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EXECUTIVE SUMMARY 

A significant investment has been made by the Australian Government for improving reef 

health, and monitoring changes of the Great Barrier Reef (GBR). The Great Barrier Reef 

Marine Park Authority (GBRMPA) is responsible for implementing the Reef 2050 Integrated 

Monitoring and Reporting Program (RIMRep). The Reef is an irreplaceable ecosystem facing 

a growing combination of threats. Ecological, cultural and aesthetic values of the Great Barrier 

Reef are under stress and effective ways for monitoring change are required. Monitoring 

environmental change, however, is costly and the notion of citizen science or collective sensing 

has attracted increasing attention. 

 

A key objective of the NESP TWQ Hub Project 5.5 was to better understand perceptions of 

natural beauty as an integral part of heritage value. This project focused on the underwater 

aesthetic value of the GBR, because of rapid changes in the marine environment. Despite 

some earlier investment into this research area, there is still a need to improve the tools we 

use to measure the aesthetic beauty of marine landscapes.  

 

This research drew on images publicly available on the Internet (in particular through the photo 

sharing site Flickr) to build a large dataset of GBR images for the assessment of aesthetic 

value. Building on earlier work in NESP TWQ Hub Project 3.2.3, we conducted a survey 

focused on collecting beauty scores of a large number of GBR images. We have incorporated 

eye-tracking information into our machine learning model as studying eye movements provides 

unique insights into what catches our attention and what information we process. Eye-tracking 

is a sensor technology that makes it possible for a computer to know where a person is looking. 

An eye tracker can detect the presence, attention, and focus of the user. We captured the 

attention and focus of the participants during the survey for image ranking.  

 

Thus, the eye-tracking technology and an online survey were used to identify the Region of 

Interest (ROI) and scores provided by the survey participants. Second, using state-of-the-art 

deep learning-based architectures, we developed our aesthetic assessment architectures and 

trained and tested the model. We analyzed the beauty score automatically using a trained 

model and computed the overall validation accuracy. Here, we investigated how the masked 

images with attention map performed on image aesthetic assessment. The experimental 

outcome shows that eye tracking technology-based attention information is useful to improve 

the performance of our aesthetic assessment model. 

 

In this work, we applied a new loss function EMD (earth mover’s distance) to train the aesthetic 

quality assessment model of images. We show that models with the same Convolutional 

Neural Network architecture, trained on masked images produce better performances. The 

proposed model is designed to predict a higher correlation with human aesthetic ratings 

(obtained from the survey). The correlation-based method predicted the distribution of ratings 

as a histogram. It performed better compared to classifying images to binary class label 

(low/high score) or regressing to the mean score. We employed the squared EMD loss that 

was reported as a performance booster in previously proposed approaches. 

 

As part of our future work, we will exploit the trained models' architecture on combining both 

images (i.e., masked and non-masked) as input and feed them in parallel to enhance the 

https://nesptropical.edu.au/index.php/round-5-projects/project-5-5/
http://nesptropical.edu.au/index.php/round-3-projects/project-3-2-3/
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prediction score. Our current experimental setup accepts a single image as an input. The 

computational time complexity can also be improved by optimizing network parameters and 

weights. 
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1.0 INTRODUCTION 

1.1 Background 

The Great Barrier Reef (GBR) is a UNESCO World Heritage site inscribed for its outstanding 

heritage value. This includes its significant aesthetic characteristics (Criterion vii). Aesthetic 

value – and the need to monitor it – is explicitly recognised in the Great Barrier Reef 2050 

Long-Term Sustainability Plan (e.g discussed in Becken et al., 2019). The aesthetic beauty of 

the Reef is important not only to Australians but also to visitors who travel from far to admire 

the unique landscape and biodiversity. The economic value of the GBR is also substantial, in 

particular due to its tourism activity (Deloitte Australia, 2017).  

 

There has been some recent interest in researching the aesthetic value of the GBR. Previously, 

researchers sought to define aesthetic value (Context, 2013), understand its relationship to 

ecological conditions (Marshall et al., 2019), and identify key environmental attributes to 

determine aesthetic perceptions (Le et al., 2019). The measurement and monitoring of 

aesthetic value has also received attention (Marshall et al., 2017; Curnock et al., 2020), so has 

potential differences across different cultural groups (Le et al., 2020). This report provides 

additional insights into the use of artificial intelligence for automated rating of the beauty of 

underwater Reef images. It connects to earlier work but adds a unique dimension of using new 

technologies for innovative monitoring.  

 

1.2 Approach 

This research capitalises on technological advances in information technology, as well as 

increasing volumes of online data shared by people who visit natural environments (Becken et 

al., 2017; Becken et al., 2019; Seresinhe, Moat & Preis, 2017). Visitors to the GBR share 

substantial amounts of imagery (photos and videos) via channels such as Instagram, Twitter, 

Flickr, Weibo and Youtube. Photographic imagery/videos of users’ experiences at the GBR 

contain information on the environmental and experiential attributes of aesthetic value (Stantic 

et al., 2019). The images give important clues about what “matters” to Reef users, because 

people usually take photos (and share them) of situations or sceneries that made an 

impression of them (in whatever subjective way). The approach of using user-supplied imagery 

to somehow measure and monitor the aesthetic value of the Reef is a human-centric one that 

assumes that aesthetic value arises from interactions between nature and people. In other 

words, areas of the Reef that are not vising by humans will not be measured.  

 

Aesthetic value or landscape beauty are challenging topics to research, and research to date 

has largely focused on the scenic value of terrestrial ecosystems or urban parks. Quantifying 

beauty is particularly difficult, especially since it assumes some kind of objective way of 

capturing it. More recent advances in data processing technology have accelerated progress 

(e.g. Haas et al., 2015), as has research into the cross-cultural differences of aesthetic value 

(Le et al., 2020). Using crowdsourced data from the photo-site Flickr, OpenStreetMap and 

‘Scenic-Or-Not’, Seresinhe et al. (2017) found that computer-based models can generate 

accurate estimates of perceived scenic value of a wide range of natural environments. 

Interesting insights into how new computer technology can assist in the task of measuring 
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beauty, can be gained from Haas et al.’s (2015) who presented a computational evaluation of 

the natural beauty of coral reefs.  

 

We propose our image aesthetic assessment model with a recently proposed loss function 

EMD (earth mover’s distance) (Esfandarani et al., 2017) along with a state-of-the-art classifier 

to train the aesthetic assessment model. In comparison to our previous approach, we include 

attention-based masked images and original images along with scores to train our proposed 

network model and obtained better achieved improved accuracy.    

 

1.3 Related Work: Deep Learning 

Image quality assessment and prediction of photo aesthetic values have been a challenging 

problem in image processing and computer vision. Partly this is because aesthetic assessment 

has a subjective component (i.e. influenced by individual’s feelings, tastes, or opinions). 

Existing photo aesthetics assessment methods are available (Dhar et al., 2011; Jiang et al., 

2010; Lu et al., 2014; Nishiyama et al., 2011; Niu & Liu,2012; Su et al.,2011; Tang et al., 2013), 

whereby most are using extraction of visual features and then employing various machine 

learning algorithms to predict aesthetic values of photos. Aesthetic assessment techniques 

aim to quantify semantic level characteristics associated with emotions and beauty in images, 

whereas technical quality assessment deals with measuring low-level degradations such as 

noise, blur, compression, artefacts, and other elements. 

 

Earlier proposed techniques designed handcrafted aesthetics features according to aesthetics 

perception of people and photography rules (Bhattacharya et al., 2010; Datta et al., 2006; Dhar 

et al., 2011) and obtained encouraging results, despite handcrafted feature design for aesthetic 

assessment being a very challenging task. More robust feature extraction techniques were 

proposed by other researchers who leveraged more generic image features (e.g. Fisher Vector 

(Marchesotti et al., 2011; Perronnin et al., 2007; Perronnin et al. 2010) and the bag of visual 

words (Su et al., 2011). Generic feature-based representation of images is not ideal for image 

aesthetic assessment as those features are designed to represent natural images in general 

for object identification or localization, and not specifically the perceived aesthetics of them. 

 

In contrast, and as an alternative approach, Convolutional Neural Network (CNN)-based 

features are learned from the training samples, and they do this by using dimensionality 

reduction and convolutional filters. Recent approaches to image aesthetic assessment mostly 

apply more complex and robust deep Convolutional Neural Networks (CNN) architectures 

(Kang et al., 2014; Bosse et al., 2016; Bianco et al., 2016). Availability of large-scaled labelled 

and scored images from online repositories has enabled CNN-based methods to perform 

better than previously proposed non-CNN approaches (Murray et al. 2012; Ponomarenko et 

al., 2013). Moreover, having access to pre-trained models (e.g. ImageNet (Russakovsky et al., 

2015)) for network training initialization and fine-tuning of the network on subject data of image 

aesthetic assessment have been proven more effective technique for typical deep CNN 

approach. 

 

1.4 Objective 

The objective of this project is to develop a deep learning-based algorithm for automated 

aesthetic assessment of underwater images from the Great Barrier Reef region. Besides, the 
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experiments are further extended using a dataset with masked attention images that are 

created using participants' eye-tracking information, and a comparative study shows that the 

system trained and test with the masked images achieved better accuracy. In this technical 

report, we describe our deep learning architectures, experimental results and key findings. 
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2.0 DATASETS USED IN THIS RESEARCH 

2.1 Images from Flickr 

Flickr is an image hosting service and one of the main sources of images for our project. As 

per our requirement, we downloaded all images and their metadata (including coordinates 

where available) based on keyword filter such as “Great Barrier Reef”. The Flickr API is 

available for non-commercial (but commercial use is possible by prior arrangement) use by 

outside developers. To ensure a much larger and diverse supply of photographs, we have 

developed a python-based application using Flickr API that allowed us to download Flickr 

images by keyword (e.g. “Great Barrier Reef” available at https://www.flickr.com). 

  

The Flickr dataset documentation includes API methods that we have used along with all the 

arguments and the values set for searching and downloading the Flickr images. For example, 

we extracted: user_id, text, minimum upload date, maximum upload date, privacy filter, 

machine tags, and latitude and longitude (Murray et al., 2012). However, Flickr API methods 

provide a wide range of images and not all of them are suitable for this research. For example, 

a search for GBR images yields photographs of underwater and above water landscapes, 

tourist experiences, and other activities. The focus of this research was on under-water 

images, which had to be filtered from the downloaded Flickr photos.  

 

From the collected images we identified a total of 5407 relevant images with coral and fish 

contents out of a total of approximately 55,000 downloaded images. Sample images, as shown 

in Figure 1, that only contained coral and fish scenes were considered in our experiments, 

whereas above water images (see Figure 2) as well as images of artificial underwater 

environments were not included in our dataset. 

 

  

  
Figure 1. Four samples of under-water images containing coral and fish from our dataset. 

https://www.flickr.com/
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Figure 2. Four samples of above-water images from our original underwater image dataset that were not 
included in the experimental dataset. 

 

Eye tracking data: The eye tracking information we obtained from the Tobii eye-tracker (see 

report by Le et al., 2020) provides a record of the direction of respondents’ eye movements on 

an image (on the computer screen) with a rate of 60 times per second. The software ‘maps’ 

these locations on the image being viewed. The eye-tracking equipment used in this study is 

Tobii Pro TX300, available at the laboratory of Griffith Institute for Tourism. Details of the device 

can be found at the following link: “https://www.tobiipro.com/product-listing/tobii-pro-tx300/”. 

  

The images used for eye-tracking experiment were all resized to fit the eye-tracking screen 

with resolution of 1200x800 pixels. We considered a total of 5407 images for the eye tracking 

experiment. In this current study we used 3500 images whilst an additional 2500 images had 

already been used during an earlier NESP TWQ Hub funded research (Project 3.2.3). The 

eye-tracking technology allowed us to identify ‘regions of interest’, where research participants 

showed particular interest (eye focus through fixation time). This in turn allowed us to mask 

images according to important and secondary content. Three examples of masked images are 

presented in Figure 3. 
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Figure 3. Sample of masked images produced by using Tobii eye-tracking information. Three samples of 
under-water images containing coral and fish are shown whereby the first row shows the original images 

and the following row shows the masked images. 

 

For experimental purposes, a dataset of Flickr Great Barrier Reef images was developed in-

house.  Our dataset contains two set of images containing a total of 10,814 (5407 * 2) scored 

images after final pre-processing stage. These images were sorted based on the content and 

then rated by participants in an online survey for their aesthetic beauty. The scale used was a 

ten-point Likert scale ranging from ugly (1) to beautiful (10) (Curnock et al., 2020). At least 10 

survey participants provided an aesthetic score for each image and the mean score was 

calculated. Each image has two versions (i.e. original version and a masked version produced 

using Tobii Pro TX300 technology to capture respondent’s attention). In total, 5407 underwater 

images were scored, and these images were also used to apply the mask based on eye-

tracking information (see above). Most of the images (i.e. 90%) served as training material to 

enable the proposed Neural Network architecture to learn key feature parameters. The 

remaining 10% of images from the dataset were used as a validation dataset. The validation 

dataset helps to understand the system performance in terms of accuracy during the training 

phase.  These remaining 10% of the full data were used during the test phase. We divided our 

data into training 4378 (80%) images, 487 (10% of data from training set) for validation, and 

542 (~10%) test images for the experiments. Figure 3 shows the data division ratio we followed 

during experimentation. Please note same numbers of masked images are also available for 

experimentation and comparative study.  
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Figure 4. Train, Validation and Test scored images of underwater environment were used during 

experiments.  

 

2.2 AVA Dataset 

The AVA aesthetic dataset is a publicly available benchmark dataset. This dataset contains 

approximately 255,000 images with their corresponding aesthetic score values. The dataset 

has been adopted in a wide range of research projects on aesthetic assessment.  It is important 

to note that the GBR dataset we have created has 5407 original images (see above), which is 

comparatively small for training a multi-layered deep Convolutional Neural Network. It was 

therefore necessary to complement the GBR data with a large-size, publicly available dataset 

and the AVA) seemed to be the most suitable one. This helped to train the system and allowed 

us to use the in-house GBR dataset from Flickr for fine-tuning the algorithm. The detailed 

dataset description of the AVA can be found in Murry et al. (2012). We adopted the score of 

0.5 (mean aesthetic score ranges between 0 and 1) as the threshold value to divide the dataset 

into high aesthetic value and low aesthetic classes. By using these assumptions, we obtained 

74,056 images in the low aesthetic class, and 181,447 images in the high aesthetic class. In 

total, 229,954 images we used for training our network architecture and 25,549 (approximately 

10% images) were used for testing system performance. 
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3.0 PROPOSED METHODOLOGY 

3.1 System Requirements 

Data processing and all the experiments of image aesthetic assessment were conducted on 

our Big data server at Griffith University. Graphics Processing Unit (GPU) is considered as the 

heart of Deep Learning (DL) because DL (a variant of machine learning) requires extensive 

mathematical computational (n-dimensional matrix multiplication) resources. GPU is a single-

chip processor used for extensive graphical and mathematical computations which are 

necessary for large deep learning architectures used in our experiments. 

 

The training of our model using publicly available datasets (AVA dataset, see above) used the 

GPU-accelerated Python library for deep learning such as TensorFlow and Keras. Besides, 

designing and experimenting with large deep learning models such as AutoML and large size 

datasets requires multi-GPU systems like Big data servers. High GPU memory usage happens 

when we partition training on multiple GPUs to enable data parallelism (i.e. having each of our 

GPUs process a different subset of your data independently).  

 

A total of five powerful GPUs were installed in our server which provides GPU-enabled 

computational resources in DL-based training and testing stages. The servers’ configurations 

and GPU configurations are as follows: Intel(R) Xeon(R) CPU E5-2609 v3 @ 1.90GHz, AMD 

Ryzen Thread ripper 1900X 8-Core Processor, 8234 MB Memory, a total of 5 GPUs (4 

GEFORCE GTX 1080 Ti, 12GB memory each along with NVIDIA CUDA Cores 3584 and one 

GeForce GTX 1080 GPU with 2560 NVIDIA CUDA Cores). 

 

We have created a python virtual environment known as pip environment in our server for 

experimentation related to image aesthetic assessment. Pipenv is a dependency manager for 

Python projects which is similar to Node.js’ npm or Ruby’s bundler tools. While pip can install 

Python a package, Pipenv is recommended as it provides a higher-level tool that simplifies 

dependency management for common use cases. A list of packages installed in the virtual 

environment is presented in the following Table 1.  

 
Table 1. List of python pip packages installed in our server virtual environment as a requirement to run 

the experiments. 

Package Name Version Package Name Version 

absl-py 0.7.1 pandas 0.25.0 

astor 0.8.0 path.py 11.5.0 

bleach 1.5.0 Pillow 6.0.0 

cycler 0.10.0 pip 19.1.1 

enum34 1.1.6 pip-autoremove 0.9.1 

gast 0.2.2 protobuf 3.9.1 

grpcio 1.21.1 Pympler 0.7 

h5py 2.9.0 pyparsing 2.4.0 

html5lib 0.9999999 python-dateutil 2.8.0 
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importlib-metadata 0.18 pytz 2019.1 

Keras 2.2.4 PyYAML 5.1.1 

Keras-Applications 1.0.6 scipy 1.2.0 

Keras-Preprocessing 1.0.5 setuptools 41.0.1 

kiwisolver 1.1.0 six 1.12.0 

llvmlite 0.29.0 tensorboard 1.13.1 

Markdown 3.1.1 tensorflow-estimator 1.13.0 

matplotlib 3.0.3 tensorflow-gpu 1.13.1 

mock 3.0.5 tensorflow-tensorboard 0.4.0 

numba 0.44.1 termcolor 1.1.0 

numpy 1.17.0 Werkzeug 0.15.5 

opencv-python 4.1.0.25 wheel 0.33.4 

zipp 0.5.1     

 

 

3.2 Deep learning Models (ResNet and Residual Attention Network) 

We propose two novel Deep CNN architecture for image aesthetics assessment adapted from 

the recently published state-of-the-art image classification model (He et al., 2016; Wang et al., 

2017).  Both the models used in our experiments have been well tested as image classifier for 

a large number of classes. In experiments, our aim for predictions with higher correlation with 

human ratings, instead of classifying images to low/high score or mean score regression, the 

distribution of ratings are predicted as a histogram (Esfandarani and Milanfar, 2017). The 

squared EMD (Earth Mover's Distance) loss-based assessment was proposed by Esfandarani 

and Milanfar (2017). It shows a performance boost in the accurate prediction of the mean 

score. All network models for aesthetic assessment are based on image classifier 

architectures. Two different architectures (with and without attention mechanism) state-of-the-

art networks were explored for the proposed applications. Networks used in our experiments 

were first trained and then fine-tuned using the large-scale aesthetics assessment AVA 

dataset. The complete architecture of this project consists of different sub-modules, and each 

of these sub-modules consists of building blocks, such as pooling, filters, activation functions, 

and so forth. The following sections provide more information on the sub-modules.  

 

Residual Network (ResNet): Theoretically, neural networks should get better results as 

added more layers. A deeper network can learn anything that a shallower version of itself can, 

plus possibly some more parameters. The intuition behind adding more layers to a deep neural 

network was that more layers progressively learn more complex features (Figure 5). The first, 

second, and third layers learn features such as edges, shapes, objects, respectively, and so 

on. He et al. (2016), empirically presented that there is a maximum threshold for depth with 

the traditional CNN model. As more layers are added, the network yields better results until 

some point; then as more layers are added, the accuracy starts to drop.  The reason behind 

failures of the very deep CNN is mostly related to optimization function, network weights 

initialization, or the well-known vanishing/exploding gradient problem. Vanishing gradients are 

especially blamed, however, He et al. (2016) argue that the use of Batch Normalization 

ensures that the gradients have healthy norms. In contrast, deeper networks are harder to 
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optimize due to added difficulty in the process of training; it becomes harder for the optimization 

to find the right parameters. 

 
Figure 5. Residual learning: a building block. 

 

The problem of training very deep networks has been attenuated with the introduction of a new 

neural network layer, the so-called Residual Block (Figure 5). Residual Networks attempt to 

solve the issue by adding the so-called skip connections. A skip connection is depicted in 

Figure 5.  If, for a given dataset, there are no more things a network can learn by adding more 

layers to it, then it can just learn the identity mapping for those additional layers. In this way, it 

preserves the information in the previous layers and will not achieve lesser outcomes than the 

shallower layers.  So, the most important contribution to ResNet architecture is the `Skip 

Connection' identity mapping.   

 

This identity mapping does not have any parameters and is essentially there to add the output 

from the previous layer to the layer ahead. However, sometimes x and F(x) will not have the 

same dimension. Recall that a convolution operation typically shrinks the spatial resolution of 

an image, e.g. a 3x3 convolution on a 32 x 32 image results in a 30 x 30 image. The identity 

mapping is multiplied by a linear projection W to expand the channels of shortcuts to match 

the residual. This allows for the input x and F(x) to be combined as input to the next layer. A 

block with a skip connection as in the image above is called a residual block, and a Residual 

Neural Network (ResNet) is just a concatenation of such blocks. 

 

𝑦 =  𝐹(𝑥; 𝑊𝑖)  + 𝑊𝑠𝑥 
 

The above equation shows when F(x) and x have a different dimensionality such as 32x32 and 

30x30. This Ws term can be implemented with 1x1 convolutions; this introduces additional 

parameters to the model. The Skip Connections between layers add the outputs from previous 

layers to the outputs of stacked layers. This results in the ability to train much deeper networks 

than what was previously possible. He et al. (2016) proposed 1001-layer ResNet network and 

achieved state-of-the-art performance on benchmark datasets such as CIFAR-10 (4.62 % 

error), and a 200-layer ResNet on ImageNet also achieved state-of-the-art performance. We 

specifically used an Inception-ResNet-v2 (Szegedy et al., 2016) as a base model and modified 

it into aesthetic assessment model to derive aesthetic score. The network is 164 layers deep 

and designed to classify images up to 1000 object categories. The pertained model has 

learned rich feature representations for a wide range of images from ImageNet database. 
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Attention in Neural Networks: Attention mechanisms in neural networks, otherwise known 

as neural attention or just attention, have recently attracted a lot of interest. Attention 

mechanisms expand capabilities of neural networks: they allow approximating more 

complicated functions, or in more intuitive terms, the approach enables focusing on specific 

parts of the input. They have led to performance improvements in natural language 

benchmarks, as well as to entirely new capabilities such as image captioning, addressing in 

memory networks and neural programmers. In general, a neural attention mechanism equips 

a neural network with the ability to focus on a subset of its inputs (or features): it selects specific 

inputs. 

 

Let  x ∈ R𝑑 be an input vector, z ∈ R𝑘  a feature vector, a ∈ [0,1]𝑘an attention vector, g ∈ R𝑘 an 

attention glimpse and fϕ(x) an attention network with parameters ϕ. Typically, attention is 

implemented as  

a = fϕ(x) and g = a ⊙ z , 

 

where ⊙ is element-wise multiplication, while z is an output of another neural 

network  f𝜃(𝑥) with parameters 𝜃. 

 

Residual Attention Network:  A Residual Attention Network is a convolutional neural network 

that incorporates both attention mechanism and residual units which can incorporate with 

state-of-art feed forward network architecture in an end-to-end training fashion (see Figure 6). 

A Residual Attention Network is constructed by stacking multiple Attention Modules that 

generate attention-aware features. Residual unit is a basic component that utilizes skip-

connections to jump over few layers with nonlinearities and batch normalizations which is the 

prominent feature is the attention module.  

 

 

 
Figure 6. Architecture of the Residual Attention Network Architecture (proposed by He et al., 2016). The 

output layer is modified to produce an image aesthetic score instead of a class label. 

 

Each Attention Module shown in Figure 6 is divided into two branches: mask branch and trunk 

branch. The trunk branch performs feature processing with Residual Units and can be adapted 

to any state-of-the-art network structures. Mask Branch uses bottom-up top-down structure 

softly weight output features with the goal of improving trunk branch features. The bottom-up 

step collects global information of the whole image by down sampling (i.e. max pooling) the 

image. 
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The top-down step combines global information with original feature maps by up sampling (i.e. 

interpolation) to keep the output size the same as the input feature map. Inside each Attention 

Module, bottom-up top-down feedforward structure is used to unfold the feedforward and 

feedback attention process into a single feedforward process. The attention-aware features 

from different modules change adaptively as layers are going deeper. Importantly, an attention 

residual learning to train very deep Residual Attention Networks which can be easily scaled up 

to hundreds of layers. The experiment also demonstrates that Residual Attention Network is 

robust against noisy labels. 

 

In the Residual Attention Network approach, pre-activation Residual Unit (He et al., 2016), 

ResNeXt (Xie et al., 2017) and Inception elements (Szegedy et al., 2016) are used as basic 

units to construct Attention Module. Given trunk branch output T(x) with input x, the mask 

branch uses bottom-up top-down structure (Long et al., 2014; Noh et al., 2015; Badrinarayanan 

et al., 2015) to learn same size mask M(x) that softly weight output features T(x). The bottom-

up top-down structure mimics the fast feedforward and feedback attention process. The output 

mask is used as control gates for neurons of trunk branch similar to a Highway Network 

(Srivastava et al., 2015). Table 2 shows a comparative study on number of parameters are 

present in both the architectures we have considered in our experiments. 

 
Table 2. Residual Attention vs. Inception ResNet. Residual Attention Network has more parameters to 

learn 1.53 times more parameters to learn during model training.  

Model Total 
parameters 

Trainable 
parameters 

Non-trainable 
parameters 

Residual Attention 
Network (Wang et al., 

2017) 

83,401,866 83,289,738 112,128 

Inception 
ResNet (Szegedy et al., 

2016) 

54,352,106 54,291,562 60,544 

 

The goal is to predict the distribution of aesthetic scores for a given image. Ground truth score 

distribution of human ratings of a given image can be expressed as an empirical probability 

mass function M = [ms1 ; : : : ; msN ] with s1 <si < sN, where si denotes the ith score bucket, and 

N denotes the total number of score buckets. In the GBR dataset N = 10, 

 

 s1 = 1 and sN = 10, Given the distribution of ratings as M, the mean score is defined as:  

µ = ∑ 𝑠𝑖 × 𝑚𝑠𝑖

𝑁

𝑖=1

 

  

and the standard deviation of the score is computed as 

𝜎 = ∑(𝑠𝑖 − µ)2

𝑁

𝑖=1

 ×  𝑚𝑠𝑖
 

 

We qualitatively compare images by the mean and standard deviation of scores instead of the 

only mean. We computed the mean and standard deviation for each image present in our 

dataset, and compare them with the mean and standard deviation obtained from the predicted 

distribution. The earth mover's distance (EMD) can effectively measure the distance between 
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two probability distributions over a region. This is also known as Wasserstein metric. We 

applied the EMD function to compute the distance between the ground truth aesthetic score 

distribution and predicted probability score. 

 

We have also used Transfer learning, which is a powerful technique that lets deep learning 

architecture achieve state-of-the-art results with smaller datasets or less computational power. 

We took advantage of pre-trained models that have been trained on similar, larger AVA dataset 

(Murry et al., 2012). Our model learned via transfer learning and by optimizing parameter 

weights on previous learning, it can generally reach higher accuracy with much fewer data and 

computation time than models without transfer learning. In our experiment, we used a training 

versus test ratio of 80% and 20%, respectively from the data to fine-tune the model to achieve 

the desired accuracy. 

 

  

  
Figure 7. Visual attention can be applied to any kind of inputs, regardless of their shape. In the case of 

matrix-valued inputs, such as images, the model learns to attend to specific parts of the image. Top and 

bottom rows in the figure show the original and masked images, respectively.   
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4.0 RESULTS AND DISCUSSION  

This section presents the results obtained from two different approaches, namely Inception-

ResNet and Residual Attention Network, over the 30 training epochs. Here epoch means one 

forward pass and one backward pass of all the training samples available during the training 

phase. More specifically, during the training process, we had to feed all the training images 

into the system to update the Neural Network training weights (i.e., the parameters), and this 

process repeated 30 times to obtain maximum accuracy. In our experiment, we recorded 

training loss (orange curve on Figure 8a. and 8c), validation loss (orange curve in Figure 8b 

and 8c.) after each epoch. Figures 8a and 8c show that 0.133 and 0.128 reported training 

losses were achieved from our experiment on original and masked datasets, respectively. We 

obtained the best validation loss of 0.100 and 0.09 from the original and masked datasets, 

respectively, on the GBR dataset. 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 8. Training and validation loss graph from Inception ResNet: (a) Training loss on original dataset 
(i.e. non masked), (b) Validation loss on original dataset, (c) Training loss on masked dataset and (d) 

Validation loss on masked dataset.   
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 9. Training and validation loss graph from Residual Attention Network: (a) Training loss on the 
original dataset (i.e., non-masked), (b) Validation loss on original dataset, (c) Training loss on masked 

dataset, and (d) Validation loss on the masked dataset. 

 

Training and validation losses were also recorded during the experiments using the Attention 

ResNet model. Training loss (orange curve on Figures 9a. and 9c), validation loss (orange 

curve on Figures 9b and 9c.) after each epoch, and we run this experiment up to 30 epochs. 

Figures 9a and 9c show that 0.2962 and 0.2961 reported training loss were achieved from our 

experiments on the original and masked dataset respectively. We obtained the best validation 

loss of 0.253 and 0.252 from the original and masked datasets respectively on the GBR 

dataset. From the experiments, it was observed that the Inception-ResNet model trained with 

masked images outperformed other models with 0.09187 validation loss. The Residual 

Attention Model's best validation loss was 0.252 compared to 0.09187 validation loss obtained 

by Inception-ResNet. Also, we observed that the model (validation loss was 0.09187) trained 

with attention masked images outperformed the model (validation loss was 0.10) trained with 

non-mask images. 
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(a) 5.67 ± 2.47 (5.67±2.75) 

 
(b)7.62 ± 2.16 (7.70 ± 2.28) 

 

(b) 6.53 ± 2.3 (6.54 ± 2.016) 

 

(c) 6.98 ± 2.24 (7.0 ±2.25)  

 

(d) 8.017 ± 2.03 (8.058 ± 1.92) 

 

(e) 5.30 ± 2.59 (5.28 ± 2.34) 

Figure 10. Predicted aesthetic score of a few sample original images from the GBR dataset using our 
proposed Inception-ResNet-based aesthetic assessment model. Predicted Mean ± Standard Deviation 

(and Ground truth Mean ± Standard Deviation) scores are shown below each image. 
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(a) 6.41 ± 2.37 (4.0 ± 2.73) 

 

(b) 6.02 ± 2.40 (9.0 ± 1.22) 

Figure 11. Some predicted aesthetic scores with a significant difference with ground truth from the GBR 
dataset using our proposed aesthetic assessment model.  Predicted Mean ± Standard Deviation (and 

Ground truth Mean ± Standard Deviation) scores are shown below each image. 
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(a) 6.86 ± 2.29 (6.86 ± 2.82) 

 

(b) 5.37 ± 2.69 (5.38 ± 2.55) 

 

(c) 4.81 ± 2.63 (4.11 ± 2.55) 

 

(d) 7.77 ± 1.89 (8.44 ±1.25)  

 

(e) 5.02 ± 2.67 (4.75 ± 1.98) 

 

(f) 7.23 ± 2.20 (7.70 ± 1.85) 

Figure 12. Predicted aesthetic score of a few sample original images from the GBR masked dataset using 
our proposed aesthetic assessment model.  Predicted Mean ± Standard Deviation (and Ground truth Mean 

± Standard Deviation) scores are shown below each image. 
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(a) 2.85 ± 0.71 (7.23 ± 1.92) 

 

(b) 3.11 ± 2.30 (8.5 ± 0.92) 

Figure 13. Some predicted aesthetic scores with a significant difference with ground truth from the GBR 
dataset using our proposed aesthetic assessment model.  Predicted Mean ± Standard Deviation (and 

Ground truth Mean ± Standard Deviation) scores are shown below each image 
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5.0 PROOF OF CONCEPT OF A WEB-BASED APPLICATION 

To make the system of automated beauty scoring accessible, the team developed a proof of 

concept for how it could be deployed on web. The website is accessible at: 

Proof of concept: https://bigdata.ict.griffith.edu.au:4000/ 

 

The website brings together research on the experiential value using Twitter data (see Stantic 

et al., 2019) and automated image rating, as explained in this present technical report. The 

main page of the prototype is shown in Figure 14. The key features will be explained briefly 

below.  

 

 

Figure 14. Proof of concept of a web-based application 

 

5.1 Architecture for deployment 

We have created a Flask application which is available on our bigdata server. Flask is a micro-

framework and using flask we can create a python-based application. It does not include many 

of the tools that more full-featured frameworks might provide, but it exists as a module that we 

can import into our projects to enable initialization of a web application.  

 

Next, we created a file that serves as the entry point for our application. This tells our uWSGI 

(gunicorn in Figure 15) server how to interact with the application. Once the uWSGI application 

server up and running, waiting for requests on the socket file in our project directory. Finally, 

we needed to configure Nginx to pass the web requests to that socket using 

the uWSGI protocol. 

 

https://bigdata.ict.griffith.edu.au:4000/
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Figure 15. Architecture for web deployment. 

 

5.2 Dashboard Functionality 

As explained in Stantic et al. (2019), Twitter text – or any other text for that matter – can be 

used to identify GBR-related targets and sentiment. There are 11 targets and sentiment is 

measured on a scale between -1 (negative) and +1 (positive) (Figure 16).  

 

Figure 16. Target identification and sentiment, calculated from pasted text. 
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In addition, the interface provides the outputs of a Semantic Network Analysis which is based 

on co-occurrence of words in a particular text. It is possible to zoom in by clicking on any 

particular word (see also two examples in Figure 17).  

 

 

Figure 17. Examples of semantic network analysis outputs related to GBR Twitter communication as an 
example of text. 

 

Further, the output provides a heat map based on location of posting. This works for text that 

is associated with metadata on geolocations. About 17% of Twitter posts in the GBR catchment 

were found to have coordinates attached to them (Becken et al., 2017). 

 

Figure 18. Heatmap that shows the frequency of posts by location. 
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Additional analysis can be undertaken based on various ways of filtering and presenting the 

data, for example: 

- Post by market (origin of the social media user) 
- Activity (e.g. by keywords, relevant to water based activities) 
- A Combination of both. 

Screenshots of example outputs are shown below in Figure 19.  

 

 

Figure 19. Examples of additional outputs that can be visualised when mining social media posts of 
interest to the GBR.  

 

Finally, the website provides the opportunity to calculate the aesthetic score of an image that 

can be uploaded by the user. Figure 20 shows the example of an underwater image with a 

relatively high score of 6.862 (out of 10) and the standard deviation 2.37 (calculated as 

elaborated in section Residual Attention Network on page 14).   
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Figure 20. Prototype option for calculating the beauty score of an image. 
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6.0 CONCLUSION 

The objective of the work was to study the effectiveness of real human attention obtained using 

an eye-tracking device on deep Convolutional Neural Network architecture for automatic image 

aesthetic assessment and predicting an aesthetic score for images. The significance of the 

aesthetic evaluation system was studied in detail from the literature. A state-of-the-art deep 

Residual Attention Network architecture and Inception-ResNet were adapted to our 

requirement for the modelling of our GBR aesthetic assessment task. A wide range of 

experiments was conducted using a comprehensive analysis of performance is presented. In 

our experiment, Inception-ResNet-v2 learned rich aesthetic feature representations form the 

GBR dataset especially, with masked attention images and improved 0.9% accuracy 

compared to the model trained with non-mask images. Our model was able to effectively 

predict the distribution of aesthetic ratings, rather than just the mean scores. The prediction of 

distribution is more accurate quality prediction with higher correlation to the ground truth 

aesthetic score distribution. As part of our future work, we will exploit and use mask and non-

mask images in parallel fashion to achieve better prediction accuracy. 
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