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Chapter 1

Introduction

1.1 Research Background

Image compression technology is essential for efficient image transmission and storage. It is a tech-
nology that reduces unnecessary information in an image to represent the image with the smallest
amount of information possible, depending on the intended use of the image. Image compression
standards like JPEG [lI] and JPEG2000 [2], developed by the Joint Photographic Experts Group, are
examples of compression techniques designed for human visual perception. Similarly, HEVC [5]
and VVC [8], video compression standards created by the Moving Picture Experts Group (MPEG),
were also tailored for human use. Thus, most image compression standards to date have been de-

signed for image transmission and storage for human perception.

However, as deep learning-based image recognition models continue to advance, there is a grow-
ing demand for image analysis using these models. In other words, the consumption of image data
by recognition systems is increasing, creating a need for specialized compression methods designed
for machine interpretation. This emerging research field, known as Image Coding for Machines
(ICM), has been gaining significant attention in recent years. Since recognition models typically
require less image detail than humans, there is potential to develop compression methods that are

more efficient than those designed for human perception.

In addition, research on scalable image coding, which simultaneously achieves image compres-
sion for recognition models and human perception, is gaining momentum. This scalable approach is
expected to find applications in fields such as monitoring agricultural and ranching areas via aerial
images and managing traffic through surveillance camera footage. In these scenarios, images are
analyzed by recognition models under normal circumstances and reviewed by humans during emer-
gencies. To meet these dual demands, compression methods must efficiently balance the needs of

both purposes. By tailoring image compression to its specific use case, whether for recognition mod-
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els or human observation, it is possible to achieve more efficient transmission and storage of image
data. Therefore, there are high expectations for research and development on ICM and scalable

image coding for recognition and human perception.

1.2 Research Objectives

While the demand for image compression techniques tailored for image recognition is increasing,
several problems must be addressed to make these methods practical. The first problem is that
many ICM methods are designed to work specifically with certain image recognition models. This
specialization often results in better compression performance, as the image compression models
are optimized for a particular recognition model. However, such approaches lack versatility. As
image recognition models continue to improve, introducing new ICM methods becomes necessary
to accommodate these advancements, creating a barrier to practical adoption. This dependency
on specific recognition models limits the flexibility and scalability of ICM methods. The second
problem lies in the computational burden placed on the encoder in the image compression process.
Many proposed ICM methods rely on using image recognition models during compression, which
can be problematic in certain use cases, such as those described in Section 1.1. For example, edge-
side encoders often have limited computational resources, making it difficult to integrate complex
image recognition models. In scenarios where edge devices are used, images must be transmitted to
cloud-based Al systems for analysis. Under these conditions, compression methods that depend on

image recognition models are impractical.

The lack of versatility in ICM methods presents a significant problem for scalable image coding
designed for both human vision and image recognition. One key objective of scalable image coding
is to enable efficient image compression for recognition tasks. However, if the compression methods
used are not adaptable, they cannot accommodate advancements or changes in image recognition
models. To address this issue, scalable image coding must incorporate ICM methods that are robust

and flexible enough to remain effective as recognition models evolve.

This paper aims to propose an ICM method that is compatible with a wide range of image recog-
nition models. The proposed approach introduces an image compression framework that operates
independently of specific recognition models and address problems related to encoder computational
load. Additionally, the paper explores a scalable image coding method that integrates the proposed

ICM approach, enabling efficient compression for both human perception and machine vision.
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1.3 Thesis Outline

The outline of this thesis is as follows:
Chapter 1: In this chapter, | describe the research background and objectives of this paper.

Chapter 2: In the chapter named “Image Compression and Image Recognition,” we outline the
foundational technologies relevant to this paper. This includes a discussion of recent advancements
in neural network-based image compression and image recognition models, which have seen signif-

icant acceleration in research and development in recent years.

Chapter 3: In the schapter titled “Image Coding for Machines with Edge Information Learning
Using Segment Anything,” we propose an ICM method designed for compatibility with various
image recognition models. We begin by discussing the characteristics and recent trends of ICM
methods, highlighting their limitations and challenges. Following this, we introduce a novel ICM
method aimed at addressing these issues and provide a detailed explanation of its approach. Finally,
we conduct experiments to evaluate the performance of the proposed method, demonstrating its

effectiveness through empirical results.

Chapter 4: In the chapter titled “Scalable Image Coding for Humans and Machines Using Feature
Fusion Network,” we propose a scalable image coding method that incorporates the ICM approach
introduced in Chapter 3. This method aims to decode images for human viewing while efficiently
utilizing a compression model optimized for image recognition. To achieve this, the method em-
ploys two Learned Image Compression (LIC) models: one dedicated to image recognition and the
other designed to handle additional information required for human perception. We begin by ex-
plaining the structure of the LIC models and propose a framework to integrate these two LIC models
effectively. Subsequently, we evaluate the compression performance of the proposed scalable image

coding method and validate its effectiveness through experimental results.

Chapter 5: In the concluding chapter, we summarize the contents in this thesis.



Chapter 2

Image Compression and Image Recognition

2.1 Image Compression

2.1.1 Rule-based Image Compression

Image compression technology is fundamental for managing image data and has been the subject
of extensive research over the years. During this time, numerous compression standards have been
developed by organizations such as Joint Photographic Experts Group and Moving Picture Experts
Group. These standards are primarily designed for human perception, enabling the decoding of vi-
sually suitable images with minimal data. This is achieved by reducing the amount of information
required to represent an image through the elimination of unnecessary visual data and predictable
elements. The remaining data is encoded in the most compact form possible using entropy coding.
Key image compression standards developed by the Joint Photographic Experts Group include JPEG
[@], JPEG2000 [2], and JPEG-XL [B], while video compression standards introduced by the Moving
Picture Experts Group include AVC [4], HEVC [E], and VVC [B]. Notably, the intra-frame com-
pression methods in these video coding standards are also image compression techniques, making

them applicable for standalone image compression.

In most real-world applications, traditional rule-based image compression methods are predomi-
nantly used, with neural network-based methods being less common. This is partly due to hardware
limitations that have delayed the integration of newer compression methods and partly because rule-
based compression is computationally efficient, imposing a lower burden on hardware. However, the
performance of neural network-based image compression methods has advanced significantly, now
surpassing rule-based methods in compression efficiency. On the other hand, The next rule-based
image compression standard is already being explored by standardization groups. A standard that is

not inferior to the performance of neural network-based image compression methods is required.
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2.1.2 Learned Image Compression

Learned Image Compression (LIC) is a neural network-based image compression method [, 0, [T].
Many LIC methods have been proposed in recent years, and these typically include an entropy model
to encode the features. Most of these methods use the hyperpripr-based entropy model framework
proposed by Balle’ et al.[8] to enable efficient coding. This framework is shown in Fig.2Z7T(a). y is the
latent feature obtained from the image x by the function g, represented in the neural network. z is the
feature that conditions y, obtained from the latent feature y through the function h,. The probability
distribution of the latent feature y conditioned on z is assumed to follow a normal distribution with

mean 0, that is,
(i) N (0;s?): (2.1)

In (2.1), s is the value estimated from Z and represents the scale of the normal distribution. The
study by Minnen et al.[9] extends this framework and assumes the probability distribution of the
latent feature y as follows:

pie(Mi2) N (m;s?): (2.2)
In (2.2), m and s are both estimated from Z and represent the mean and scale of the normal distribu-
tion, respectively. By assuming the normal distribution as the probability distribution of the feature
y, the entropy model is formulated as follows:

Pyiz(¥i2) = pya(Vij2)

A 11,
Py (i12) = (N (mi;s7) U ( 5;5))(%) (2.3)
7o L - g1 '
:}erfc( M) }erfc( y'ﬁeiim'):
2 2Sj 2 2Sj

In (2.3), U is the uniform distribution for reproducing quantisation noise and erfc is the com-
plementary error function. This equation can also be expressed using the cumulative distribution

function c of the Gaussian distribution as follows:

1

) (2.4)

. L1 .
pyjz(yiJZ)ZC(yi+§) c(Yi 5

Several other entropy models have been proposed as encoding methods to be incorporated into
LIC for human vision [12, 20]. In the study by Cheng et al.[20], a mixed normal distribution is

assumed as the probability distribution of the feature y, that is,

K
Pgiz (9i2) wON (m®); s209): (2.5)
k=1

Fu et al.[12] have proposed an entropy model using Laplacian and Logistic distributions. These
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[ Input image

[ Input image

[ Input image

[ Output image

(c): Modeling of proposed ICM method.

Fig. 2.1. Entropy model design. (a): LIC model proposed by Balle’ et al., (b): Conventional ICM method,
using Gaussian distribution, (c): Proposed ICM method, using Gaussian and Delta distributions. (Reproduced
from our previous work Ref.[2].)

innovative designs in entropy models have contributed to improving the compression performance
targeting human vision. LIC models with these entropy models are optimized using the following
loss functions:

L =R()+R(@)+ 1 mse(x;X): (2.6)

In (2.6), R(y) and R(z) are the bitrates of y and z, respectively. x represents the input image, and
X represents the decoder output image. mse represents the mean squared error function and I is a

constant to control the rate.
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2.2 Image Recognition

2.2.1 Object Detection

Object detection is one of the most common tasks in image recognition. It identifies the position,
size, and type of objects in an image and has a wide range of potential applications. For instance,
it is expected to replace human vision in tasks such as managing factory products, monitoring farm
crops, and observing traffic. With the advent of deep learning and its significant advancements in
image recognition accuracy, the potential for these applications has grown, leading to the practical
implementation of object detection models. In models like DETR [I3] and DINO [14], transformers
are used extensively instead of traditional CNNs, which increases memory usage. To address this,
recent models have been designed to achieve high detection accuracy while minimizing the number
of parameters. Techniques such as model quantization, branch pruning, distillation, and Neural Ar-
chitecture Search have been applied to achieve this. Additionally, models like Grounding-DINO [i15]
and YOLO-World [18], capable of detecting arbitrary objects, have been introduced, significantly

expanding the practical use cases of object detection systems.

As the demand for object detection models grows, the volume of image data required will also
increase. To manage this, effective image compression methods tailored for object detection models
are essential. However, given the wide variety of models—such as YOLO [34], Faster R-CNN
[7], and DETR [M3]—each with unique characteristics and model architectures, finding universally
optimal compression methods is challenging. Consequently, many image compression techniques

have been developed specifically for certain detection models.

2.2.2 Segmentation

The segmentation task involves dividing an image into regions corresponding to objects and back-
grounds. This task is more complex than image classification or object detection because it requires
a more detailed analysis of the image. Similar to the growing demand for object detection models,
the use of segmentation models is also on the rise. Segmentation tasks are categorized into semantic
segmentation, instance segmentation, and panoptic segmentation, with their differences summarized
in Table Z71. Both semantic segmentation and panoptic segmentation handle segmentation of objects
and backgrounds. Instance segmentation and panoptic segmentation focus on identifying and seg-
menting individual objects. Each of these segmentation tasks serves different purposes depending

on the specific requirements of the use case.

As the use of segmentation models increases, so does the consumption of image data by these

models. This highlights the need for effective image compression methods tailored to segmentation
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Table 2.1. Purpose of each segmentation model.

task [ background segmentation  Individual object identification
Semantic Segmentation X
Instance Segmentation X
Panoptic Segmentation X X

tasks. However, segmentation models face similar challenges to object detection models in practical
applications. With a variety of segmentation models available—each with unique structures and
characteristics—creating an optimal image compression method for various segmentation model is

difficult. As a result, specific compression methods need to be designed for different segmentation
models.



Chapter 3

Image Coding for Machines with Edge Information

Learning Using Segment Anything

3.1 Introduction

ICM is a technique for compressing images to reduce the bit rate without compromising image
recognition accuracy. Image compression technology is necessary for efficient transmission and
storage of images, contributing to higher communication speeds and reduced device load. Conven-
tional image compression techniques are designed to encode and decode images with as little loss of
visual image information as possible. JPEG [1], AVC/H.264 [19], HEVC/H.265 [8] and VVC/H.266
[B] are standards that are constructed based on rule-based algorithms, designed to reduce the amount
of information by primarily truncating the high-frequency components of an image. This is based on
the fact that the truncation of high-frequency components of an image has a small impact on image
quality in human vision. Apart from rule-based compression methods, there are also several image
compression methods that use LIC models [20, 2T]. These models are trained to match the input and
output images of the model, as shown in Fig.BZ0(a). The loss function is expressed by the following
equation:

Ly, =R(y)+ I mse(x;X): (3.2)

In (3.1), y is the encoder output of the LIC model, R(y) is the bitrate of y and is calculated using
compressAl [22]. x represents the input image, and X represents the decoder output image. mse
represents the mean squared error function and I is a constant to control the rate. These models
also attempt to decode the pixel values of the input image, hence reconstructing images with good
visual quality. On the other hand, conventional methods are not compatible for ICM method. This
is because generally the amount of information in an image required for image recognition is less

than that required for viewing [23]. Therefore, research on ICM has been conducted, where JPEG
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and MPEG have begun standardization of image and video coding methods for machines.

There are three main approaches to ICM: Region of Interest (ROI)-based approach [24, P5, 78],
Task-loss (TL)-based approach [24, 78, 29] and Region-Learning-based approach . The ROI-based
approach is a technique that uses an ROI-map to allocate more bits to a specific part of the image,
as shown in Fig.BZI(b). An image and its corresponding ROI-map are input to the encoder, and the
image is compressed according to the guide of the map. The problem with this approach is that the
encoder must be equipped with an image recognition model to create the ROI-map. The TL-based
approach uses the output of the image recognition model as the loss function to train the LIC model,
as shown in Fig.BZ0(c). The LIC model is trained to increase the image recognition accuracy of
the decoded image. Unfortunately, the LIC model is vulnerable to changes in image recognition
models because it learns image compression methods for a particular image recognition model. The
RL-based approach is a method that allows the LIC model to learn only encoding/decoding methods
for specific parts of the image, as shown in Fig.B7(d). The LIC model decodes object parts in the
image cleanly and other parts roughly, enabling image compression for object detection and instance
segmentation models. Handmade mask images in the COCO dataset [30] are used to train this LIC
model. As for its concerns, image compression methods for semantic and panoptic segmentation
models are not considered, since the decoded images do not preserve the background information in

the images.

In this chapter, we propose a new ICM model (SA-ICM) that solves the problems of the above
approaches. The proposed method is a type of RL-based approach, which does not require additional
information such as ROI-map as encoder input and does not learn using task-loss. On the other
hand, unlike existing RL-based methods, it does not use mask images in the COCO dataset. Instead,
SA-ICM uses mask images generated by Segment Anything Model (SAM) [B1]. The edges of the
segmentation map generated using SAM are used to train the LIC model. This creates an LIC model
that can decode only the main edge information. The proposed method reduces more textures than
existing RL-based approaches and while also removing human face textures. It has good properties
both in terms of image compression and privacy protection. In experiments, we will investigate the
image compression performance of SA-ICM for image recognition and compare it to other methods
for ICM to demonstrate the effectiveness of this method. For the image recognition models, we use
an object detection model, an instance segmentation model, and a panoptic segmentation model to
show the robustness to changes in the image recognition model. By using COCO, VisDrone [37],

and Cityscapes [33] as the datasets, we show that our method can be used in various use cases.



Chapter 3. Image Coding for Machines with Edge Information Learning Using Segment Anythiridl

————————— » MSE-loss <----------

+

E Rate-loss E
@) | - !
Input image T@=—== Coded image

Rol map
(b) _ _
Input image p ==== @ 2 Coded image

Task-loss <« Recognition model |
+

(c) Rate-loss
0
Input image 7@=—== Coded image

mask image - » MSE-loss < - mask image
o | MoElos @ maskimg
@ s ; Rate-loss lmmmmmmm o

| 7y |
Input image T’@=_== Coded image

Fig. 3.1. Overview of image compression process. (a) : LIC model for human vision. (b) : ROI-based approach
for ICM. (c) : Task-loss-based approach for ICM. (d) : Region-Learning-based approach for ICM. (Reproduced
from our previous work Ref.[@].)

3.2 Related Works

3.2.1 Image Coding for Machines (ICM)

As opportunities for the use of image recognition technology increase, research on image compres-
sion for machines flourishes. Many methods have been proposed, most of which can be categorized
into one of the following three approaches, each with its drawbacks and advantages. There are
three main ICM approaches: the ROI-based approach, the TL-based approach, and the RL-based

approach.

The ROI-based approach [74, 75, 78] uses an ROI-map to allocate more information to a specific
part of the image, as shown in Fig.BZ(b). This approach has the problem of placing a large load
on the encoder’s device because the ROI-map must be created on the encoder side. Also, since
more bits are allocated to the object part of the image, the decoded image is effective for object

detection. However, this approach is not necessarily effective for image recognition tasks that require
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@ ® © ) @

Fig. 3.2. Examples of the mask image. (a) : Original image. (b) : Mask image in COCO dataset. (c) : Mask
image generated using SAM (a = 0:98). (d) : Mask image generated using SAM (a = 0:93). (e) : Mask image
generated using SAM (a = 0:48). Images in this figure are used under the CC BY 4.0 license [B0]. (Reproduced
from our previous work Ref.[@].)

a background. On the other hand, the advantage of this approach lies in decoding images that
are effective for both machine and human vision. The study by B. Li et al. [?6] evaluates image
compression performance in terms of object detection accuracy, instance segmentation accuracy, and

image quality.

The TL-based approach [24, P5, P6] is an approach that attempts to optimize the LIC model
using the output of the image recognition model, as shown in Fig.BZ(c). Equation 1 plus task-loss,
which is computed using the output of the image recognition model, is used as the loss function. For
example, to create an LIC model for YOLO [B34], a type of object detection model, the LIC model
is trained using the object detection accuracy of YOLO in the decoded image. The loss function for

the LIC model in the TL-based approach is shown as:

Ly =R(®y)+ Iy mse(x;X)+ I, M (X): (3.2)

In (3.2), R, mse, y, x, and X have the same meaning as those functions, variables, and constants
in (1). M (X) is the task-loss that can be computed by inputting the coded image into the image
recognition model. I, and I, are constants to control the rate. The problem with this approach
is that for a given image recognition model, a corresponding LIC model is required. However, R.
Feng et al. [35] proposed an image compression method for various image recognition models using

ResNet50 [36] feature-based learning method.

The RL-based approach is the newest of these three approaches. As shown in Fig.BZI(d), it is an
ICM approach where the LIC model is trained to encode and decode only the texture of the object

part in the image. The loss function used to train the LIC model is the following:

Ly =R(y)+ 1T mse(x my;X my): (3.3)

In (3.3), R, mse, y, X, X, and I have the same meaning as those functions, variables, and constants
in (3.1). my is the binary mask corresponding to x. Handmade mask images in the COCO dataset
are used as mask images. This method has been shown to have good compression performance as

an image compression method for object detection and instance segmentation models. Conversely,
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Fig. 3.3. The proposed training method of the LIC model. Images in this figure are used under the CC BY 4.0
license [30]. (Reproduced from our previous work Ref.[d].)

the decoded images are not suitable for semantic and panoptic segmentation tasks because this LIC

model does not learn how to encode and decode the background parts in the image.

3.3 Proposed Method

3.3.1 SA-ICM

We propose SA-ICM, a method to encode and decode only the edge information in an image by
training the LIC model using a segment anything. This method is a variant of the RL-based ap-
proach, which requires no additional information input and does not train the model using task-loss.
The original RL-based approach [8] used the image shown in Fig.BZ(b) as the mask image and
trained the LIC model only on the object regions in the image. However, the decoded image us-
ing this approach is not suitable for image recognition tasks that require background information
in the image because the background in the image is represented roughly. In addition, unnecessary
textures of object parts are decoded, meaning there are still rooms for improvement in compression

performance.

In this chapter, we train the LIC model using the images shown in Fig.BZ(c)-(e) as mask images.

This mask image is obtained by inputting the segmentation map created from SAM into the Canny
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Fig. 3.4. Examples of coded images of the COCO2017 dataset. The top line is the input image, the middle
line is the coded image by the conventional method of RL-based approach (Object-ICM)[I8], and the bottom
line is the coded image by the proposed method (SA-ICM). Images in this figure are used under the CC BY 4.0
license [30]. (Reproduced from our previous work Ref.[d].)

edge detector. By changing the confidence value (a) when estimating the segmentation map using
SAM, different masks can be obtained, as shown in Fig.B=2(c)-(e). The smaller the a, the more object
masks SAM outputs, hence more edges are detected, as shown in Fig.B2(e). As shown in Fig.B3,
the LIC model trained with these masks learns to encode and decode only the edge information in

the image. The loss function used to train the LIC model is expressed as follows:

L,=R()+ 1T mse(x samy(a);Xx samy(a)): (3.4)

In (3.4), R, mse, y, X, X, and I have the same meaning as those functions, variables, and constants
in (3.1). samy(&) is the mask image corresponding to x created using SAM. These mask images are
only used during training of the LIC model and are not used during testing. This learning method
creates an LIC model capable of removing object texture while not completely removing background

information.
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Fig. 3.5. Compression performance in object detection accuracy of YOLOV5. The left figure shows compres-
sion performance for COCO, and the right figure shows the same for VisDrone. (Reproduced from our previous
work Ref.[@].)

3.4 Experiments

3.4.1 Experimental Methods for Evaluating SA-ICM

To confirm the effectiveness of SA-ICM, we measure its image compression performance. First,
a mask image corresponding to an image in the COCO-train dataset is created using SAM. The
confidence values used for mask creation are [0.98,0.93,0.48]. These mask images are used to train
the LIC model. We use the model proposed by J. Liu et al. [27] for the LIC model and (3.4) for
the loss function. Although the rate can be controlled by changing I, we set the value to 0.05
in this experiment. The decoded image with these models is shown in Fig.B4. It can be seen
that the decoded image loses its texture but the information of object shape is retained. Also, the
information on the human face is lost during compression, which is good for privacy protection.
Next, we measure the image compression performance of the trained LIC models. YOLOV5 [37],
Mask-RCNN [B8], and Panoptic-deeplab [39] are used as image recognition models. Mask-RCNN
can simultaneously perform instance segmentation and object detection, while Panoptic-deeplab can
perform panoptic segmentation and instance segmentation at the same time. The object detection
accuracy when using YOLOVS5 is measured by the COCO dataset and the VisDrone dataset. This
YOLOVS5 is fine-tuned by data composed of compressed training datasets, obtained from trained
LIC model. The training data for each dataset is compressed using the LIC model, and YOLOV5 is
fine-tuned with those data. The image recognition accuracy when using Mask-RCNN and Panoptic-

deeplab is measured using the COCO and Cityscapes datasets, respectively.

3.4.2 SA-ICM Evaluation Experimental Results

Comparisons of the proposed method with other methods for ICM are shown in Fig.B3-88. In all
these figures, the light blue dotted line represents the image recognition accuracy in uncompressed

images, and the green star-shaped points indicate the image compression performance of the pro-
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Fig. 3.6. Compression performance in image recognition accuracy of Mask-RCNN. The left and right figures
show the compression performance in detection accuracy and instance segmentation accuracy, respectively.
(Reproduced from our previous work Ref.[@].)
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Fig. 3.7. Compression performance in instance segmentation accuracy of Panoptic-deeplab. (Reproduced from
our previous work Ref.[d].)

posed method. Originally, many points are calculated by varying the value of I in (3.4), but in
this experiment, the compression performance at multiple points is calculated by changing a in-
stead of I. Fig.BH shows the relationship between object detection accuracy and bit rate for the
COCO and VisDrone datasets. The model used for object detection is YOLOV5. In both figures,
mAP50:95 is used as the index of object detection accuracy. Fig.BH shows the image recognition
accuracy using Mask-RCNN on the COCO dataset. The left figure shows the relationship between
object detection accuracy and bitrate. The right figure represents the relationship between instance
segmentation accuracy and bitrate. It can be seen that the proposed method has better compression
performance than conventional RL-based methods in the object detection and instance segmenta-
tion tasks. Fig.B= and Fig.B8 show the relationship between image recognition accuracy and bit
rate using Panoptic-deeplab. Unlike the original RL-based ICM method, SA-ICM has good image
compression performance for panoptic segmentation tasks that require background information in
the image. These results indicate that SA-ICM is an effective image compression method for image

recognition models of various tasks, robust to changes in use cases.
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Fig. 3.8. Compression performance in panoptic segmentation accuracy of Panoptic-deeplab. (Reproduced from
our previous work Ref.[d].)

3.5 Conclusion

In this chapter, we propose SA-ICM. Using edge feature in the training process of an LIC model, we
constructe the image compression model that encodes and decodes object shapes in images. Com-

pared to conventional methods, our LIC model reveals superior image compression performance.



Chapter 4

Scalable Image Coding for Humans and Machines

Using Feature Fusion Network

4.1 Introduction

Scalable coding aims to decode images for multiple purposes. A well-known scalable coding method
decodes a low-resolution image from minimal information. Additionally, a high-resolution image
can be decoded by supplying extra information to this coding method [471, Z]. Hence, this method
provides two types of decoded images suitable for human vision. While there is a demand for
image coding for human vision, there is also interest in image coding for image recognition mod-
els. This has led to the development of the research fields known as Video Coding for Machines
(VCM)[43, 44, 45, 46, 47, 48, 49] and Image Coding for Machines (ICM)[18, 24, 28, 79, B5], which
are standardized by MPEG and JPEG. Therefore, scalable coding methods, which provide step-by-
step image compression methods for human and machine, are attracting attention [27, 50, 51, b2,
h3, b4, b5, b6, b7]. H. Choi’s redearch infers that the amount of information in an image required
for image recognition is less than or part of that required for human vision [63]. Therefore, efficient
image compression can be accomplished by applying decoded images for image recognition model

to reconstruct images for human vision.

Scalable coding methods that hierarchically implement image compression methods for both
machines and humans are mainly needed for traffic and farm surveillance. In these use cases, most
images are analyzed by image recognition models, with occasional verification by the human eye.
Object detection models and segmentation models are employed to analyze the images. These mod-
els estimate the location, size, and types of objects and background present in an image. Therefore,
it is necessary to have two different image compression methods: one for these image recognition

models and the other for human checking. The majority of the proposed scalable coding methods are

18
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Fig. 4.1. Image processing flow of the scalable image coding method. (a): Conventional method aimed for
a specific image recognition model. (b): Proposed method compatible for various image recognition models.
(Reproduced from our previous work Ref.[B].)

optimized to increase the accuracy of a specific image recognition model. However, these methods
may struggle when multiple image recognition tasks are required. Therefore, it is necessary to con-
sider scalable coding methods for any image recognition model to increase generality. As Fig.Z-1(a)
illustrates, when the image compression model for machines is optimized based on a particular im-
age recognition model, it is necessary to decode the image for humans with a corresponding specific

additional information compression model.

In this chapter, we propose a scalable coding method that incorporates a robust ICM method
against changes in image recognition models. This proposed method differs from conventional scal-
able coding methods by performing stepwise image decoding for human vision and any image recog-
nition model. With our proposed model, there is no need to modify the image compression model
on the device whenever a different image recognition model is desired. In this method, SA-ICM
[40] is used as the ICM method. As Fig.E70(b) indicates, images decoded in this way are suitable
for a variety of image recognition tasks. The difference between the SA-ICM decoded image and
the original image is treated as additional information and compressed using Learned Image Com-
pression (LIC)[20, b8, bY, 60, B1]. Through the fusion of the additional information and SA-ICM

features in the feature space, efficient image reconstruction for human vision can be achieved.

4.2 Related Works

4.2.1 Scalable Image Coding for Humans and Machines

With the rapid expansion in the use of image recognition models, the demand for image compression

methods to support them is increasing. In particular, image analysis methods powered by image
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recognition models are expected to become popular due to their usefulness in monitoring people
and traffic as well as managing farm animals. On the other hand, human verification is sometimes
necessary for monitoring purposes insted of solely relying on Al for image analysis. To achieve both
of these purposes, scalable image coding methods have been studied. Since it is generally thought
that the amount of information in an image required for image recognition is less than that needed
for human, images for humans can be decoded by supplementing images decoded for machines with

additional information.

Recently, H. Choi et al. proposed a scalable coding method for object detection models, ob-
ject segmentation models, and humans [63]. In this study, scalable codecs are created by dividing
the intermediate features of the image recognition model into two categories: features for image
recognition and features for additional information. The method achieves strong compression per-
formance by leveraging the model’s characteristics, though the compression method is optimized
in that particular model. Separately, A. Harell et al. utilize VVC [B] to compress additional infor-
mation [62], known as VVC+M. The difference between the decoded image for image recognition
and the original image is encoded through VVC-inter compression to decode the image for human
vision. VVC is a rule-based algorithm and a video compression method that is robust to changes in
the input image. Therefore, VVC+M can be incorporated into any machine vision codec, enabling
image decoding for humans and machines. This method can be combined with a variety of ICM

methods, yet it still leaves room for optimization through LIC.

4.2.2 Channel-Conditional Learned Image Compression

An LIC model is a neural network-based image compression model. Most LIC models are composed
of a main network and a hyperprior network proposed by J. Ballé et al.[B, 8]. The hyperprior model
is a technique for capturing spatial dependency in latent representations and learning a probabilistic

model for entropy coding. The following loss function is used to train a general LIC model.
L=Ry)+R@+1T mse(x;X): (4.2)

In (4.1), y is the encoder output of the LIC model, R(y) is the bitrate of y and is calculated using
compressAl [63]. z is the hyperprior-encoder output, and R(z) is the bitrate of that feature. x
represents the input image, and X denotes the decoder output image. mse is the mean squared error
function and I stands for a constant to control the rate. The LIC model learns to decode the original

image while dropping the amount of information in the image.

The Channel-Conditional LIC model is an image compression model proposed by D. Minnen

et al.[M0]. This model divides the output of the main network into multiple features and prepares
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Fig. 4.2. Examples of the mask image. (a) : original image in COCO dataset, (b) : mask image generated using
Segment Anything. Images in this figure are used under the CC BY 4.0 license [30]. (Reproduced from our
previous work Ref.[B].)

a probabilistic model for coding each feature. The input image X is first converted into a feature y

each of which is compressed. The hyperprior network learns a probabilistic model to encode y;,
thereby generating y1. Then, yi is used in a probabilistic model to encode y,, creating y>. By
repeating this process, we ultimately obtain ¥, a combination of fyi;y>;:::;yng. Therefore, with its
step-by-step image compression method, the Channel-Conditional LIC model allows for efficient

image compression.

423 SA-ICM

SA-ICM is an LIC model that learns only the edge information of images, with a model structure is
identical to the LIC model proposed by J. Liu et al.[21]. By learning the edge information produced
with Segment Anything [31], we can create an LIC model capable of decoding only the edges of an
image. Meanwhile, the decoded image retains the color of the original image as well as the edge
information of the object and background, making the image suitable for image recognition mod-
els. This model has been proven to be an effective image compression method for object detection
models [B7], object segmentation models [38], and background segmentation models [39]. The use-
fulness of SA-ICM is demonstrated using three different datasets [30, 32, B3]. The loss function for

training this model is expressed by the following equation:

Ly =R(y)+R(@)+ 1T mse(x my;X my): (4.2)

The symbols for variables and functions in (4.2) carry the same meaning as those in (4.1). my is the
binary mask corresponding to x, created using Segment Anything. An example of a mask image is
shown in Fig.E=2. SA-ICM is a method to train an LIC model to encode and decode only the white

areas of the mask image in Fig.z=2.
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Fig. 4.3. Image processing flow of the proposed scalable image coding method. The LIC model in the upper row
is the SA-ICM, which is used to compress images for machines. The LIC model in the lower is an additional
information compression model, which converts an coded image for machine into an image for human vision.
(Reproduced from our previous work Ref.[B].)

4.3 Proposed Method

4.3.1 Learning-based Scalable Image Coding

We propose a scalable coding method that is robust to shifts in image recognition models. Our
method does not optimize a compression method exclusively for a specific image recognition model.
Thus, this method is applicable for compressing images across various image recognition models
and human vision. In other words, there is no need to modify the image compression method to
accommodate a switch in an image recognition model. Our method is implemented by connecting

two LIC models. The structure of the proposed model is shown in Fig.Z=33.

In Fig.E3, the upper network represents an image compression method designed for image
recognition models, utilizing SA-ICM. The network in the lower part of the proposed model is
employed to compress additional information, converting a coded image for machines into an image
for human vision. In the feature space, the upper and lower networks are combined to efficiently re-
construct images adequate for humans. Additional information compression model is trained using

the following loss function:
L, =R(ya) +R(za)+ I mse(x;X): (4.3)

In (4.3), ya and za denote the output of the encoder and hyper-encoder in the LIC model, respec-
tively. The symbols for the other variables and functions represent the same meaning as in (4.1).

Optimization using mse allows the original image texture to be regained.

4.3.2 Feature Fusion Network

We apply a feature fusion network to combine the upper LIC model with the lower LIC model in
Fig. B33. The structure of the feature fusion network is shown in the Fig. E4. Both compression

models are Channel-Conditional LIC models, and their decoder models receive segmented features.
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SA-ICM applies the following equation to decode an image:

%t = Omachine (¥); (4.4)

¥ = conc(Y1;Yo; i Yn): (4.5)

In (4.4), %; represents the decoded image for machines, Omachine IS the decoder function and ¥ is the
decoder input of the LIC model. In (4.5), yi(i = 1;2;:::;n) is the divided features and conc stands for

the concatenate function of these features.

The decoder of the additional information compression model receives additional information
yaj(j =1;2;:::;m) and the same yj(i = 1;2;:::;n) as the SA-ICM decoder input. By configuring the
parameter m to be less than the parameter n, the quantity of feature channels dedicated to repre-
senting supplementary information diminishes. These features are combined using a feature fusion
network. To reduce the weight of additional information compression models, we implement a fea-
ture fusion network that allows the merge of LIC models with different feature sizes. The feature

fusion function for fusing features y; and ya; with different number of channels is shown below:

8
< . A
- Yetyae (1 k m)
yhe=_ (4.6)
- Yk (m<k n)
yf = conc(ytr;ytasyto): @4.7)

yAfk(k =1;2;:::;n) is the feature input to the lower decoder found in Fig. E23. The remaining variables

and functions align with those previously discussed.

The LIC model for additional information utilizes the feature yAf to decode images targeted for

humans. This procedure is facilitated by the following equation:

X = Ohuman (yAf): (4.8)

In (4.8), X is the decoded image for humans, ghuman is the decoder function, and yf is the decoder
input of the LIC model.
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Fig. 4.4. Model structure of the proposed feature fusion network. The purple and pink squares represent the
features of the image compression model for machines and that of the additional information compression
model, respectively. (Reproduced from our previous work Ref.[H].)

4.4 Experiments

4.4.1 Performance in Image Compression for Humans

We assess the image compression performance of the proposed scalable coding method. Previously,
we evaluated the compression performance for machines under the SA-ICM framework [20]. There-
fore, we proceed to examine the compression performance for humans. The COCO-train dataset is
used to train the model, and the COCO-val dataset is used for testing [30]. The LIC model is the
model proposed by J. Liu et al.[21]. In this experiment, the parameter n is fixed at 5, resulting in the
split of feature y into five distinct components within the image compression model for machines.
Fig.3 illustrates how integrating additional information transforms the decoded image from SA-

ICM into one closely resembling the input image’s texture.

The rate-distortion curve is drawn as shown in Fig.Z8. The light blue solid line illustrates the cor-
relation between the quantity of supplementary information and image quality, while the light blue

dotted line represents the relationship between the amount of additional information plus the image
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