details for image aesthetic assessment. The method aims to develop a feature rep-
resentation that effectively distinguishes between different expert-designed image manipulations,
which are closely related to negative aesthetic effects. By using self-supervised learning, the model
autonomously extracts and understands aesthetic features from images through pretext tasks that
do not require manual labels. This approach trains the model to recognize and represent aesthetic
qualities based on inherent data patterns and structures, enabling effective aesthetic assessment
without extensive labeled data.

5.1.4 Personality Driven Models. Incorporating personality features into aesthetic evaluation
is another approach to assessing aesthetics. An end-to-end personality-driven multi-task deep
learning approach was proposed in Reference [84] to evaluate the aesthetics of an image. An
inter-task fusion of personality features driven by Big-five personality and generic aesthetics
was employed to personalize the image score. This approach leverages a multi-task learning
model to capture the influence of individual personality traits such as agreeableness, conscien-
tiousness, extroversion, neuroticism, and openness on aesthetic preferences. By integrating these
personality-driven features, the model aims to improve the accuracy and relevance of aesthetic
assessments by acknowledging the subjective nature of visual appeal. Subsequently, the authors
expanded on their previous work [85]. They propose an enhanced multi-task learning framework
that not only evaluates generic aesthetic qualities but also tailors assessments to individual user’s
preferences. This model utilizes personality information to refine aesthetic predictions, offering
both generalized and personalized assessments. The integration of personality traits in this way
allows for a more sophisticated and user-specific evaluation of image aesthetics, advancing the
field of personalized aesthetic assessment.

5.1.5 User-oriented Models. To capture the unique preferences of individual users, several
frameworks have been proposed that integrate user feedback into the assessment process,
allowing for a more personalized experience. Among these, a user-guided personalized image
aesthetic assessment framework for scoring and distribution was proposed in Reference [98].
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This framework is based on deep reinforcement learning and takes into account the personal
preferences of users in its predictions. The proposed method learns from the feedback provided by
the users, in fact, allowing it to leverage user interactions by retouching and gradually adapting
to their individual tastes and preferences. Another framework called User-specific Aesthetic

Ranking (USAR) that personalizes the aesthetic ranking of images based on individual user
preferences was presented in Reference [161]. Unlike the models that apply generic aesthetic
criteria, USAR involves users directly in the assessment process by gathering their feedback on
image rankings. Through an interactive loop, the system learns which aesthetic features such
as color, contrast, and composition are most important to each user. This approach results in a
personalized image ranking, tailored to the unique tastes of the users.

5.1.6 Combining Algorithms and Features Models. Various neural network architectures by
combining different algorithms or feature fusions for IAQA using deep learning are developed.
For instance, a framework that leverages features derived from image content and composition,
such as color, texture, and spatial layout, is proposed to predict aesthetic scores. They utilize a
support vector regression model trained on a dataset of images with human-annotated aesthetic
ratings. A multi-task CNN network is proposed for assessing the aesthetic quality of images using
a hierarchical framework [66]. The authors propose a multi-level approach where images are
analyzed and scored based on three primary attributes: scene, object, and texture. Each of these
attributes is predicted separately by specialized CNNs trained to recognize patterns associated
with aesthetic quality in these specific aspects. The hierarchical framework combines the predic-
tions from these attributes to extract local features from texture, the global features from scene,
and saliency detecting from object, then produce a final aesthetic score. Another study focused on
a different aspect of aesthetics prediction by leveraging multi-level spatially pooled features from
a network is proposed in Reference [43]. The method extracts features at multiple scales and from
different convolutional layers to capture a wide range of image attributes. The emphasis is on
combining these features from various levels of the network to effectively predict aesthetic quality,
considering both global and local image details. A network architecture was designed to extract
various image attributes and predict aesthetic rating [86]; similarly, a study proposes a method
for assessing the aesthetic quality of images using a regression model [67]. An attempt was made
to improve feature elimination and fuse learned features using CNNs in the study conducted in
Reference [76]. The utilization of hand-crafted features based on domain expert feature knowledge
in photography was considered to enhance image aesthetic inference. Another model integrates
various attributes—such as composition, color, and lighting—that contribute to the overall score of
images [81]. In Reference [93], researchers introduced an approach to evaluating image aesthetics
through deep semantic aggregation. This method utilizes a deep CNN to gather and integrate se-
mantic information from multiple layers, capturing both high-level contextual and low-level visual
details for a more nuanced aesthetic assessment. A key component of their approach is the use of
the ordered weighted averaging pooling layer, which provides flexibility in how different features
are aggregated. The ordered weighted averaging operator can automatically learn the aggregation
rule by adjusting the weights assigned to various semantic features based on their relevance
to aesthetic quality.

Unlike studies that employ graph neural networks to tackle pre-processing issues and preserve
aspect ratio, a different strategy by incorporating adaptive fractional dilated convolution into the
network architecture is presented in Reference [12]. The key focus is on maintaining the integrity
of an image’s aspect ratio and spatial structure during feature extraction, which is crucial for ac-
curate aesthetic evaluation. The adaptive dilation rate adjusts based on the image’s aspect ratio,
ensuring the spatial structure and composition are preserved. A unified probabilistic formulation
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for multiple tasks of IAQA, including classification, regression, and distribution, was conducted in
Reference [169]. Employing this unified framework allows for the development of effective loss
functions. Furthermore, they tackled the issue of learning from noisy raw scores. A deep convolu-
tional neural network is specifically designed to extract hierarchical features that encapsulate both
global and local aesthetic attributes of images [95]. A double-column deep convolutional neural
network is employed to integrate global and local views, effectively combining feature extraction
with classifier training. Additionally, style attributes are incorporated to enhance the accuracy
of aesthetic quality categorization. Another method that connected local and global features was
introduced by the researchers in Reference [36], resulting in predicting aesthetic ratings. A compar-
ison of various IAQA methods based on deep learning, focusing on feature extraction techniques,
architectures, and accuracy, is depicted in Table 2. These accuracies have been obtained from the
AVA dataset. As seen in this table, the majority of the classification accuracies are low.

Table 3 focuses on the regression task of various image aesthetic quality assessment methods
on the AVA dataset. The evaluation metrics such as Spearman Rank Correlation Coefficient

(SRCC), Pearson Linear Correlation Coefficient (PLCC), Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Standard Deviation

(STD) are calculated to assess the relationship between ground-truth scores and prediction
scores. Each metric carries its advantages and limitations, and by examining several metrics, a
more refined comprehension of the model’s performance across various dimensions is achieved.
Although employing a combination of these metrics offers a thorough assessment of the model’s
effectiveness, the use of all metrics together may be time-consuming, and the most frequently
used metrics for regression scores are SRCC and PLCC. For instance, SRCC and PLCC shed light
on correlation and monotonic patterns in predictions, while MAE, MSE, and RMSE offer insights
into the size and direction of errors.

5.2 Aesthetic Distribution Methods

An initial attempt proposed a CNN-based model that represented the aesthetic distribution of
ratings as a histogram, instead of using conventional methods of image classification into low
or high scores or estimating the mean score through regression [136]. A framework to predict
the distribution of aesthetics was presented in References [45, 46], where the weighting of
object-level regions is learned in two stages. Then, shared weights are used for regional and
global features extracted to image aesthetic assessment by the attention-based mechanism and
graph attention-based aggregation. A deep neural network model that combines low-level visual
features and high-level semantic information to predict the aesthetic quality of an image was
proposed in Reference [17]. The model uses a hybrid network architecture that consists of a CNN
and a recurrent neural network, where the CNN extracts low-level features, and the recurrent
neural network incorporates semantic information. The authors predict a rating distribution to
determine whether users’ aesthetic preferences about the same image differ. An attention-based
and context-aware approach to predict aesthetic distribution was proposed in Reference [159]. To
generate the long-range perception of images and concern of multi-level aesthetic details, spatial
context and hierarchical context are used, respectively. The problem of predicting and defining
scores as a degree of consensus among human raters was analyzed in Reference [64]. They also
considered several measures of subjectivity and two prediction frameworks motivated by statistic
and information theory for aesthetic distribution. A multi-task framework named aesthetics-based
saliency network, facilitated by two jointly distinct branches, was presented in Reference [91],
which is used for predicting saliency maps and aesthetic distribution, respectively. Table 4 shows
the distribution task of various IAQA methods on the AVA dataset. The evaluation metrics, for
instance, Percentage Correctly Evaluated (PCE), Kullback-Leibler (KL), Jensen-Shannon
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Table 2. A Comparison of Different Deep Learning Methods for Image Aesthetic Quality Assessment
on the AVA Dataset Based on Classification Accuracy

Ref. Features extraction Architecture Accuracy

[73] Multimodal fusion image and user preference AlexNet 77.33
[57] Multimodal fusion image and user preference ResNet-101 82.65
[98] Multimodal fusion image and user preference Policy Network 85.10
[85] Multimodal fusion image and user preference InceptionNet-V3 83.70
[84] Multimodal fusion image and user preference DenseNet-121 81.50
[161] Multimodal fusion image and user preference AlexNet 78.05
[180] Multimodal fusion Text with image Densenet-161 84.32
[111] Multimodal fusion Text with image VGG-16 82.85
[177] Multimodal fusion Text with image InceptionNet-V3 85.71
[183] Multimodal fusion Text with image VGG-16 78.19
[97] Local and Global AlexNet 75.41
[8] Local and Global EfficentNet-B4 80.75
[38] Local and Global Inception-ResNet-V4 81.15
[123] Local and Global ResNet-101 84.60
[135] Local and Global Xception 78.10
[46] Local and Global InceptionResNet-V2 81.93
[45] Local and Global Inception-ResNet-V2 81.67
[175] Local and Global InceptionNet-V3 86.66
[68] Local and Global ResNet-50 81.50
[54] Local and Global InceptionNet-V3 82.40
[86] Local and Global SERessNet-50 82.82
[12] Local and Global ResNet-50 83.24
[90] Local and Global DenseNet-121 83.59
[159] Local and Global InceptionNet-V3 80.90
[181] Local and Global MobileNet-V2 82.35
[176] Local and Global InceptionNet-V1 81.81
[178] Local and Global VGG-16 82.95
[43] Local and Global InceptionResNet-V2 81.72
[148] Local and Global ResNet-50 80.55
[36] Local and Global InceptionNet-V4 82.66
[23] Local and Global VGG-16 78.72
[32] Local and Global ResNet-50 78.99
[100] Local and Global VGG-16 82.50
[145] Local and Global InceptionNet-V3 80.09
[102] Local and Global VGG-16 77.40
[128] Local and Global ResNet-152 83.72
[95] Local and Global Specialized 74.46
[66] Local and Global Specialized 74.50
[174] Global AestheticNet 80.70
[124] Global ResNet-18 82.80
[169] Global ResNet-101 80.81
[79] Global ResNet-50 91.50
[136] Global Inception-ResNet-V2 81.73

(Continued)
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Table 2. Continued

[76] Global ResNet-50 81.95
[72] Global InceptionNet-V1 82.20
[105] Global InceptionNet-V3 79.38
[61] Global InceptionNet-V1 80.08
[171] Global VGG-16 78.87
[122] Global ResNet-50 75.83
[108] Global ResNet-101 80.30
[65] Global ResNet-50 79.08
[149] Global VGG-16 76.90
[42] Global InceptionNet-V1 82.27
[153] Separate Local and Global VGG-16 82.00
[83] Global ResNet-50 85.10
[93] Global ResNet-152 78.60
[44] Global ResNeXt101 82.1
[142] Global ViT-B/32 73.30
[24] Local AlexNet 78.92
[126] Local ResNet-18 83.03
[146] Local InceptionNet-V3 79.38
[152] Local AlexNet 76.94

(JS), Chamfer Euclidean Distance (CED), Chamfer Jensen-Shannon (CJS), Chi-squared

Statistic (X 2), Earth Mover’s Distance (EMD), Chebyshev Distance (Cheb), Clark Distance

(Clark), Cosine Similarity (Cosine), and Intersec similarity (Intersec) are calculated to com-
pare the similarity or difference between probability distributions of predicted distribution and
ground-truth distribution. Both EMD and KL are frequently employed due to their theoretical foun-
dations, each offering unique insights into distributional dissimilarity. The EMD is advantageous
for capturing shape differences and assesses the minimum cost of transforming one distribution
into another, focusing on the distance between individual data points, while KL divergence
provides a measure of information loss and divergence between probability distributions.

5.3 Aesthetic Attributes Methods

Apart from methods that predict aesthetic attributes as well as aesthetic scoring [81, 83, 86],
some methods are designed to predict the aesthetic attribute especially. A deep learning semantic
context-based method capable of predicting composition and style attributes alongside an
assessment of aesthetic distribution was presented in Reference [8]. The method has a pre-trained
network to extract semantic features, a multi-layer perceptron network to indicate aesthetic
attributes, and a self-adaptive hypernetwork to predict the parameters of the aesthetic assessment
network. In another study with the help of EfficientNet, which estimated eight aesthetic attributes,
a multi-task deep convolutional network was designed. Additionally, a visualization technique
for comprehending the representation of attributes that determine the key regions was developed
using backpropagation of gradients [34].

An adversarial learning framework assisted by attributes for IAQA was proposed in Reference
[114]. Motivated by the generative adversarial networks framework, the introduction of adver-
sarial learning aims to capture the correlation between aesthetic attributes and aesthetic score,
ensuring a close correlation between the distributions of ground truth and prediction. Moreover,
a discriminator is used to determine the predictions from the real labels and supervised learning
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Table 3. Comparative Analysis of Image Aesthetic Quality Assessment Methods for Score
Regression on the AVA Dataset

Ref. SRCC PLCC MAE SRCC-std PLCC-std MAE-std MSE RMSE

[101] 0.6930 0.7070 - - - - - -

[180] 0.8528 0.8683 0.2928 - - - - 0.3759

[38] 0.7620 0.7640 - - - - - -

[28] 0.6890 - - - - - - -

[8] 0.7318 0.7329 0.4011 - - - - 0.5128

[111] 0.7930 0.7930 - - - - - -

[54] 0.7736 0.7753 0.7562 0.7562 0.7512 - 0.2305 -

[175] 0.8475 0.8600 0.3106 - - - - 0.3979

[174] 0.6810 0.7020 - 0.2210 0.2160 - - -

[123] 0.6650 0.6870 - - - - 0.2550 -

[46] 0.7560 0.7570 - 0.3620 0.3740 - - -

[45] 0.7510 0.7530 - 0.3530 0.3630 - - -

[135] 0.7070 0.7070 0.6220 0.1500 0.1550 0.1570 - -

[68] 0.7260 0.7380 - - - - 0.2420 -

[98] 0.6920 - - - - - - -

[145] 0.7004 0.7096 - - - - 0.2637 -

[159] 0.7240 0.7250 - - - - - -

[85] 0.6770 - - - - - - -

[129] 0.6578 - - - - - - -

[162] 0.7072 0.7100 - - - - - -

[12] 0.6489 0.6711 - - - - 0.2706 -

[181] 0.7480 0.7600 - - - - - -

[86] 0.6619 - - - - - - -

[15] 0.4940 0.5200 - 0.1600 0.1710 - - -

[177] 0.8318 0.8434 0.3252 - - - - 0.4190

[146] 0.6868 0.6923 0.2330 - - 0.2330 0.2764 -

[84] 0.6800 0.7020 - - - - - 0.0160

[176] 0.6900 0.7042 0.4072 - - - - 0.5246

[169] 0.7190 0.7200 - 0.2410 0.2470 - 0.2750 -

[43] 0.7560 0.7570 - - - - - -

[114] 0.6313 - - - - - - -

[79] 0.9180 - - - - - - -

[99] 0.5160 - - - - - - -

[136] 0.6900 0.6940 0.2520 0.2120 0.2180 - 0.2930 -

[105] 0.6730 0.6860 - - - - - -

[72] 0.8711 - - - - - - -

[161] 0.6002 - - - - - - -

[108] 0.7090 - - - - - 0.2790 -

[128] 0.7740 0.7880 - - - - - -

[83] 0.7250 0.7360 - - - - - -

[44] 0.7010 0.7220 - - - - - -

[142] 0.4460 0.4540 - - - - - 1.0780

[69] 0.6570 0.6630 - - - - - -

Evaluation metrics are Spearman Rank Correlation Coefficient (SRCC), Pearson Linear Correlation

Coefficient (PLCC), SRCC-Standard Deviation (SRCC-std), PLCC-Standard Deviation (PLCC-std), Mean

Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE).
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Table 4. A Comparative Analysis of Image Aesthetic Quality Assessment Methods for Distribution Tasks
on AVA Dataset

Ref. PCE KL JS CED CJS X 2 CD EMD Cheb Clark Cosine Intersec

[180] - - - - - - - 0.0520 - - - -

[8] - - - - - - - 0.0439 - - - -

[57] 2.6400 0.0650 0.0190 0.1220 0.0130 0.0280 - 0.0230 - - - -

[54] - 0.0850 0.0210 - - 0.0390 0.0390 0.0390 - - - -

[175] - - - - - - - 0.0354 - - - -

[174] - - - - - - - 0.0490 - - - -

[177] - - - - - - - 0.0369 - - - -

[159] - - - - - - - 0.0520 - - - -

[45] - - - - - - - 0.0520 - - - -

[85] - - - - - - - 0.0470 - - - -

[12] - - - - - - - 0.0447 - - - -

[15] - - - - - - - 0.0504 - - - -

[145] - - - - - - - 0.0640 - - - -

[146] - - - - - - - 0.0650 - - - -

[176] - - - - - - - 0.0450 - - - -

[169] - 0.1010 - - - - 0.0650 - - - - -

[136] 2.6930 0.0810 0.0280 0.1370 0.0290 0.0440 - 0.0500 - - - -

[17] - 0.0940 - - - - 0.0420 - 0.0860 1.2280 0.9580 0.8490

[61] 2.7600 0.3810 0.0370 0.2600 0.0400 0.0680 - - - - - -

[30] - 0.1200 - - - - 0.0560 - 0.0960 1.2830 0.9440 0.8270

[108] - 0.1030 - - - - - 0.0610 - - - -

Evaluation metrics are Percentage Correctly Evaluated (PCE), Kullback-Leibler (KL), Jensen-Shannon (JS), Chamfer

Euclidean Distance (CED), Chamfer Jensen-Shannon (CJS), Chi-squared Statistic (X 2), Earth Mover’s Distance (EMD),

Chebyshev Distance (Cheb), Clark Distance (Clark), Cosine Similarity (Cosine), and Intersec similarity.

for rating the network. With the help of objective and subjective levels, a system was designed to
predict the aesthetic quality of images and determine effective features [71]. In addition, semantic
information of users’ comments is analyzed to comprehend the level of subjectivity. This research
showed hand-crafted features related to composition and color harmony highly correlate with
standard deviation and mean aesthetic scores.

Another investigation introduced a deep learning framework for evaluating image aesthetics
using a model composed of five specialized sub-networks [59]. These sub-networks were designed
for classification, regression prediction by combining pseudo-labelling with meta reweighting
learning. In a subsequent effort, the authors focus on assessing the aesthetic attributes of
images numerically across mixed multi-attribute datasets [58]. Similar to their initial approach,
they employ five specialized sub-networks designed for classification, regression, and attribute
prediction, concentrating on aspects such as composition, color, and lighting.

5.4 Aesthetic Description Methods

The first attempt at the aesthetic description as multi-aspect captioning was presented in Reference
[10], in which different photography aspects are characterized, including subject-contrast aspects,
composition, and color arrangement. They propose two approaches named aspect-oriented (AO)

and aspect fusion (AF). The AO approach is considered the baseline CNN-LSTM model applied
to divided training data to create image descriptions. In the AF approach, the descriptions learned
from the individual aspects are fused. A soft attention mechanism and vanilla CNN-LSTM caption
are used to create image descriptions that could perform better than learning a direct CNN-LSTM
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model. Another attempt following the first attempt [10] trained the network of a standard
CNN-LSTM framework, which was named “clean data and weakly-supervised”. This approach
exploited the latent aesthetic information in images and applied the Latent Dirichlet Allocation
(LDA) topic model presenting a weakly-supervised approach for image aesthetic description [37].
A personalized aesthetic image description method, which consists of two sub-models, Aesthetic
feature Extraction Network (AEN) and User Encoder Network (UEN), was presented in
Reference [157]. The AEN utilizes multi-patch processing to extract detailed local features from
images, enhancing its ability to capture nuanced information. Simultaneously, AEN integrates
multi-level spatial perception network to broaden perception, prevent overfitting, and efficiently
manage memory resources. The combination of these techniques allows AEN to extract both local
intricacies and globally relevant multi-level features, ensuring a comprehensive understanding of
images. Another sub-model, the UEN, was designed to learn limited semantic information and ex-
tract the user preferences from the personalized dataset. A description generator is used in another
study for creating aesthetic-based descriptions for images in Reference [167]. They presented a
multi-encoder framework that consists of two encoders named Encfact and Encaest. The Encfact
pre-trained a CNN on ImageNet, and the Encaest is an encoder trained to perform the assessment,
while the decoder part contains the LSTM layer and soft visual attention. Word mover’s distance
is used to measure the semantic differences between generated descriptions and ground-truth de-
scriptions. In a different approach, Reference [151] employed a CNN and recurrent neural network
for image aesthetic classification. This utilized a single-column CNN and a vision-to-language
generator to create descriptions for images via LSTM. Similarly, in Reference [62], authors offered
an aesthetic multi-attribute network, which is a two-stage training process consisting of channel
and spatial attention network, multi-attribute feature network, and language generation network.
The proposed method can employ five aesthetic attributes including color and lighting, composi-
tion, depth and focus, impression and subject, and the use-of-camera for a description task beside
the numerical score to assess the aesthetic quality of images. A model with two examinations that
used the LDA for aesthetic topics and active learning to screen sentences is proposed in Reference
[60]; the first model of this method is implemented on ResNet-101 architecture with the LSTM
model for generating sequences. This model used sequence generation models employing an
Encoder to convert input into a fixed form and a Decoder to generate sequences word-by-word.
The Encoder uses CNNs to encode input images with three color channels. The ResNet-101
encoder progressively reduces the image size, creating smaller representations with more learned
features, ultimately producing a final encoding of size 14 × 14 with 2,048 channels. Moreover, they
implemented their methods with the Bottom Up Attention method; in this case, they obtained im-
age features through ResNet-101, referred to as grid-based features, and handled description data.
Subsequently, they utilized the Bottom Attention Up Model for description generation, which they
found in this situation performance can be increased. Table 5 depicts a performance comparison of
methods evaluated by metrics, such as Bilingual Evaluation Understudy (BLEU) [115], Metric

for Evaluation of Translation with Explicit ORdering (METEOR) [78], Recall-Oriented

Understudy for Gisting Evaluation (ROUGE) [89], and Consensus-based Image Descrip-

tion Evaluation (CIDEr) [140], which are algorithms for evaluating the quality of text translated
by machine.

6 Impact of Environment on Aesthetics

Aesthetics are influenced by environmental factors such as culture, history, and religion, which
shape personal preferences. Consequently, cultural disparities contribute to aesthetic judgment,
as historical and ecological influences shape individual tastes and impact fashion and art styles
over time [120]. Generally, the impact of the environment on aesthetics can be categorized into two
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Table 5. Performance Comparison of Different Aesthetic Image Description Methods Based on Deep
Learning Using Different Datasets

Ref. Year Dataset BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE CIDEr

[60] 2022 FAE-Captions 0.503 0.252 0.154 0.113 - - -

[167] 2021 AVA-Captions 0.464 0.238 0.122 0.063 0.109 0.262 0.051

[157] 2020 AVA-Pcap 0.142 0.069 0.035 0.015 0.058 0.135 0.094

[37] 2019 AVA-Captions 0.535 0.282 0.150 0.074 0.107 0.254 0.059

[151] 2019 AVA-Reviews 0.495 0.264 0.145 0.074 0.115 0.261 0.060

Evaluation metrics are Bilingual Evaluation Understudy (BLEU), Metric for Evaluation of Translation with Explicit

ORdering (METEOR), Recall-Oriented Understudy for Gisting Evaluation (ROUGE), and Consensus-based Image

Description Evaluation (CIDEr).

groups: non-acquired identity and aesthetic perception and acquired identity and aesthetic perception,
which will be discussed in the following sections.

6.1 Non-acquired Identity and Aesthetic Perception

Non-acquired factors such as age and gender can play a role in how people evaluate aesthetic quali-
ties in images. Taking into account these demographic differences, researchers are able to improve
the accuracy of their predictive model for estimating aesthetic preferences in images. A study an-
alyzed on AVA-dataset to investigate how demographic factors such as age, gender, and ethnicity
influence peoples’ aesthetic preferences for portrait images [63]. Researchers found that younger
participants tended to prefer brighter images with higher contrast and saturation, while the older
participants preferred images with more muted colors and less contrast. In addition, women tended
to prefer images with warmer tones and smoother textures, while men preferred sharper images
with more contrast. This study indicates that aesthetic choices can be influenced by age and gender,
which highlights the impact of these demographic factors on individuals’ preferences.

6.2 Acquired Identity and Aesthetic Perception

The acquired factors can be categorized into regional attachments of aesthetics, the impact of color
and symbolism in cultural identity on aesthetics, and experience and history on aesthetics. The
following subsections discuss these categories.

6.2.1 Regional Attachments of Aesthetics. In terms of ethnicity and the impact of culture on
aesthetics, a study found that people from East Asian countries tended to prefer images with higher
contrast and saturation compared to those from Western countries [63].

Another study on visual perception and aesthetic valuation of natural landscapes in Russia and
Japan presented findings that, despite their shared border and similar natural environments, these
countries differ significantly in their cultural and historical contexts [116]. This study reveals that
cultural traditions and familiar natural environments significantly influence aesthetic judgments.
Japanese participants tend to appreciate landscapes that align with traditional Japanese aesthetics,
such as simplicity, balance, and seasonal changes. Russian participants, however, favor landscapes
that reflect the vastness and diversity of Russian scenery, emphasizing grandeur and natural
wilderness. Differences emerged in the evaluation of seacoasts, rivers, forests, and swampy
plains, with Russian respondents favoring exotic landscapes more than Japanese respondents.
These findings illustrate that while some aesthetic principles may be universal, local cultural
and environmental contexts play a crucial role in individual preferences. Neural responses to art
appreciation are shaped by cultural background, as explored in Reference [165]. Using functional
magnetic resonance imaging, the researchers observed brain activity in Eastern (Chinese)
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and Western (European) participants as they viewed traditional landscape paintings. Eastern
participants showed stronger activation in areas related to holistic and contextual processing
when viewing Chinese paintings, while Western participants exhibited stronger activation in
areas associated with object-focused and analytical processing when viewing European paintings.
Participants tended to prefer paintings from their own culture, indicating that cultural context
strongly influences aesthetic perception, affecting neural processes.

To investigate how cultural identity influences aesthetic preferences, a study was conducted
with participants from Eastern (e.g., Chinese) and Western (e.g., American) backgrounds [5]. Par-
ticipants were asked to evaluate traditional art from both cultural traditions. The findings indicated
that participants generally favored art from their own culture. Both explicit (self-reported) and im-
plicit (response time tasks) measures showed this cultural bias, though implicit measures indicated
subtler biases, suggesting an unconscious influence of cultural identity on aesthetic judgments.

6.2.2 Color and Cultural Identity on Aesthetics. Related to culture and color, authors in Refer-
ence [3] explored how the meanings of colors can vary significantly across cultures, impacting
their effectiveness as marketing tools. For example, red is associated with excitement and love in
Western cultures, but in Eastern cultures like China, it symbolizes luck and prosperity. Similarly,
blue conveys trust and calm in the West, while in the Middle East, it represents safety and protec-
tion. Other colors also discuss how green, white, and black carry different connotations in various
cultural contexts. In Western cultures, green often signifies nature and health, whereas in China,
it can have mixed meanings related to fertility and infidelity. White is seen as pure and peaceful in
the West but is associated with mourning in Eastern cultures. Black generally represents sophis-
tication in the West but can be linked with mourning and loss in many cultures. Colors such as
yellow, purple, and pink further illustrate cultural diversity in color meanings. Yellow conveys op-
timism and caution in the West but is a symbol of power and prosperity in China. Purple represents
royalty and luxury in Western contexts, while in Thailand, it signifies mourning. Pink is linked
with femininity and love in the West, whereas in Japan, it symbolizes youth and good health. Un-
derstanding these cultural nuances helps marketers create more culturally sensitive and effective
strategies.

6.2.3 Symbolism and Cultural Identity on Aesthetics. The symbolic meanings of flowers, birds,
plants and trees, numbers, and other elements that convey meaning are influenced by cultures,
as noted in Reference [16]. According to this study, the rose is a universal symbol of love and
romance, with its colors conveying different sentiments—red for deep love, yellow for friendship,
and white for purity and new beginnings. The lotus, revered in many Eastern traditions, symbol-
izes purity, spiritual awakening, and rebirth, with its emergence from muddy waters representing
the journey from ignorance to enlightenment. The lily is associated with purity and innocence,
often linked to the Virgin Mary in Christian symbolism, while also representing death and resur-
rection in various cultural contexts. Meanwhile, the orchid stands for exotic beauty, strength, and
refinement, symbolizing love and the delicate balance of emotions. These diverse meanings illus-
trate how flowers serve as powerful symbols, reflecting cultural values, emotions, and spiritual
concepts and highlighting their importance in artistic and ritualistic expressions across different
societies. The symbol of birds, in Reference [16] explores the rich symbolic meanings associated
with various birds, revealing their deep cultural and spiritual significance. The eagle, for instance,
stands as a powerful symbol of freedom and strength, revered for its majestic flight and keen vision.
In many traditions, it represents a high perspective and independence, while in Native American
cultures, the eagle is seen as a spiritual messenger embodying divine insight and connection to
the higher realms. The dove, however, is universally recognized as a symbol of peace, purity, and
love. In Christian iconography, it represents the Holy Spirit and divine peace, often depicted in
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the context of the Annunciation and Baptism, and is also associated with hope and reconciliation
through its role in the Noah’s Ark story. The owl is another bird with profound symbolic meaning,
representing wisdom and knowledge. In Greek mythology, the owl was the sacred bird of Athena,
the goddess of wisdom. Additionally, owls are symbols of mystery and transition, associated with
the processes of change and transformation. The phoenix, with its mythological association with
rebirth and immortality, symbolizes the cyclical nature of life. Meanwhile, the sparrow symbolizes
joy and the beauty of simplicity, representing the small pleasures in life and the vitality of everyday
existence. It is also associated with community and loyalty, highlighting the importance of social
bonds. The raven symbolizes mystery, magic, and change, acting as a guide to the spirit world. It
also represents intelligence and adaptability, known for its problem-solving skills and resourceful-
ness. These diverse bird symbols reflect their varied roles in art, religion, and cultural traditions,
showcasing their significance in conveying powerful messages and embodying key aspects of the
human experience.

6.2.4 Experience and History on Aesthetics. Individual tastes are influenced by history, as exam-
ined in Reference [51], which explores how aesthetic appreciation is shaped by a complex interplay
of cognitive neuroscience, cultural context, historical background, and individual differences. By
integrating insights from psychology, neuroscience, cultural studies, and art history, the study
highlights that the brain’s processing of aesthetic experiences involves key regions such as the re-
ward system and the visual cortex. These neural mechanisms, however, are significantly influenced
by the cultural environment and personal experiences, leading to varied standards and criteria for
beauty across different cultures and historical periods. The subjectivity of aesthetic preferences is
emphasized, with individual traits such as personality, education, and personal history identified
as modulating factors.

7 Applications of Image Aesthetic Quality Assessment

Image aesthetic quality assessment algorithms can be applied in various fields, including but not
limited to automatic image generation, fashion, content creation, product design, e-commerce,
social networks, image enhancement, image recommendation, and art criticism. These applications
are primarily used in two distinct scenarios: First, when images do not exist and there is a need
to generate them while considering aesthetic aspects; and second, when existing images require
aesthetic improvement or critical evaluation. To enhance clarity, the following section explains
some studies related to the mentioned IAQA applications.

7.1 Content Generation with Aesthetic Considerations

The IAQA algorithms offer significant benefits in situations where images are non-existent
and there is a desire to generate images while considering aesthetic aspects such as fashion
industry [14, 48], automatic image generation [6, 74, 107, 170], gaming, content generation, and
product design [1, 80, 125, 127, 147, 182, 184]. The IAQA algorithms in artificial intelligence image
generation, such as text-to-image generative models, produce synthetic images based on human
preferences that create high-quality, aesthetically pleasing images. This approach enhances mod-
els by integrating detailed human feedback and personal preferences, ensuring that the generated
images resonate more effectively with users [88, 156, 158]. The role of IAQA in automatic image
generation, gaming, content generation, and product design is to analyze aesthetic features such
as color harmony, balance, and symmetry to ensure the creation of high-quality, aesthetically
pleasing images that not only meet technical standards but also possess unique aesthetic appeal.
Likewise, these algorithms are beneficial for the creation and recommendation of fashion images
to consumers. These algorithms work behind the scenes to sort or create through vast collections
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of fashion imagery, ensuring that only the most visually appealing content reaches our screens.
Beyond this, these methods play a role in understanding and predicting fashion trends. By ana-
lyzing patterns and aesthetics in fashion images, these algorithms assist designers and marketers
in making informed decisions about styles, colors, and visual presentations. These algorithms not
only enhance the visual appeal of fashion-related content but also empower consumers to make
style choices that resonate with their personal tastes. Imagine scrolling through your favorite
shopping app and only seeing clothing items and accessories that align perfectly with the aesthetic
preferences; or installing an application on your mobile that creates the best design, depending on
your style.

7.2 Aesthetic Enhancement

The second scenario belongs to when existing images require improvement or need to be criticized
from an aesthetic perspective. This application extends to areas such as image enhancement
[27, 106, 110, 119, 166], automatic image cropping [40, 82, 94, 150, 179], image recommendation
[11, 47, 77, 160], and art criticism [39, 141, 173]. Individuals capture a multitude of images during
various life events, ceremonies, and everyday situations. However, a significant portion of these
images are often unused due to perceived quality issues. This abundance of useless images not
only leads to cluttered digital storage but also strains the memory capacities of our devices. The
IAQA algorithms, applied in applications such as image enhancement, automatic image cropping,
and image recommendation, offer a solution to this challenge and significantly reduce the number
of low-quality images produced. This not only optimizes digital storage but also ensures that the
images captured hold aesthetic value, making each photograph more meaningful and memorable
in the vast digital archives of our personal and collective experiences. Correspondingly, in art
criticism applications, the usage of IAQA algorithms holds notable benefits, particularly in the
context of photography competitions. By incorporating these algorithms into the evaluation
process, a significant advancement is made in mitigating individual biases and expediting the
assessment of entries. Traditional art criticism processes are susceptible to subjective interpreta-
tions, influenced by individual preferences. However, the IAQA algorithms provide an objective
and standardized framework for analyzing the aesthetic quality of images. This not only ensures
a fair and impartial evaluation but also streamlines the judging process, making it more efficient.
However, there are instances where certain applications can derive benefits from both categories,
exemplified by social media platforms [18] and e-commerce [154, 155].

8 Existing Challenges in IAQA Using Deep Learning Model

The IAQA based on deep learning faces several challenges that impact its effectiveness in these
approaches. These challenges include issues related to datasets, which can affect assessment of
image aesthetic quality. Additionally, there are difficulties encountered at each phase of the deep
learning process—input, processing, and output. These challenges will be discussed in detail in the
following sections.

8.1 Challenges in Dataset

One of the key challenges in image aesthetic quality assessment lies in effectively labeling datasets.
Using binary classification, where images are labeled either “0” for low aesthetic quality or “1”
for high, can be overly simplistic, as it fails to capture the complexity of aesthetic judgments.
Continuous scoring offers a more nuanced approach, but it raises issues around determining the
threshold that separates high aesthetic quality from low. Establishing a meaningful boundary
becomes subjective and can vary, depending on the dataset or task. For instance, datasets such as
EAD, IAD, and the Chinese University of Hong Kong Photo Quality (CUHKPQ) use a binary
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Fig. 7. Illustration of the threshold problem in a binary scoring system for image aesthetics assessment.
(a) Images with average scores just below threshold 5 are classified as “0” or “not beautiful,” and (b) Im-
ages with average scores just above threshold 5 are classified as “1” or “beautiful,” despite having nearly
indistinguishable aesthetic qualities.

scoring system, classifying images simply as beautiful or not. In some datasets, like the AVA
dataset, images are scored by thresholding the average score just above or below a set threshold
(e.g., >5 is considered beautiful and <5 is not). However, this distinction is often too narrow, as
depicted in Figure 7, and fails to capture the subtleties of aesthetic appeal. Another challenge is
the distribution of aesthetic scores, which complicates the use of statistical measures and makes
it difficult to understand the reasons behind the differences in raters’ scores. This variability often
reflects subjective preferences, making it harder to establish consistent evaluation criteria. While
datasets like AVA provide a distribution of scores, relying on the average score of these distribu-
tions can be misleading. Different distributions can have the same average but vary significantly
in their consensus among raters. As shown in Figure 8, two images might share an identical
average aesthetic score, but the underlying rater distributions could vary. As we mentioned the
problem of binary aesthetic score and average aesthetic score, some approaches assess the images
from the distribution of scores using entropy. Two distributions of scores may have the same
entropy, as depicted in Figure 9, and one may exhibit a higher degree of subjectivity. This variation
highlights the need for more sophisticated metrics that account for the full diversity of subjective
responses. While some metrics have been developed to address this issue, it remains a significant
challenge in evaluating aesthetic distributions [57, 61, 64]. Assessing image aesthetic quality
using binary scores, average scores, or entropy is often inadequate. These methods fail to capture
the nuanced factors that make an image pleasing from different raters’ perspectives. Additionally,
relying on photographic rules or attributes (e.g., color balance, lighting) may not fully capture
aesthetic appeal, as aesthetic judgment is subjective and context-dependent. Understanding what
raters perceive and translating their thoughts into labels or descriptions is difficult. To address
the challenge of scoring labels, some research used semi-supervised learning with adversarial
techniques [128], or techniques like zero-shot learning are employed to assess image aesthetics
without requiring explicit training on labeled examples [142]. However, assessing aesthetics
without labeled data can lead to challenges in ensuring accuracy and consistency.

Furthermore, the challenge of limited data in training machine learning models is notable, as a
small dataset may not sufficiently encompass the diverse array of aesthetics found in real-world
situations. Inadequate data may lead to models that struggle to generalize effectively to unseen
examples, potentially introducing biases due to the limited perspectives represented in the
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Fig. 8. Illustration of the aesthetic average score problem for image aesthetics assessment. (a) Images with
the same average aesthetic scores, while distribution varies, belong to less aesthetic class, and (b) Images
with the same average aesthetic scores in high aesthetic class while distribution varies.

Fig. 9. Visualization of two distributions of scores with similar entropy (2.8196): (a) reflects a tendency toward
lower scores, while (b) shows a shift toward higher ratings, indicating a more favorable evaluation. Although
both distributions share the same entropy, (b) has a higher degree of subjectivity, aligning with its bias
toward more positive scores.

training set. The presence of noise in aesthetic scores and the inherent uncertainty in aesthetic
evaluation accentuate the urgent need for expansive, reliable datasets. As well, it is also crucial
to recognize the potential imbalance in popular datasets like AVA, where the number of images
in each category may not be equal, contributing to imbalanced data. To tackle these challenges,
it is recommended to develop a larger, clean, and balanced dataset enriched with diverse user
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annotations. This strategy involves gathering a more extensive and diverse collection of images,
paired with subjective annotations from various users, thereby capturing a broader spectrum of
aesthetic preferences. Moreover, it is essential to acknowledge that the origin of the images can
significantly influence the data. Images from amateur photographers might differ significantly
in quality from those taken by professionals, leading to inconsistencies in aesthetic judgments
across different datasets.

The type of images within a dataset—whether real, edited, or a combination of both—can have
a profound impact on how aesthetics are perceived and graded. For example, the AVA dataset
includes a mix of real and edited photos, providing a diverse range of visual content. However, the
presence of both real and edited photos can also introduce complexity in grading, as the criteria
for assessing aesthetics might differ between these two types. Datasets such as AADB, Aesthetic

Ratings from Online Data (AROD), and CUHKPQ consist of real photos. These datasets focus
on capturing and evaluating the natural aesthetic qualities found in unaltered images. On the
other end of the spectrum, the Edited photo Aesthetic Dataset (EAD) exclusively features
edited photos. This dataset is particularly valuable for studying how various editing techniques,
such as color correction, retouching, or compositional adjustments, affect aesthetic perception.
Considering whether an image is edited or real is crucial, as this distinction influences the
assessment of image aesthetic quality.

8.2 Challenges in Input Phase

In the input phase of aesthetic assessment, it is notable that the majority of studies have
predominantly employed a general methodology, with the utilization of task-specific approaches
remaining relatively scarce. As illustrated in Table 2, most of the methods that employed the
AVA dataset were unable to achieve high accuracy. One of the challenges lies in the AVA dataset,
which encompasses various categories. This distinction becomes particularly significant when we
consider the amalgamation of images from diverse categories. Combining images from various
categories can pose a substantial challenge, given that the perception of aesthetic appeal is inher-
ently different across these categories. A study attempted to solve this challenge by a technique
called knowledge distillation, where knowledge from object classification models, which deal with
more concrete and objective labels, is transferred to an aesthetic assessment model. This helps
mitigate the abstract nature of aesthetic labels by grounding aesthetic assessment in features that
are meaningful for image classification [44]. However, this approach alone was not sufficient to
fully capture the complexity of aesthetics, as aesthetic judgment extends beyond categorization
inside a dataset. Moreover, due to the diversity of aesthetic features and different applications,
the methods need to be task-specific. For example, in the fashion industry, in addition to beauty
features such as color and texture, people’s movement features are also involved, while in
advertising images or images related to faces, these types of features do not have much effect.

8.3 Challenges in Process Phase

The challenges related to the process phase demand careful consideration for advancements in
deep learning methods. Simply focusing on architectural changes and fine-tuning methods is insuf-
ficient; striking a balance between network architecture, learning structure, and feature extraction
approaches is vital, with a keen awareness of the tradeoff between time and accuracy; the impact
of parameters on real-time applications must be systematically evaluated. Not all methods exhibit
the capability to design independently without relying on transfer learning, and this poses a chal-
lenge, because transfer learning, while useful in many scenarios, can introduce dependencies on
pre-existing models or datasets. Methods that can be designed independently are valuable, as they
are not contingent upon external knowledge or frameworks, showcasing a more self-sufficient
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and adaptable approach. Another challenge involves considering the aspect ratio in images, which
has a significant impact on the aesthetic quality of images. The fixed-size constraint in CNNs can
lead to distortions or information loss, particularly in images with diverse aspect ratios. Adapting
techniques to account for aspect ratios becomes crucial to ensure that the aesthetic assessment
model can effectively handle the varying proportions present in real-world images. Overcoming
this challenge involves developing methods that can dynamically adjust to different aspect ratios,
preserving the visual integrity of images during the assessment process. Failure to address this
challenge may result in biased or inaccurate aesthetic evaluations, especially when dealing with a
wide range of image dimensions and proportions.

8.4 Challenges in Output Phase

As previously mentioned, we can categorize aesthetic assessment output into four distinct do-
mains. However, it is important to recognize that these assessments may provide aesthetic scores
or descriptions, but they do not inherently furnish us with the causative factors underlying these
aesthetic judgments. To explore deeper into the underlying reasons for aesthetic scores, an ex-
ploration within the layers of deep learning models becomes necessary. This exploration aims to
pinpoint the specific layers and mechanisms within these models that contribute to aesthetic judg-
ments, thereby enhancing our understanding of the eXplainable Artificial Intelligence (XAI)

aspect. The XAI is an emerging field that attempts to break the black-box nature of machine learn-
ing models. Particularly, the ability to explain promotes end-user trust and helps developers to en-
sure that the system is working well or not [7]. This might involve using appropriate comparison
metrics or uncovering unknown features or additional concepts that have not yet been thoroughly
investigated. Challenges in image aesthetic quality assessment is the inherent complexity and di-
versity of the processes underlying image aesthetics. Beauty, often defined as qualities that please
the senses or elevate the mind, is a central aspect of aesthetics, but it is highly subjective. Many
computational methods for assessing aesthetics adopt an objective approach, treating beauty as
an intrinsic property of the image itself, focusing on measurable factors such as symmetry, color
balance, or contrast. However, beauty is deeply influenced by individual perspectives shaped by
a wide range of factors, including historical and cultural backgrounds, religious beliefs, and even
variables such as age and gender. This subjectivity makes it difficult for computational systems to
fully capture the nuanced and personal nature of aesthetic experiences. [3, 5, 16, 35, 63, 116, 165].

9 Conclusions

Aesthetics follows certain established photography and art rules, known as aesthetic features such
as symmetry, the rule of thirds, and several others. In recent years, these aesthetic features have
been leveraged to evaluate image quality using deep learning methods. Image Aesthetic Qual-

ity Assessment (IAQA) models have diverse applications, including content generation and im-
age enhancement considering aesthetic metrics. In this work, an overview of IAQA through deep
learning approaches over the past decade was provided. The functionality of IAQA was organized
into input, processing, and output phases. During the input phase, users can select from either all
types of images or specific domain images. The processing phase involves convolutional neural
network architectures and feature extraction methods, which extract aesthetic features and pro-
duce outputs tailored to application requirements, such as scoring, distribution, attributes, and
description. Furthermore, we discussed the challenges associated with IAQA when utilizing deep
learning. Limitations related to data, such as proper labeling and imbalances, can introduce biases
into the models. The widespread use of general methodology in the input phase potentially di-
minishes the significance of aesthetics across diverse genres of images. In the processing phase,
significant challenges arise, such as the crucial tradeoff between time and accuracy, the need for
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independently designed methods, and the consideration of aspect ratios in IAQA techniques. More-
over, individual tastes are influenced by environmental factors, which can either be acquired or
non-acquired identities. Although assessments yield aesthetic outputs, the underlying factors in-
fluencing these outputs often remain ambiguous due to the complexities of deep learning and the
inherent subjectivity of aesthetics. This highlights the need for a deeper exploration of the layers
within deep learning models, emphasizing the growing importance of XAI in this context.
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