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Abstract
When creating media content, it is important to understand

in advance where people focus their attention and what they are
interested in when viewing images. Thus far, we have measured
the area using saliency maps to determine the relationship be-
tween picture coding and gaze points. However, as an evaluation
metric, it is not enough to consider factors other than area, and
the accuracy was not enough. Therefore, we thought that we could
achieve higher accuracy it estimating areas of interest by using
the knowledge of Vision Transformer, which was developed in the
field of computer vision based on natural language processing. In
this study, we experimentally examined the evaluation of regions
of interest in images by performing region of interest estimation
using the attention mechanism of Vision Transformer on HEVC
encoded 3D CG images and then analyzing the images.

1. Introduction
In everyday life after COVID-19, with the spread of tele-

work and working from home, desk work has increased, and with
it, the amount of time spent staring at displays and viewing im-
ages and videos has also increased. When viewing images and
videos, humans routinely judge for themselves whether some-
thing is important or not, efficiently acquiring a wide variety of
information, which they then process and ultimately understand.
With the question of whether it is possible to reproduce such
highly advanced human intelligence on a computer, research has
been conducted in the 2010s research has been conducted using
computer image processing to select image information based
on importance. This includes studies based on subjective eval-
uations [2, 3] that consider image domain features and image
encoding [1], as well as studies that research has been conducted
using convolutional neural networks to construct architectures for
super-resolution processing, based on objective evaluation [4, 5].

With the advent of high-definition, high-quality images and
video, such as 4K and 8K broadcasting in the broadcasting field,
it is extremely important for content creators to understand in
advance what users are interested in and what patterns of inter-
est they have before creating content. Actually, even if content
creators create content with a specific intention, it does not neces-
sarily match what users are looking for. Furthermore, subjective
evaluations by humans differ from objective evaluations by com-
puters. Therefore, from the perspective of visual attention, it is
necessary to develop and verify an image information system that
can obtain visual information in advance about where attention is
focused. As a preliminary study, the author conducted research
on the estimation of areas of interest in 3D CG images based
on saliency maps and visual attention [6, 7]. As a result, there
was little dependence on 3D CG content, and it was considered
possible to identify saliency by utilizing both Spectral Residual
(SR) and Fine Grained (FG).

Based on the findings of these prior studies, this study uses
Vision Transformer to approach the problem. Figure 1 shows the
evolution of Transformer. Since Transformer was proposed in the

Figure 1. The Evolution of Transformers

field of natural language processing in 2017, its range of appli-
cations has expanded rapidly. From around 2019, Transformer
became popular in Vision and Language, which is a fusion prob-
lem of images and language. By adding images as input to the
Transformer, which processes text data, domain-specific models
such as document images and medical data, as well as various
Vision and Language tasks, have been applied. Since around
2020, attempts have been made to input only images into Trans-
formers, and research on Transformers in the field of computer
vision has been conducted. This is known as Vision Transformer.
Transformers take into account the attention mechanism, which
plays an important role in selecting information necessary to solve
the target task. Since 2017, Transformers have been used in the
field of natural language processing, and since around 2019, they
have been used in the fusion of images and language. In 2020,
Transformers began to be used for problems involving images
only. In this study, we considered whether it would be possible to
efficiently estimate regions of interest using Vision Transformers
for problems involving images only.

In this study, we performed region of interest estimation by
designing and using a Vision Transformer architecture that takes
into account the attention mechanism for HEVC-encoded 3D CG
images. We then analyzed image and visualized the results to
experimentally examine the characteristics of regions of interest
in images.

2. Related work
In this chapter, we will explain related work divided into

(1) Vision Transformer architecture, (2) Vision Transformer in
image processing and evaluation, and (3) Vision Transformer in
medical images.

2.1. From the perspective of the Vision Trans-
former architecture

From the perspective of Vision Transformer architecture,
Progressive Semantic Guidance for Vision Transformer for Zero-
Shot Learning (ZSL) [8], Hierarchical Vision Transformer for
Deformable Image Registration [9], Training Vision Transformer
for Semi-Supervised Semantic Segmentation [10], multi-criteria
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token fusion using one-step forward attention for efficient Vision
Transformers [11], introducing ResNet and Vision Transformers
into spiking neural networks [12], single-stage importance explo-
ration and sparse exploration for Vision Transformer compres-
sion [13], High-Density Vision Transformer with Few Samples
[14], Unlocking the Potential of Pre-trained Vision Transformers
for Few-Shot Semantic Segmentation via Relational Descriptors
[15], and other studies have been conducted.

2.2. From the perspective of Vision Transformer
in image processing and evaluation

From the perspective of Vision Transformer in image pro-
cessing and evaluation, we present a Transformer for image
quality evaluation [16], dual-branch cross-modal calibration for
RGB-D saliency instance segmentation [17], and vision and lan-
guage consistency-guided multimodal prompt learning for blind
AI-generated image quality evaluation [18]. Exploring Vision
Transformers for 3D Human Action Language Models Using
Motion Patches [19], A Top-Down Approach from Semantics
to Distortion for Image Quality Evaluation [20], Improving Im-
age Brightness Through the Interaction of Dual-Branch Structure
and Texture Recognition Features [21], Self-supervised learning
for image quality evaluation [22], Self-supervised pre-training
model for image quality evaluation [23], and other studies have
been conducted.

2.3. From the perspective of the Vision Trans-
former with medical imaging

From the perspective of Vision Transformer in medical
imaging, triple supervised convolution transformation aggrega-
tion for robust monocular endoscope high-density depth estima-
tion [24], dual input Transformer End-to-End model for preopera-
tive evaluation of pathological complete response to neoadjuvant
chemotherapy for breast cancer using ultrasound examination
[25], a multi-task-based deep learning framework using Cand-
mark Kenshuts for MRI segmentation [26], expert-guided knowl-
edge distillation for semi-supervised vascular segmentation [27],
a self-supervised network with convolutional and self-preserving
mechanisms for unsupervised cell segmentation [28], Adaptive
decomposition and shared weight volume transformation blocks
for patch-free 3D medical image segmentation [29], Efficient
medical image segmentation framework based on Transformer
and U2-Net [30], Dynamic hierarchical Transformer network for
liver and tumor segmentation [31], and other studies have been
conducted.

2.4. Conclusion
Overall, there has been no research on Vision Transformer

that comprehensively considers computer graphics, image quality
evaluation, regions of interest, and computer vision. In this study,
we will conduct research on model construction and evaluation
while taking these points into consideration.

3. Vision Transformer
3.1. Overview

In October 2020, a paper on ViT (Vision Transformer) was
published on arXiv, and this paper was accepted at the Inter-
national Conference on Learning Representations (ICLR) held in
May 2021 [32]. Figure 2 shows an overview of ViT. In ViT, similar
to DETR (DEtection TRansformer), which applied Transformers
to object detection in May 2020 by the Facebook AI research team
[33], images are divided into patches of equal size and treated as
tokens. While DETR used ResNet to obtain feature vectors for

Figure 2. Overview of Vision Transformer

each region, ViT treats the pixel values within each patch as a vec-
tor and uses the linear transformation of this vector as the vector
representation for each token. In addition to the conventional Im-
ageNet dataset, the experiments used a proprietary dataset called
JFT-300M, consisting of approximately 300 million images, for
pre-training. As a result of the experiments, ViT pre-trained on
ImageNet achieved recognition accuracy lower than conventional
models, but ViT pre-trained on JFT-300M achieved recognition
accuracy higher than conventional methods.

In this way, ViT, which appeared in October 2020, achieved
many state-of-the-art (SoTA) results in image classification tasks
by using self-attention instead of convolution. ViT is composed
of the following three main components:

• Input Layer
• Encoder
• MLP Head

In the following sections, we will briefly explain these com-
ponents.

3.2. Input layer
In the input layer, the following four processes are performed

on the input image.

1. Divide into patches
2. Embedding
3. Class token
4. Position embedding

The input image is first divided into patches in the Input
Layer. Figure 3 shows the structure for dividing the input image
into patches. The input to ViT is a patch, which is a 3-dimensional
tensor (height, width, number of channels). Therefore, it is nec-
essary to convert the patch into a vector, similar to a word. This
can be achieved by simply “flattening” the 3-dimensional tensor
patches into vectors. This “flattening” process is called flatten-
ing. The structure for flattening patches into vectors is shown in
Figure 4. By dividing the input image into patches and flattening
them, each patch can be converted into a vector.

Next, we perform embedding. Embedding refers to repre-
senting data such as images, videos, and text as vectors. We
apply the inner product of vectors to one-hot vectors to obtain
better vectors that minimize the final loss (such as cross-entropy
loss). To obtain better vectors, we use a linear layer called an
embedding layer.

Then, perform class tokenization. The Class Token can
be regarded as a vector that condenses the information of the
entire image. The Class Token and all vectors for each patch
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Figure 3. Divide the input image into patches

Figure 4. Flatten patch to vector

are input to the Encoder, but the output from the Encoder is
only the Class Token. The MLP (MultiLayer Perceptron) Head,
which serves as a class classifier, is fed only this Class Token and
performs classification tasks such as image classification. The
class token condenses the information of the entire image through
Self-Attention. The class token is a vector of the same length
as the patch embeddings, and it itself is a learnable parameter.
The initial value of the class token is set to a random number
following a standard normal distribution. The class token is
newly concatenated to the beginning of all patch embeddings and
input into the Encoder.

Finally, positional embedding is performed. The reason why
ViT requires this process is because self-attention alone has the
weakness of being unable to learn patch position information.
Like the class token, positional embedding is also a learnable
parameter, and its initial value is a random number following a
standard normal distribution.

The output from the input layer is a vector corresponding to
the class token and each patch.

3.3. Encoder
The encoder takes the vector obtained from the input layer

as input and outputs the class token. The structure of the Trans-
former encoder process is shown in Figure 5. The encoder uses
a mechanism called self-attention. This self-attention plays an
important role in ViT, such as in the encoder block. Self-
Attention is completed by performing embedding, inner prod-
uct, and weighted sum. On the other hand, the Encoder Block
consists of three components: “LayerNorm”, “Multi-Head Self-
Attention”, and “MLP”. LayerNorm refers to Layer Normaliza-
tion, a normalization method with two skip connections. Normal-
ization uses the mean and standard deviation of the data itself.
The MLP in the Encoder Block is composed of two linear layers.
GELU is used as the activation function after the first linear layer.
On the other hand, no activation function is used for the second
linear layer. Here, GELU (Gaussian Error Linear Unit) is an
activation function often used in Transformer-type models, and

Figure 5. Processing of Transformer Encoder

Figure 6. MLP (MultiLayer Perceptron)

is used in GPT and BERT instead of ReLU. Dropout randomly
ignores some neurons during training.

3.4. MLP head
The final component of ViT, the MLP Head, is a classifier

that performs class classification as shown in Figure 7. The clas-
sifier itself is simple, consisting of only two layers: LayerNorm
and a linear layer. In image classification tasks, the length of the
vector output by the MLP Head is the same as the number of
classes.

4. Experiment
4.1. 3D CG image contents used in this study

The images used in this study are 3DCG content (Museum
(M) and Wonder World (W)) such as the figure 8 provided free
of charge by NICT [34]. To generate the images, we first con-
structed eight CG cameras, performed camera work and rendering
[35], and generated eight still images. Although this content is
originally multi-view 3D image content, in this study, we used
single-view images from one of the 8 viewpoints.
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Figure 7. Architecture of MLP Head

Figure 8. 3D CG image contents used in this study

4.2. Experimental procedure
The experimental procedure is described below.

1. Set camera work and rendering from 3D CG content to
generate 3D CG images.

2. Perform H.265/HEVC encoding processing on the gener-
ated 3DCG images. In this study, we set seven types of
quantization parameters 𝑄 = 𝑟𝑒 𝑓 ,20,25,30,35,40,51 and
generated evaluation content.

3. We constructed the Vision Transformer architecture and
adjusted the parameters. In this study, we used the ailia SDK
to construct and use the ViT architecture. All parameters
were set to their default (initial) values.

4. Using the ViT architecture and framework, we performed
region of interest estimation and prediction on the evalu-
ation content, generating input images, region of interest
color maps, prediction labels, and gaze point maps as result
images.

5. Based on the results of Experiments 1 and 2, we discuss 3D
CG content, regions of interest, and label prediction.

4.3. Experimental method and assessment
method

As an experimental method, we conducted the following two
types of experiments in this study.

• Experiment 1 (Exp. 1): Region of interest estimation and
prediction using Vision Transformer in 3D CG content “Mu-
seum”

• Experiment 2 (Exp. 2): Region of interest estimation
and prediction using Vision Transformer in 3D CG con-
tent “WonderWorld”

As an evaluation method, 3D CG images were input into the
Vision Transformer architecture to generate color maps of regions
of interest, prediction labels, and attention maps, and evaluations

Figure 9. Result of Exp. 1 (𝑄 = 𝑟𝑒 𝑓 )

Figure 10. Result of Exp. 1 (𝑄 = 20) Figure 11. Result of Exp. 1 (𝑄 = 25)

Figure 12. Result of Exp. 1 (𝑄 = 30) Figure 13. Result of Exp. 1 (𝑄 = 35)

Figure 14. Result of Exp. 1 (𝑄 = 40) Figure 15. Result of Exp. 1 (𝑄 = 51)

were performed on the differences between 3D CG content and
changes in quantization parameters.

5. Experimental results and discussion
5.1. Results and discussion of Experiment 1
(“Museum”)

The results of Experiment 1 are shown in Figures 9 to 15.
From the results of Experiment 1, the prediction labels

“fountain” and “spotlight, spot” ranked high, and as 𝑄 increased,
the accuracy decreased. This is thought to be due to the variabil-
ity of HEVC and the complexity and color tones of the “Museum”
content affecting the accuracy of the predicted labels.

Although the Attention Map showed no visual effects from
HEVC changes, as𝑄 increased, the depth of the color map became
harder to distinguish, and the accuracy of the predicted labels also
decreased. This suggests that HEVC visually affects the region
of interest.

5.2. Results and discussion of Experiment 2
(“Wonder World”)

On the other hand, the results of Experiment 2 are shown in
Figures 16 to 22.
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Figure 16. Result of Exp. 2 (𝑄 = 𝑟𝑒 𝑓 )

Figure 17. Result of Exp. 2 (𝑄 = 20) Figure 18. Result of Exp. 2 (𝑄 = 25)

Figure 19. Result of Exp. 2 (𝑄 = 30) Figure 20. Result of Exp. 2 (𝑄 = 35)

Figure 21. Result of Exp. 2 (𝑄 = 40) Figure 22. Result of Exp. 2 (𝑄 = 51)

The results of Experiment 2 show that the predicted labels
“table lamp” and “lamp shade” ranked high, while “spotlight,
spot” ranked low. Compared to Experiment 1, the hotspots for
color labels were limited, and there was little change even when
𝑄 varied. Regarding the predicted labels, unlike Experiment 1,
the accuracy decreased when 𝑄 was around 30, and the accuracy
was high at both ends. This is thought to be due to the object
area being narrower than in Experiment 1 and the depth of the
color map being clear, which reduced the influence of HEVC and
affected the results.

6. Conclusion
In this study, we estimated regions of interest by considering

the attention mechanism using Vision Transformer on 3D CG
images encoded with HEVC.

The results of this study show that using Vision Transformer
enables more accurate and detailed estimation of regions of inter-
est compared to conventional methods, and that it can understand
3D CG image patterns and HEVC encoding characteristics, as
clarified by the experimental results.

Future prospects include adjustment of Vision Transformer
internal parameters, improvement of AI architecture, enhance-

ment of content patterns, application to videos, support for cross
reality (XR), and application to medical images.
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