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Abstract 
Modern society is confronted with an unprecedented volume of data generated by diverse 
sensors embedded in smartphones, automobiles, and medical devices. Transforming these 
massive data streams into pracDcal or meaningful informaDon demands substanDal experDse 
and manual effort. This habilitaDon thesis presents the author's research and development 
acDviDes spanning more than two decades, unified by the overarching objecDve of 
automaDng meaningful informaDon extracDon from heterogeneous sensor data. 

The research originates from the moDvaDon to eliminate repeDDve manual feature 
engineering and has evolved across three principal domains. In medical image analysis 
(Chapters 2–3), techniques for automaDc algorithm construcDon based on geneDc 
programming were proposed, covering organ segmentaDon from PET images, lesion 
extracDon from CT images, and unsupervised Alzheimer's disease diagnosis using Self-
Organizing Maps was also developed. Subsequent industrial research addressed clinically 
deployable technologies, including reDnal layer segmentaDon from OCT images, CT-based 
texture analysis for virtual biopsy of Non-Alcoholic SteatohepaDDs, and deep learning-based 
classificaDon of pulmonary nodules. In the automoDve domain (Chapter 4), deep neural 
network-based occupant detecDon using millimeter-wave radar was presented, and an event 
camera-based pedestrian detecDon framework was developed, achieving compeDDve 
performance with substanDally reduced power consumpDon by using the sparsity of Spiking 
Neural Networks. Following these research and development acDviDes, Chapter 5 outlines 
future research direcDons, with parDcular focus on mulDmodal data processing leveraging the 
asynchronous processing characterisDcs of Spiking Neural Networks — another advantage 
from their well-known energy efficiency. 

This thesis presents my R&D trajectory from handcrabed feature design through deep learning 
to neuromorphic compuDng, and delineates my vision toward versaDle, energy-efficient AI 
systems adaptable to diverse sensor modaliDes and real-world environments. 

Keywords: 

medical image analysis, geneDc programming, image segmentaDon, deep learning, event 
camera, millimeter-wave radar, spiking neural network (SNN), neuromorphic compuDng, 
mulD-modal data 
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Résumé (in French) 
La société moderne est confrontée à un volume sans précédent de données générées par 
divers capteurs intégrés aux smartphones, aux véhicules et aux appareils médicaux. La 
transformaDon de ces flux de données massifs en informaDons exploitables ou perDnentes 
exige une experDse considérable et un travail manuel important. Cege thèse d'habilitaDon 
présente les acDvités de recherche et de développement menées par l'auteur depuis plus de 
deux décennies, unifiées par l'objecDf global d'automaDser l'extracDon d'informaDons 
perDnentes à parDr de données de capteurs hétérogènes. 

La recherche trouve son origine dans la volonté d'éliminer l'ingénierie manuelle répéDDve des 
caractérisDques et s'est développée dans trois domaines principaux. En analyse d'images 
médicales (chapitres 2-3), des techniques de construcDon automaDque d'algorithmes basées 
sur la programmaDon généDque ont été proposées, couvrant la segmentaDon d'organes à 
parDr d'images TEP, l'extracDon de lésions à parDr d'images TDM, et un diagnosDc non 
supervisé de la maladie d'Alzheimer uDlisant des cartes auto-organisées a également été 
développé. Les recherches industrielles qui ont suivi ont porté sur des technologies 
cliniquement déployables, notamment la segmentaDon des couches réDniennes à parDr 
d'images OCT, l'analyse de texture basée sur la tomodensitométrie pour la biopsie virtuelle de 
la stéatohépaDte non alcoolique, et la classificaDon des nodules pulmonaires basée sur 
l'apprenDssage profond. Dans le domaine automobile (chapitre 4), une détecDon des 
occupants basée sur des réseaux neuronaux profonds et uDlisant un radar à ondes 
millimétriques a été présentée, et un cadre de détecDon des piétons basé sur une caméra 
événemenDelle a été développé, ageignant des performances compéDDves avec une 
consommaDon d'énergie considérablement réduite grâce à la parcimonie des réseaux 
neuronaux à impulsions. À la suite de ces acDvités de recherche et développement, le chapitre 
5 présente les orientaDons futures de la recherche, en megant parDculièrement l'accent sur 
le traitement des données mulDmodales Drant parD des caractérisDques de traitement 
asynchrone des réseaux neuronaux à impulsions — un autre avantage découlant de leur 
efficacité énergéDque bien connue. 

Cege thèse présente mon parcours en R&D, de la concepDon arDsanale de caractérisDques 
au calcul neuromorphique en passant par l'apprenDssage profond, et expose ma vision de 
systèmes d'IA polyvalents et économes en énergie, adaptables à diverses modalités de 
capteurs et à des environnements réels. 

 

Mots-clés 

analyse d'images médicales, programmaDon généDque, segmentaDon d'images, 
apprenDssage profond, caméra événemenDelle, radar à ondes millimétriques, réseau 
neuronal à impulsions (SNN), calcul neuromorphique, données mulDmodales 
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Chapter 1  
Introduc@on 

1.1. Mo%va%on 
Modern society is inundated with an unprecedented volume of imaging technologies (visual 
data) and sensor data. From smartphones and vehicles to medical environments, a wide 
variety of sensors are conDnuously operaDng, generaDng large-scale, high-resoluDon data 
streams. While such data have greatly enriched our daily lives and served as a foundaDon for 
safety, transforming these massive raw data into meaningful informaDon for human decision-
making requires significant Dme and effort. 

For instance, in the automoDve domain, data obtained from mulDple onboard sensors must 
be processed rapidly and accurately to detect obstacles or hazards, and to trigger acDons such 
as braking. In the medical domain, a single paDent may generate thousands of medical images, 
all of which must be examined comprehensively before a final diagnosDc decision can be 
made—requiring substanDal experDse and effort. 

To alleviate such processing burdens, AI technologies have advanced rapidly. However, prior 
to the rise of deep learning, Feature Engineering played a central role. In this paradigm, the 
problem at hand had to be carefully analyzed, effecDve features idenDfied, and extracDon 
algorithms implemented—tasks that were enDrely manual. In medical image diagnosis, for 
example, feature engineering was performed separately for each image modality, disease type, 
and someDmes even for individual paDents. Subsequently, the choice of classifier—whether 
a neural network, support vector machine, or k-means clustering—depended on the specific 
situaDon. As a result, researchers and medical professionals were burdened with extensive 
pre-processing work. 

MoDvated to put an end to this repeDDve feature engineering process, the author focused on 
automaDc construcDon of image processing algorithms as the central theme of research. From 
2003 as a Master’s student, and from 2005 as a PhD student at Yokohama NaDonal University 
in Japan, research was conducted primarily in the medical field, with a focus on developing 
algorithms for automated medical image analysis to support radiologists in diagnosDc tasks 
(see Chapter 2). 

Aber joining Canon Inc. in 2008, then MEDIAN Technologies in 2016, the author worked on AI 
technologies for medical and pharmaceuDcal processes, aiming to achieve both high accuracy 
and robustness while improving workflow efficiency—key performance indicators for product-
level deployment. Aber that, engaging in the applicaDon of deep learning to medical pracDce, 
collaboraDng with numerous hospitals to secure large-scale training datasets and bridging the 
gap toward pracDcal implementaDon (see Chapter 3). 
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In 2018, the author moved to MRA EUROPE, shibing the research focus to the automoDve 
industry. This work includes the processing of on-vehicle sensor data and the development of 
sensing AI for producDon sites. AddiDon to that, it provides opportuniDes to work with a 
variety of sensor modaliDes, including next-generaDon devices such as event cameras (see 
Chapter 4). 

Based on these experiences, the author intends to conDnue advancing research and 
development of versaDle AI systems capable of adapDng to diverse sensor data and 
applicaDons. In parDcular, future work will explore mulDmodal signal processing leveraging 
the asynchrony of Spiking Neural Networks (SNNs) and applying these technologies to high-
precision roboDc control in the automoDve industry. This habilitaDon thesis will present an 
integrated discussion of the evoluDon of these foundaDonal technologies, their real-world 
implementaDons, and the prospecDve research direcDons. 

 

1.2. Main contribu%ons and overview 
The specific research acDviDes and contribuDons are described in detail in the subsequent 
chapters. 

Chapter 2 presents a research and development effort aimed at addressing challenges in 
medical imaging diagnosis, parDcularly through the use of a technique that employs geneDc 
programming—one of the evoluDonary computaDon methods—to assemble image-
processing filters in a tree structure, much like building blocks. 

In SecDon 2.2, this approach is applied to the automaDc construcDon of complex three-
dimensional image-processing algorithms. The conducted experiment focused on organ 
segmentaDon from PET (Positron Emission Tomography) images with ambiguous boundaries 
that is a task for which manual algorithm design is parDcularly difficult. The study evaluated 
how AI could generate viable soluDons for such challenging problems. 

SecDon 2.3 introduces an idea to improve the image-processing filters themselves. 
TradiDonally, the approach relied on pre-implemented image transformaDon algorithms with 
parameters fixed in advance. In contrast, the author’s proposal incorporates a mechanism to 
adapt the transformaDon algorithm according to the characterisDcs of the input image. This 
not only improved accuracy but also enhanced robustness against tesDng images (which is not 
used as training data), thanks to processing that beger captured image-specific features. The 
performances of this method are shown by applying to the PET and CT images in this secDon.  

Furthermore, SecDon 2.4 presents a diagnosDc support method based on unsupervised 
learning using a Self-Organizing Map (SOM). While the evoluDonary computaDon-based 
approach required training data containing explicit ground-truth labels, many scenarios in 
medical diagnosis involve detecDng subtle abnormaliDes that deviate from normal pagerns, 
without a clearly defined correct example. To address this, the author developed a method 
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for unsupervised clustering of local image features and applied it to Alzheimer’s disease 
diagnosis using brain PET images. 

Then, Chapter 3 shows my achievements conducted in R&D department of private companies 
(CANON Inc. and MEDIAN Technologies). In these companies, I conDnued to work in medical 
domain, however, I focused on rather developing pracDcal technologies than the technologies 
explained in Chapter 2.  

SecDon 3.2 presents reDnal payer segmentaDon technologies on OCT (OpDcal Coherence 
Tomography) data. As OCT is very noisy, I employed local image features to emphasize the 
borders of reDnal payers, and determined the borders by using profile pagerns. 

Then, SecDon 3.3 and 3.4 introduce organs and lesions segmentaDon technologies. By using 
Graph cut and level set methods, we succeeded precise contour determinaDon. 

In SecDon 3.5, texture analysis on CT for virtual biopsy is explained. We gather a lot of data 
which includes liver disease named Non-Alcoholic SteatohepaDDs (NASH) and evaluated if our 
methodology is useful. 

Aber R&Ds wrigen in secDon 3.5, the epoch of deep learning began. Therefore, I started to 
use it for benign/malignant classificaDon of lung nodule, which is shown in SecDon 3.6.  

From Chapter 4, I moved my field to automoDve domain, and conDnue research acDviDes. 
Through the work wrigen in SecDon 3.6, I really understood the potenDal of deep neural 
network and also its difficulDes such as preparaDon of huge training data. In this sense, 
automoDve domain is easier to obtain large amount of data than medical field, therefore, we 
can have more chances to access cuyng edge technologies, that is one of the reason why I 
change the domain. 

In the secDons in this chapter, I always use deep learning technology. For instance, secDon 4.2 
introduce radar (milli-wave) signal processing for passenger detecDon in vehicle by using deep 
neural network handling complex number.  

Then, our team started the project to develop “super low energy consumpDon system” due 
to the waves of edge compuDng, electric vehicle, etc. Therefore, we tested event sensor 
(dynamic vision sensor) who captures only intensity changes and whose energy consumpDon 
is lower than general imager such as RGB camera. As the data format of event sensor is 
completely different, we faced many issues. However, we achieved finally compeDDve 
performance in pedestrian detecDon, explained in SecDon 4.3. 

Aber feasibility study of event sensor, we moved to another energy efficient technologies, to 
be more specific, Spiking Neural Network (SNN). Aside from sensor part, we tried to reduce 
energy consumpDon also in algorithm part. As a first trial, in secDon 4.4, we tested ANN2SNN 
which converts trained convenDonal neural network to SNN. In this study, I observed energy 
reducDon and performance shib (decrease) by conversion. 
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Through above acDviDes, we set a direcDon that we are going to target SNN technology to 
make our core competence. Therefore, we are now focusing to develop cuyng edge algorithm 
integrated into SNN. Chapter 5 introduces our recent achievements in this domain and show 
briefly our future direcDon.   

Finally, an extended curriculum vitae is provided in Chapter6. 
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Chapter 2 
Evolu@onary Image Processing for medical images 

2.1. Approaches for construc3ng medical image processing 
algorithm 

2.1.1. Background 
In recent years, new technologies such as electronic medical records and teleconferencing 
systems have been introduced into clinical seyngs, and the role of informaDon processing 
technology in medicine has become increasingly important. Among these, the development 
of image diagnosis technology has been remarkable, with imaging devices such as CT and MRI 
becoming increasingly high-resoluDon and high-speed. For example, with mulD-slice CT, it is 
now possible to acquire more than a thousand images from a single paDent in a mager of 
seconds. AddiDonally, technologies such as Positron Emission Tomography (PET) and fMRI, 
which visualise bodily funcDons, have been developed, enabling more detailed diagnosDc 
imaging by leveraging the unique characterisDcs of each image. Currently, PET images 
acquired simultaneously with CT are used to diagnose from both morphological and 
funcDonal perspecDves, and comprehensive diagnoses are made by combining mulDple types 
of images. However, the increasing volume of informaDon resulDng from handling large 
numbers of images of various types, as well as the need to adapt to newly developed 
diagnosDc technologies, has undeniably increased the burden on physicians. There is a 
growing demand for diagnosDc support systems (Computer-Aided Diagnosis; CAD) that can 
effecDvely uDlise large amounts of informaDon with reducing the burden. 

When considering diagnosDc support systems, image processing technology is indispensable, 
and as medical imaging devices conDnue to advance, the demand for image processing and 
recogniDon technology is growing stronger. To date, many medical image processing 
algorithms have been proposed, and their effecDveness has been demonstrated in various 
images and cases. However, many of these image processing algorithms are limited to specific 
types of images or cases, and when the target changes, adjustments to the processing 
procedures or parameters are necessary. This adjustment requires knowledge and experience 
in image processing, as well as specialised knowledge in the field of the target images, 
meaning that experts must trial and error each Dme depending on the images or cases being 
handled.  

To address this issue, research on diagnosDc support systems using image processing expert 
systems and probabilisDc atlases of the human body has been acDvely conducted. These 
studies create databases of previously established processing procedures, parameters, and 
images, and use them as references to construct image processing algorithms and create 
human body maps. By employing these methods, image processing can be constructed 
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without requiring specialised knowledge when dealing with problems similar to those 
encountered in the past. However, these methods are difficult to apply to images or special 
cases that have not been handled in the past, as they require a historical database and 
probabilisDc atlas that have not been constructed. 

The laboratory that I was belonging to is conducDng research on the automaDc construcDon 
of image processing and recogniDon algorithms. One of these is a tree-structured image 
transformaDon automaDc generaDon system called ACTIT (AutomaDc ConstrucDon of Tree-
Structural Image TransformaDon), which combines image processing filters in a tree-like 
structure. This system has been applied to various problems and has demonstrated its 
effecDveness. ACTIT requires only image-based training data and does not necessitate prior 
knowledge of image processing or databases. It constructs tree-structured image processing 
filters by combining pre-defined filters using geneDc programming (GP). This approach 
eliminates the developer's burden, which was heavily dependent on knowledge and 
experience in tradiDonal image processing methods, as well as the limitaDons of knowledge-
based processing procedures based on expert systems and the user's workload caused by 
system interacDon. AddiDonally, other evoluDonary image processing methods have been 
proposed, enabling image recogniDon and classificaDon without limiDng the types of images 
handled. These methods have been applied to various problems and demonstrated their 
effecDveness. However, when considering their applicaDon to medical image processing, it is 
believed that installing the unique characterisDcs of medical images into this philosophy can 
lead to the development of more advanced image processing and recogniDon algorithms. 

2.1.2. Objec%ve 
In this secDon, I focus on evoluDonary image processing for medical image processing. Medical 
image processing requires high-dimensional complex algorithms and image analysis and 
conversion that consider the pixel value characterisDcs of each Dssue. Therefore, we propose 
(1) automaDc construcDon of high-dimensional image processing by combining image 
processing filters, (2) automaDc generaDon of image processing filters considering local 
features, and (3) evoluDonary medical image processing using local features for Dssue 
classificaDon. 

(1) Automa*c construc*on of high-dimensional image processing 
Recent advances in imaging devices have increased the use of 3D voxel and video data in 
medical imaging. While this high-dimensional image data enables more detailed diagnosis, 
it also increases the number of images to be handled, placing a heavy burden on doctors. 
To achieve detailed diagnoses while reducing the burden on physicians, research on high-
dimensional image processing is acDvely underway. However, as the dimension increases, 
the number of informaDon and parameters to consider in the image space grows, leading 
to more complex algorithms. Therefore, we propose 3D-ACTIT, which applies the image 
processing automaDc construcDon method of ACTIT to 3D image processing. In 3D-ACTIT, 
we have modified ACTIT to enable the merging of mulDple cross-secDonal images and 
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their handling as voxel data, and by fully 3D-ising all filters, we have made it possible to 
automaDcally construct 3D image processing. We will agempt to automaDcally construct 
segmentaDon processing for each organ in 3D-PET and processing to extract abnormal 
signal regions from diffusion weighted images using this 3D-ACTIT. For example, PET 
images do not exhibit consistent grayscale values even within the same organ or Dssue, 
and their boundaries are oben ambiguous, making them challenging for convenDonal 
image processing algorithms. We will verify whether 3D-ACTIT can automaDcally construct 
complex image processing by simply providing training data. 

(2) Automa*c genera*on of image processing filters considering image features 
When making a diagnosis, doctors judge not only the signal intensity in an image but also 
the signal pagerns and texture to determine what kind of Dssue a certain area is and 
whether it is normal or abnormal. When handling medical images, it is extremely 
important to determine which Dssue a certain point or area belongs to. In medical image 
processing as well, it is desirable to convert images while being conscious of which Dssue 
each area belongs to. Therefore, we propose a method that considers the characterisDcs 
of each organ and Dssue in medical images by calculaDng local texture features from the 
images, capturing the characterisDcs of each region, and performing image conversion 
according to those characterisDcs. In this method, we first generate feature images that 
represent the extent to which each feature is present in which part of the image. Based 
on these feature images, we automaDcally generate image processing filters that apply 
transformaDons such as strengthening or weakening the parts where features are strongly 
present. We introduce this method into filter combinaDon methods such as ACTIT and aim 
to construct a highly advanced and versaDle algorithm by combining the proposed filters. 

(3) Tissue classifica*on using local features 
Medical image diagnosis requires not only detecDng abnormal areas such as malignant 
tumours but also analysing each Dssue to determine funcDonal decline by comparing with 
normal pagerns in healthy individuals and idenDfying abnormal areas relaDve to other 
Dssues based on each paDent's overall characterisDcs. Physicians currently perform Dssue 
analysis based on their mental databases, which are prone to subjecDvity and heavily 
dependent on experience. There is a need for a method that objecDvely analyses each 
Dssue by capturing image characterisDcs. To realise this objecDve image analysis method, 
we propose a Dssue classificaDon method using local features. This method clusters pixels 
based on calculated local texture features and classifies them into homogeneous Dssues 
or normal/abnormal Dssues. In the lager secDon, we adopt self-organising maps as the 
clustering method and map the calculated the calculated mulDdimensional local texture 
features onto a two-dimensional map to determine whether they belong to the same 
Dssue type. To demonstrate the effecDveness of this method, we applied it to brain PET 
images of Alzheimer's disease paDents, classified each Dssue type, and agempted to 
idenDfy regions with impaired brain funcDon. 
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In the lager secDons present above proposed methods, experimental results, and confirms 
their effecDveness. 

Structure of this sec*on 
This chapter is structured as follows. First, secDon 1.2 introduces previous studies on medical 
image processing. Next, secDon 1.3 explains the 3D-ACTIT system, which is a 3D version of 
ACTIT, and describes studies applying 3DACTIT to medical images. secDon 1.4 explains a 
method for automaDcally generaDng image processing filters considering features, and 
presents experimental results of applying the implemented filter combinaDon method to 
medical images. secDon 1.5 describes a Dssue classificaDon method using local features, and 
presents results of analysing brain PET images obtained from Alzheimer's paDents and 
abdominal CT images using this method. 

2.1.3. Prior arts in medical image processing 
Image processing technology is used in various fields and is widely present in our daily lives. 
To date, numerous image processing algorithms have been proposed, and their effecDveness 
has been demonstrated [1][2]. However, with the recent advancements in imaging devices 
and network technologies enabling high-speed data communicaDon, the opportuniDes to 
handle image data have increased, leading to higher demands on image processing technology. 
In parDcular, in the medical field, the high resoluDon and high speed of imaging devices such 
as CT and MRI used for diagnosis have enabled the acquisiDon of large amounts of data from 
paDents, making it possible to perform more detailed image diagnosis. However, the 
increasing amount of data is placing a heavy burden on doctors who use it for diagnosis. In 
addiDon, the types of images used for diagnosis, such as PET, diffusion-weighted images, and 
fMRI, are increasing, and the demand for medical image processing technology is growing 
year by year. To address these challenges, research on diagnosDc support systems and expert 
systems that uDlise image processing to reduce number of tasks on physicians, extract more 
informaDon from images, and enable more detailed diagnoses is acDvely underway [3][4]. By 
employing image processing technology, it is possible to evaluate the progression of 
symptoms and other factors in a quanDtaDve and objecDve manner, free from subjecDve 
interpretaDon. This secDon introduces previous research on medical image processing. 

Tradi*onal image processing approaches 
In diagnosDc support systems, image transformaDon techniques are used to highlight 
abnormal areas for physicians or to detect abnormaliDes that are too small to be detected by 
the human eye. Research on image transformaDon for organ segmentaDon and enhancement 
of abnormal signals has been acDvely conducted, and its effecDveness has been demonstrated 
[5][6][7]. Kobata et al. proposed a vector concentraDon filter that uses brightness gradients to 
emphasise shadows with very weak contrast, and demonstrated its effecDveness through 
applicaDon to various medical images. This vector concentraDon filter prepares gradient 
pagerns such as points, lines, and surfaces, enabling the emphasis of shadows with shapes 
matching each pagern. AddiDonally, Shimizu et al. considered direcDonal differences to 
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emphasise block-like shadows in chest X-ray images and demonstrated its effecDveness. In 
medical images, abnormal signals oben have very weak contrast or share the same 
characterisDcs as normal signals, leading to their being obscured by other signals in simple 
thresholding processes. However, image transformaDon can be used to extract buried 
informaDon.  

Approaches using knowledge database 
Physicians diagnose by comparing images with mental maps of the human body and normal 
pagerns. By realising probabilisDc atlases of the human body and databases of normal 
pagerns on a computer, it is possible to use them as clues for organ extracDon from human 
images or to idenDfy abnormal areas by matching them with normal pagerns[8]. In the study 
by Shimizu et al., an atlas was constructed, and mulDple organs were segmented from 
abdominal 3D CT images containing various mixed Dssues. In addiDon to databases of image 
informaDon, research is also being conducted to construct knowledge and history databases 
of image processing procedures. Many image processing algorithms depend on the processing 
target, and when the target changes, the image processing procedures and parameters must 
be adjusted accordingly. In order to obtain the desired image processing, it is necessary to 
construct algorithms through trial and error based on the knowledge and experience of 
experts. To address this issue, methods for construcDng general-purpose image processing 
algorithms capable of handling various images and requirements have been proposed 
[9][10][11]. These studies determine processing procedures by uDlising a knowledge database 
of past history and image processing based on the characterisDcs of the target images. The 
knowledge database contains accumulated processing histories and algorithms whose 
effecDveness has been confirmed, allowing the construcDon of reliable image processing 
algorithms by referencing them. These methods are effecDve when knowledge about 
previously solved problems, similar image processing tasks, or the target images is established, 
and they have resolved various issues to date. 

2.1.4. “Evolu%onary image processing” approach 
Our research group has proposed evoluDonary image processing, which formulates image 
processing as an opDmisaDon problem and automaDcally constructs image processing, 
recogniDon, and analysis algorithms. In this secDon, we describe ACTIT and GIN, 
representaDve examples of evoluDonary image processing, and discuss whether evoluDonary 
image processing is effecDve in the field of medical image processing. 

ACTIT 
The AutomaDc ConstrucDon of Tree-structural Image TransformaDon (ACTIT) is a system that 
applies geneDc programming (GeneDc Programming; GP)[13][14], which was developed 
based on geneDc algorithms (GeneDc Algorithm; GA)[12], an evoluDonary computaDon 
method, to image processing. [15][16]. The user prepares a target image by manually creaDng 
the original image to be processed and the ideal output image using a painDng tool, and if 
necessary, a training image set consisDng of a weight image that represents the importance 
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of each pixel in the image using the magnitude of the grayscale values. When this training 
image set is input into ACTIT, the pre-prepared 1-input 1-output and 2-input 1-output image 
processing filters are combined into a tree-like structure using GP. As shown in Figure 2.1, the 
original image is input from all leaf nodes, and each undergoes image transformaDon. These 
are then sequenDally combined using the 2-input filter to obtain a single output image. By 
comparing this output image with the target image, the tree is evaluated, and by repeaDng 
the GP-based generaDon process, an effecDve tree-structured filter is obtained. 

To date, the ACTIT system has automaDcally constructed image processing tasks such as 
removing handwrigen characters from images and extracDng facial regions from colour 
images, demonstraDng its effecDveness. Furthermore, the ACTIT system has been applied to 
medical image processing, achieving tasks such as cell wall extracDon from microscope images 
and lung region extracDon from X-ray images. Figure 1 shows the processing flow of ACTIT. 
IniDally, randomly generated tree-structured filters are subjected to repeated generaDons of 
selecDon, crossover, and eliminaDon via GP to bring their outputs closer to the target image. 
The process ends when the fitness reaches the maximum value of 1.0 or the number of 
generaDons reaches the seyng (predefined) value, and the tree-structured image 
transformaDon with the maximum fitness is output. If the generated tree-structured image 
transformaDon uDlises the common features of the target image group to perform the desired 
processing accurately, the same processing should be possible for images not included in the 
training image set, i.e., tesDng images. 

Fitness funcDon 
The evaluaDon funcDon for fitness evaluaDon in ACTIT is shown below. 
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Here, n represents the nth image set, the target image is 𝑡%&"  , the output image generated by 
the tree-structured image processing filter is 𝑜%&"  , and the weight image represenDng the 
importance in the image is 𝑤%&"  . Furthermore, in the i and j direcDons, the number of pixels 
be W and H. Here, to normalise the fitness value between 0.0 and 1.0, we divide it by 𝑉)*+, 
which is the maximum grayscale value in the image file format being processed. As can be 
seen from the equaDon, as the output image becomes more similar to the target image, the 
fitness value increases, and when they are completely idenDcal, the fitness value becomes 1.0. 
When using a weight image, each pixel is weighted and the weight is reflected in the fitness 
value. 
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Figure 1  Processing flow of ACTIT 

 

Image processing filters prepared in ACTIT system 

The image processing filters provided in ACTIT are shown in Table 1. ConvenDonal ACTIT 
achieves complex processing by combining simple processes such as filters that apply uniform 
pixel value conversion to images using a threshold value, neighbourhood processing filters, 
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and differenDal filters. Threshold values for processes such as binarizaDon are determined 
based on the average pixel value of the enDre image or by using a discriminaDon analysis 
method. The white-black edge enhancement filter is a filter that emphasises black edge areas 
extracted by the Laplacian filter in white and white edge areas in black. 

Table 1  Image processing filters installed in ACTIT 

 

 

GIN 
ACTIT constructs complex image processing algorithms by assembling image processing filters 
into a tree structure. However, in addiDon to ACTIT, GeneDc Image Network (GIN) has been 
proposed, which assembles image processing filters into a network structure with higher 
expressive power than a tree structure [17]. GIN handles network structures, therefore, it 
structurally includes tree structures and enables the expression of feedback and mulDple 
outputs. In GIN, similar to ACTIT, a training image set consisDng of original images and target 
images is prepared, and the network structure composed of image processing filters is evolved 
to bring the output closer to the target image. To achieve a structure with mulDple outputs, 
the training image set includes the target image output mulDple Dmes, and the network 
structure is designed to have the same number of output nodes. The input original images are 
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processed for a predetermined number of steps and then output. AddiDonally, by modifying 
the network structure of GIN to a feedforward type, the Feed Forward GeneDc Image Network 
(FFGIN) was proposed, enabling output without specifying the number of steps and allowing 
adjustment of parameters for each node. Its effecDveness has been demonstrated [18]. Figure 
2.2 shows an example of the FFGIN structure. In the genotype, three elements are assigned 
to each node. The first represents the filter type (filter ID), and the remaining two represent 
the input nodes. If parameters are to be varied for each node, addiDonal elements 
corresponding to the number of parameters are added. By represenDng the genotype in this 
manner, evoluDon via GA becomes possible. Furthermore, the approach of inpuyng a set of 
training images and adjusDng filter combinaDons to approximate the target image is idenDcal 
to ACTIT, enabling the sharing of fitness funcDons and predefined image processing filters. 
Using GIN, it is possible to represent the same problem using a compact network-structured 
algorithm rather than ACTIT's tree-structured algorithm. AddiDonally, as shown in Figure 2, it 
enables a single network-structured algorithm to simultaneously produce mulDple outputs.  
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Figure 2  Structure of FFGIN 

 

2.1.5. How to apply evolu%onary image processing to medical image 
data 

ConvenDonal image processing algorithms are oben specialised for specific images or 
problems, meaning that when the target changes, the processing steps or parameters must 
be adjusted. On the other hand, evoluDonary image processing methods such as ACTIT and 
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GIN automaDcally construct algorithms by simply providing training data. Therefore, in 
medical image processing, which requires the extracDon of various organs and Dssues, and 
handles a wide variety of images and cases, evoluDonary image processing methods are 
effecDve compared to tradiDonal image processing methods, which require trial and error for 
each problem. 

However, based on previous experiments, while evoluDonary image processing can construct 
image processing algorithms for all types of images by simply providing training images, it is 
considered that by improving convenDonal evoluDonary image processing, more advanced 
and robust image processing algorithms can be constructed in fields requiring specialised 
knowledge, such as medical image processing. Therefore, based on previous experiments and 
discussions with physicians, we propose an evoluDonary “medical” image processing method 
that considers the following points: 

A. 3D image processing 
B. Feature-aware image transformaDon 
C. Feature-based image analysis 

Recent advancements in imaging devices have made it possible to acquire 3D image data 
composed of mulDple cross-secDonal images and high-resoluDon, high-frame-rate video data, 
leading to increased opportuniDes to handle high-dimensional image data. Handling high-
dimensional image data has enabled the discovery of cases that were previously undetectable 
and more detailed diagnoses. On the other hand, the amount of data used for diagnosis is 
directly proporDonal to the burden on physicians. Therefore, there is an increasing demand 
for both high-precision diagnosis and reducDon of the burden on physicians. However, as the 
dimensionality of data increases, the number of informaDon and parameters to be considered 
in the image space also increases, leading to more complex algorithms. Therefore, we propose 
3D-ACTIT, a 3D version of ACTIT, by applying the concept of evoluDonary image processing to 
achieve the automaDc construcDon of 3D image processing. The descripDon and experimental 
results of 3D-ACTIT are presented in next secDon. 

Furthermore, several issues were idenDfied from experiments with ACTIT and GIN. In 
automaDc image processing experiments, while the output images from the training image 
set largely matched the expected results, applying the constructed algorithm to tesDng images 
oben yielded results that did not match expectaDons due to minor differences in features. 
This was parDcularly evident in medical image processing, where minor differences in pixel 
values caused by individual variaDons frequently led to extracDon errors. One of the reasons 
for these results is the image processing filter set provided by the system. The image 
processing filters provided by ACTIT and GIN are mostly simple algorithms that only consider 
threshold values calculated from the enDre image and neighbouring pixel values, leading to 
the construcDon of algorithms that simply match the final output image to the target image. 
AddiDonally, when incorporaDng prior knowledge specific to the medical field that cannot be 
expressed using simple threshold determinaDon methods, it is necessary to prepare image 
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processing filters on a case-by-case basis. To address this issue, we propose an image 
processing filter automaDc generaDon method that automaDcally captures features within 
images and performs image transformaDons accordingly. This method automaDcally 
generates image processing filters from local features in images, eliminaDng the need to add 
filters specific to the target. Furthermore, by considering not only the intensity of pixel values 
but also texture features, it can capture the characterisDcs of each Dssue in medical images, 
and is effecDve for tesDng images. An explanaDon of the image processing filter automaDc 
generaDon method is provided in secDon 1.4. 

In addiDon, there are problems that are difficult to address with supervised learning methods 
such as ACTI T and GIN. ACTIT and GIN are good at extracDng regions with certain features by 
combining image processing filters, but when regions with features different from normal 
pagerns appear in images due to, for example, funcDonal decline in each organ or a specific 
case, it is difficult to extract them because explicit training data cannot be provided. A method 
that can objecDvely classify organs, Dssues, normal Dssues, and abnormal Dssues from image 
features without providing training data is desired. Therefore, we propose a method for Dssue 
classificaDon by calculaDng local features of images and inpuyng them into a self-organising 
map using unsupervised learning. A self-organising map updates the map from the input data 
and maps mulDdimensional data to a two-dimensional map where data with similar features 
are grouped together. This method enables Dssue classificaDon even for images without 
explicit training data by analysing local features of the images. This Dssue classificaDon 
method is described in secDon 1.5. We propose evoluDonary image processing that is 
applicable to medical images and aims to construct more advanced medical image processing 
algorithms, and demonstrate its effecDveness. 
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2.2. 3D-ACTIT 

2.2.1. Overview 
Recent advancements in medical imaging devices have made it possible to acquire high-
dimensional image data such as 3D voxel data and dynamic images. For example, in image 
diagnosis using mulD-slice CT, physicians reconstruct the acquired mulDple cross-secDonal 
images into 3D data in their minds and idenDfy organs and determine normal or abnormal 
condiDons by examining their spaDal relaDonships. Currently, 3D viewers and diagnosDc 
support systems that enable the reconstrucDon of 3D image data composed of mulDple cross-
secDonal images and diagnosis from various angles have been developed. However, the high-
resoluDon and high-dimensional nature of the image data being handled conDnues to advance, 
and new imaging technologies are being developed one aber another, leading to increasing 
demands on image processing technology. To address these demands, research on 3D image 
processing is acDvely underway, and its effecDveness has been demonstrated [19][20]. 
However, in the field of medical image processing, where a wide variety of image types and 
cases exist, methods that require adjusDng processing procedures and parameters each Dme 
the target changes are difficult to apply universally. Furthermore, 3D image processing 
algorithms cannot simply be adapted from exisDng 2D image processing algorithms, as 
increasing the number of dimensions requires consideraDon of addiDonal informaDon and 
parameters, generally leading to greater complexity. To address this issue, research is being 
conducted on expert systems that can automaDcally adjust processing procedures and 
parameters by leveraging knowledge and history databases related to 3D image processing 
[21][22]. These studies enable the automaDc determinaDon of processing procedures and 
parameters from a knowledge database by simply specifying the shape of the target object, 
and have been applied to CT images, demonstraDng their effecDveness. However, when a 
knowledge database for the target images or cases is not established, it is difficult to apply 
this method to them.  

EvoluDonary image processing is a concrete implementaDon of the concept of "formulaDng 
image processing as an opDmisaDon problem and solving it using evoluDonary computaDon 
methods," and it is not limited to specific applicaDons [23]. In this secDon, we propose 3D-
ACTIT, an evoluDonary image processing method that can automaDcally construct image 
processing without limiDng the target, and apply it to medical image processing to achieve the 
automaDc construcDon of complex 3D image processing. The 3D extension of ACTIT is 
achieved by storing the original image, which consists of mulDple cross-secDonal images, as 
3D voxel data, preparing all filters as 3D image processing filters, and evolving a populaDon of 
individuals consisDng of randomly combined filters in a tree structure using a geneDc 
programme (GP), thereby enabling the automaDc acquisiDon of the required 3D image 
processing. Through this secDon, we propose 3D-ACTIT and demonstrate its effecDveness 
through experiments on 3D medical images such as PET and diffusion-weighted images. 
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2.2.2. Input of three-dimensional training image set 
3D-ACTIT reads mulDple cross-secDonal images as a dataset and stores them as voxel data, as 
shown in Figure 3. By handling the data as voxel data, the depth direcDon can be considered, 
enabling edge detecDon that was not possible with 2D image processing during differenDal 
processing. AddiDonally, when handling human data consisDng of mulDple cross-secDonal 
images such as CT or MRI, the threshold values used in image processing filters were 
previously calculated separately for each cross-secDonal image in the 2D-ACTIT, resulDng in 
significant dependence on the selected training image set. However, by treaDng the target 
region as a single 3D voxel data set, the threshold value can be calculated based on the enDre 
target region. 

For training data, we adopted a method where a single cross-secDonal image and its 
corresponding target image, along with weight images (reference images where the 
importance in the target image is represented by grayscale values) if necessary, are prepared, 
and these are used as a training image set corresponding to the number of cross-secDonal 
images. Here, mulDple training image sets can also be used. 

 

Figure 3  ConstrucBon of 3D voxel data from mulB-slice images 

2.2.3. Fitness func%on 
The evaluaDon funcDon for fitness evaluaDon, in 3D-ACTIT is shown below. 
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As in the convenDonal ACTIT, n represents the nth image set, and the target image is 𝑡%&-" , tree-
structured image processing. The output image generated by the filter is denoted as 𝑜%&-" , and 
the weighted image represenDng the importance within the image is denoted as 𝑤%&-" . To 
handle 3D space, the number of pixels in the i, j, and k direcDons are denoted as W, H, and D, 
respecDvely, and the fitness is calculated. In 3D-ACTIT, the fitness also takes values from 0.0 
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to 1.0. As the image becomes more similar to the target image, the fitness increases, and 
when it perfectly matches the target image, the fitness becomes 1.0. 

2.2.4. Three dimensional of image processing filters 
In this secDon, experiments were conducted using basic 3-dimensional image processing 
filters as the basic filter set, as shown in Table 2. In the image processing filters in the table, 
the neighbourhood range is 26 neighbours, and the threshold is calculated using the average 
grey value of the enDre image or discriminant analysis. In 3-dimensional image processing, in 
addiDon to 26 neighbours, 6 and 18 neighbours are also representaDve examples. For 
thresholding filters, methods that vary the threshold value depending on the image posiDon 
are also considered, however for now, we use a simple algorithm with a neighbourhood range 
of 26 neighbours and a threshold value calculated using the average grey value and 
discriminant analysis to evaluate the basic performance of the system. 

 

Table 2  Image processing filters installed in 3D-ACTIT 
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2.2.5. Three dimensional medical images used in experiments 
We applied the proposed 3D-ACTIT to 3-dimensional medical image data and agempted to 
automaDcally construct 3-dimensional image processing. In this secDon's experiments, we 
used PET images, which are gaining agenDon for their effecDveness in cancer detecDon and 
Alzheimer's disease diagnosis, and diffusion-weighted images, which are effecDve for 
diagnosDc imaging of condiDons such as cerebral infarcDon and cellular toxicity oedema. Both 
types of images do not directly represent the actual substances themselves but rather 
visualise metabolic processes or molecular movements in the human body, resulDng in 
challenges such as ambiguous boundaries and the presence of artefacts in image processing. 

Currently, new devices such as PET/CT, which can simultaneously acquire PET and CT images, 
have been developed and their effecDveness has been demonstrated [24][25]. PET/CT allows 
both PET and CT cross-secDonal images to be acquired at the same locaDon, enabling 
diagnosis using PET images with confirming the posiDon using CT images. However, due to 
differences in spaDal resoluDon and acquisiDon Dme, it is difficult to perfectly align PET and 
CT images. AddiDonally, in diffusion-weighted images, since they are acquired using MRI 
imaging equipment, MRI and diffusion-weighted images can be obtained at the same locaDon. 
However, similar to PET, errors exist due to differences in spaDal resoluDon and imaging Dme, 
and physicians must mentally align the images to make diagnoses. Therefore, studies 
evaluaDng absorpDon correcDon and scagering correcDon using respiratory synchronisaDon 
during imaging have been conducted, and their effecDveness has been demonstrated [26][27]. 
However, few studies have focused on processing PET or diffusion-weighted images 
themselves post-imaging, with most examples uDlising funcDonal informaDon from PET or 
diffusion-weighted images based on morphological informaDon from CT or MRI. 

In this study, due to the increasing number of images read by physicians and concerns about 
radiaDon exposure, we developed an image processing method that uses only PET images or 
diffusion-weighted images, without relying on CT or MRI informaDon. By focusing on PET 
images or diffusion-weighted images, we aim to reduce the burden on physicians and paDents. 
AddiDonally, this approach allows for more accurate registraDon with CT or MRI images and 
enables the extracDon of more informaDon from funcDonal images when assessing organ 
funcDon, potenDally leading to more detailed diagnoses. For the above reasons, we created a 
set of training images from PET images and diffusion-weighted images and input them into 
3D-ACTIT. Specifically, we automaDcally constructed processes to extract organ regions from 
PET images and to extract lesion areas from diffusion-weighted images. First, PET images are 
explained in next subsecDon, then, diffusion-weighted images in the subsecDon aber that. 
Aber the explanaDon of these images, experimental results using PET images and diffusion-
weighted images are presented. 

PET image 
PET stands for Positron Emission Tomography. It involves administering a radioacDve drug 
labelled with a radioacDve isotope that emits positrons to a paDent and then capturing the 
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radiaDon emiged from the body using a camera. By capturing the distribuDon of radiaDon as 
cross-secDonal images, this imaging technique produces visual representaDons of organ 
funcDon. The most commonly used radiopharmaceuDcal in PET is fluorodeoxyglucose (FDG), 
a glucose molecule labelled with radioacDve fluorine (F-18). The PET images used in this paper 
were also obtained by administering FDG and capturing the resulDng images. This PET imaging 
technology enables the examinaDon of blood flow, metabolism, and neural transmission in 
organs such as the brain and liver, making it the subject of various studies [28][29][30]. 
Physicians construct three-dimensional data in their minds from approximately 300 PET cross-
secDonal images of the enDre body and diagnose by idenDfying organs based on the intensity 
and characterisDcs of accumulaDons (clusters of high-intensity points). In PET imaging, organ 
segmentaDon is crucial as it enables examinaDons considering the physiological metabolic 
characterisDcs of each organ. When interpreDng PET images, physicians first idenDfy the organ 
and then determine whether it is normal or abnormal. Figure 3.2 shows examples of PET cross-
secDonal images. These are PET cross-secDonal images including the kidneys, liver, and lungs. 
As shown in Figure 4, PET images have blurred boundaries, making it difficult even for the 
human eye to idenDfy the regions of each organ without specialised knowledge or experience. 
However, when considering a PET image diagnosis support system, organ segmentaDon is an 
indispensable image processing step. In this secDon, we focus on the regions of the kidneys, 
lungs, and liver in PET images. The kidneys are two strong accumulaDons in the lower 
abdomen, the lungs are two weak accumulaDons flanking the heart, and the liver is a 
moderately strong accumulaDon between the kidneys and the heart. Each has disDncDve 
physiological characterisDcs in terms of accumulaDon intensity, but as shown in Figure 4F, it is 
impossible to idenDfy the regions using simple binary segmentaDon based on grayscale values. 
AddiDonally, the liver resembles the heart in terms of intensity and characterisDcs, requiring 
specialised knowledge of locaDon and shape for differenDaDon. This segmentaDon processing 
of the kidneys, lungs, and liver will be constructed using 3D-ACTIT. 
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Figure 4  Examples of PET image 

Diffusion-weighted image 
Diffusion-weighted images (DWI) are images that visualise the diffusion moDon of water 
molecules that consDtute living organisms. As fast imaging techniques for MRI, the fast spin 
echo method and the fast gradient echo method are representaDve, with the former being 
widely used for fast imaging of T2-weighted images and the lager for MR angiography. On the 
other hand, echo-planar imaging enables the acquisiDon of images similar to those obtained 
using the spin echo method or gradient echo method in 40–50 milliseconds per slice. 
Diffusion-weighted images are sensiDve to moDon and are highly prone to moDon arDfacts. 
Therefore, performing diffusion-weighted imaging using echo-planar imaging allows the 
acquisiDon of diffusion-weighted images that are less affected by moDon. Diffusion-weighted 
images have a completely different physical basis from T1- and T2-weighted images [31]. By 
using this diffusion-weighted imaging technique, it has become possible to detect condiDons 
such as cerebral infarcDon and cytotoxic oedema, which were previously difficult to visualise 
with different contrast using convenDonal methods. Currently, extensive research is being 
conducted in the medical community [32], contribuDng new insights  to the imaging diagnosis 
of condiDons such as haemorrhage, demyelinaDon, tumour lesions, infecDons, trauma, and 
epilepsy. 

Figure 5 shows an example of diffusion-weighted images. The images used in this paper were 
acquired using a GE iMRI scanner with the following parameters: TE: 120 msec, TR: 5000 msec, 
Bandwidth± : 62.5 kHz, and bvalue: 1000. As shown in Figure 5, abnormal signals are clearly 
visualised. However, while this technique effecDvely visualises abnormal signals compared to 
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T1- and T2-weighted images, not all high-intensity regions are necessarily abnormal. Figure 
5(a) shows an example from a healthy individual, and (b) shows an example containing 
abnormal signals. Both images include high-intensity regions. When diagnosing these cases, 
physicians determine whether the high-signal regions are magneDc suscepDbility artefacts or 
abnormaliDes based on brain symmetry, knowledge, and experience. In this study, we aim to 
extract only abnormal signals from diffusion weighted images and present the results of our 
experiments. 

 
Figure 5  Examples of diffusion-weighted image 

 

2.2.6. Experiments on organ segmenta%on from PET images 
A set of training images was created with the aim of construcDng segmentaDon processing for 
the kidneys, lungs, and liver from PET images, and each was input into 3D-ACTIT. The training 
image set for kidney and lung region extracDon is shown in Figure 6. The training image set 
consists of 100 PET cross-secDonal images with a resoluDon of 128 × 128 pixels, spanning from 
the shoulders to the waist, forming a 3D image dataset. This training image set includes 
regions such as the kidneys and mediasDnum, which show strong accumulaDon, the liver and 
heart, which have weaker accumulaDon but are larger than the kidneys, and the lungs, which 
show very weak accumulaDon. As shown in Figure 6, the target images for kidney region 
extracDon were created using binary images where only the kidney region was coloured white 
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and the rest was black. Similarly, binary images were used to create target images for the lung 
region. These target images were created with the assistance of a physician. The parameters 
of the GP are shown in Table 3. The terminaDon condiDons used in the experiments in this 
secDon were set to either when the fitness reached 1.0 or aber 3,000 generaDons, which was 
confirmed to be sufficient convergence based on previous experiments. 

Table 3  GP parameters in 3D-ACTIT 

 

 

Figure 6  Training data set for extracBng kidney and lung regions 
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Kidney region extrac*on from PET image 
A training image set targeDng the kidney region shown in Figure 6 was input into 3D-ACTIT. 
The output images from the training image set are shown in Figure 7, and the constructed 
tree-structured filter and intermediate results of the image conversion are shown in Figure 8. 
In Figure 8, the original images are input from all leaf nodes of the tree structure and 
processed by each image processing filter from the lower layer to the upper layer, ulDmately 
outpuyng a single image. Analysing the tree structure, in the lower layer of the tree structure, 
as shown in Figure 8(a), the average value filter "-" is applied to the intense product "u" of the 
original images, simultaneously emphasising accumulaDons such as the mediasDnum and liver. 
On the other branch, the same intense product of original images is applied to a minimum 
value filter, as shown in Figure 8 (b), emphasising only the strongest clusters of accumulaDon, 
even if they contain noise. By taking the limit product "b", as shown in Figure 8 (c), it can be 
seen that the kidney region is roughly extracted, with other organ accumulaDons and noise 
removed. In the lager half of the processing, as shown in Figure 8 from (d) to (f), steps such 
as neighbourhood processing using maximum value "M", minimum value "m", and average 
value filter "-", as well as 2-input filters to refine the shape, are observed. Finally, a binarizaDon 
filter is applied to output the image, bringing it closer to the target image. When comparing 
the target image and the output image, it can be seen that the results are very close, with an 
adaptability (fitness) of 0.999 aber 3,000 generaDons. Regarding processing Dme, several days 
are required to opDmise the processing procedure. However, once the filters are constructed, 
the process can be executed in approximately 3 seconds using a general-purpose computer 
for the image data size and filter size used in this study. 
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Figure 7  Results on training data for kidney region extracBon 
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Figure 8  Obtained tree-structural filter in kidney extracBon experiment 
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Lung region extrac*on from PET image 
A set of training images targeDng the lung region shown in Figure 6 was input into 3D-ACTIT. 
The output images from the training image set are shown in Figure 9, and the constructed 
tree-structured filter and intermediate results of image conversion are shown in Figure 10. In 
this experiment as well, aber 3,000 generaDons of learning, the fitness reached a high value 
of 0.991. The constructed tree-structured filter took on a linear shape centred around a 1-
input 1-output filter. Analyzing the tree structure from the bogom up, the image is first 
smoothed using an average filter "-" and then binarized to create a mask image targeDng only 
the human body, as shown in Figure 10 (a). By taking the algebraic product "a" of this masked 
image and the image in Figure 10 (b), which emphasises areas with fewer accumulaDons inside 
the body using a white edge enhancement filter "E", we obtain an image in Figure 10 (c), which 
contains noise but roughly extracts the lung region. In the upper part of the tree structure, as 
shown in Figure 10(d) and (e), noise is removed by combining neighbourhood processing 
filters such as the average filter "-" and the minimum filter "m". As shown in the output image 
in Figure 9, we successfully extracted only the lung region. However, when comparing the 
output image with the target image at the cross-secDonal level, it can be seen that the shape 
is slightly distorted. This is because the minimum value filter, which is used to remove noise, 
also affected the lung region that had already been extracted. 

 
Figure 9  Results on training data for lung region extracBon 
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Figure 10  Obtained tree-structural filter in lung extracBon experiment 

 

Applica*on to tes*ng data 
There are individual differences in the posiDon and size of organs in the human body, and 
especially in funcDonal images such as PET images, the signal strength may vary slightly 
depending on the health condiDon of the same individual at the Dme. Therefore, it is 
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necessary to verify whether the constructed tree-structured filter can handle signal strength 
variaDons caused by such individual differences or health condiDons. In experiments to extract 
kidney and lung regions, the tree-structured filters constructed for each region were applied 
to images not used for training to verify the robustness of the tree-structured filter. To 
evaluate the results and compare them with correct examples, we also wanted to confirm the 
shape of the extracted regions and the presence or absence of noise, which are difficult to 
represent using the fitness funcDon in EquaDon (2). Therefore, we conducted a visual 
evaluaDon in collaboraDon with the physicians who provided the images. Several examples of 
the results of applying the filters to images not used for training are shown in Figure 11. As 
can be seen from Figure 11, good extracDon results were obtained, parDcularly for the kidneys. 
In the lung region extracDon experiment, we were able to extract only the lung region without 
reacDng to other organs or accumulaDons, however there were two cases where insufficient 
extracDon of the leb lung was observed, as shown in Figure 11(a-3) and (d-3). This was 
because, in the tree structure shown in Figure 10, during the lager half of the processing, from 
Figure 10(c)(d), noise was parDally removed as noise during the conversion process. Since the 
heart is located more to the leb than the centre, the leb lung is smaller in volume than the 
right lung. The fact that the target area may be mistaken for noise during the processing 
process is a drawback of this tree structure. In this experiment, only one example was used as 
the training image set, therefore there were cases where individual differences in organ size 
and signal strength could not be accommodated. By using mulDple examples as the training 
image set, it is considered possible to construct a more robust algorithm for tesDng images. 
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Figure 11  Results on tesBng data 

 

2.2.7. Experiments by using 3D-ACTIT with filters using target regional 
features 

In the previous secDons, we demonstrated the basic performance of 3D-ACTIT through 
experiments. However, since the basic filter set of 3D-ACTIT primarily consists of 
neighbourhood processing and pixel value mapping, while it can extract features with 
disDncDve pixel values, such as kidneys and lungs in PET images, it becomes challenging to 
disDnguish the target object from other objects with similar pixel values or sizes within the 
image space. In this secDon, we added filters using candidate region features to the basic filter 
set of 3D-ACTIT and conducted experiments. The candidate region features used here are 
calculated through labelling processing, such as posiDon and volume in 3D space. Although 
these are simple features, the posiDon and size of organs within the human body vary slightly 
among individuals but are not significantly different. In the experiments conducted in this 
secDon, liver extracDon from PET images and abnormal signal extracDon from diffusion-
weighted images, image processing filters that can consider the posiDon and symmetry of 
organs were added to the filter set, then, experiments were conducted. The combinaDon of 
the basic filter set's neighbourhood processing and pixel value mapping filters with the newly 
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added filters demonstrates the construcDon of more advanced and versaDle image processing 
capable of handling tesDng images. 

Liver region extrac*on from PET image 
A set of training images was created for the purpose of extracDng the liver region from PET 
images. Figure 12 shows the training image set. As can be seen from Figure 12, the voxel value 
characterisDcs of the liver and heart are very similar, and the size difference in three-
dimensional space is also small, requiring a complex algorithm to extract the liver alone. 
AddiDonally, the liver exhibits stronger aggregaDon than other organs and Dssues, making it 
difficult to disDnguish from the kidneys. Therefore, in this experiment, we prepared a new 
filter using candidate region features as shown in Table 4. We created an image processing 
filter that uses informaDon such as the liver's posiDon on the right side of the body and its 
larger size compared to the kidneys as features for object posiDon and size. Furthermore, since 
the liver has a highly disDncDve shape, edge enhancement filters for each direcDon were 
prepared to improve extracDon accuracy. These filters were added to the basic filter set from 
the previous secDon, and experiments were conducted to determine the opDmal combinaDon, 
which was ulDmately decided as 3D-ACTIT. 

 

Table 4  AddiBonal 3D image processing filters for liver segmentaBon 
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Figure 12  Training data set for extracBng liver regions 

The training image set in Figure 12 was input into 3D-ACTIT, and the resulDng output images 
are shown in Figure 13. The constructed tree-structured filter and intermediate results of 
image conversion are shown in Figure 14. This tree-structured filter was constructed through 
3,000 generaDons of learning, with an adaptability of 0.995. The final output image in Figure 
13 is very close to the target image. By examining the input images at the ends of the tree in 
order, we can see that the liver region and heart region with similar aggregaDon features are 
first extracted using neighbourhood processing such as the minimum value filter "m" and 
logical product "l" or algebraic sum "A". Next, the image is shaped using filters such as the 
Sobel filter "d" and the average filter "-", then binarized "n", and finally, the filter "f" uDlising 
the posiDons of the clusters is selected to successfully retain only the liver region. As shown 
in the cross-secDonal image of the output results in the same figure, although there is some 
deformaDon, the characterisDc shape of the liver is also successfully captured. 
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Figure 13  Results on training data for liver region extracBon 
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Figure 14  Obtained tree-structural filter in liver extracBon experiment 
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Figure 15 shows the transient in fitness and output images before and aber adding filters that 
consider candidate region features in the liver region extracDon experiment. In both 
experiments, fitness increases as learning progresses. However, when comparing the results 
before and aber adding filters that uDlise features, it can be seen that beger results are 
obtained by uDlising features even with the same training image set. Before adding filters that 
consider features, the pixel value conversion filter was the main filter, therefore organs with 
similar accumulaDon features could not be disDnguished. When combining filters to extract 
only the liver, removing accumulaDons other than the liver using a uniform pixel value 
conversion process across the enDre image caused the liver to also be affected by the process. 
However, by using candidate region features, it is possible to determine whether an object is 
the target or not based on informaDon other than grayscale values, such as posiDon and size. 
This prevents deformaDon of the target organ, as seen in previous experiments, and is 
believed to have led to the results obtained. This trend in fitness was observed in mulDple 
experiments using the same training image set and in experiments using other paDent data. 
By using filters that consider features, it was possible to extract the characterisDc shape of the 
liver and achieve high fitness. 
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Figure 15  Transients of fitness with and without liver  feature 

Applica*on to tes*ng data 
Results of applying the constructed tree-structured filter to image data from other paDents 
not used for learning are shown in the Figure 16 shows the results. Figure 16(a) shows the 
results obtained by applying the filter obtained from 3D-ACTIT before adding filters using 
features, and Figure 16(b) shows the results aber adding filters using features. Before adding 
filters using features, accumulaDons other than the liver were also extracted, however aber 
adding filters using features, only the liver area could be extracted even for images that had 
not been learned. When comparing the cross-secDonal images, before applying the feature-
based filter addiDon, the shape of the liver is distorted, and the area where the liver first 
appears when viewed from the bogom to the top of the body is not extracted. On the other 
hand, aber adding filters using features, the liver was extracted from the beginning to the end, 
and no other organs were over-extracted. Furthermore, when comparing the fitness, the 
output before adding filters using features had a fitness of 0.976, while the output aber adding 
filters using features had a fitness of 0.987. This difference of 0.011 in fitness is due to the 
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large image size of image size is 128× 128× 100, which is large, therefore, although the 
difference is small in numerical terms, it is significant in the image. Furthermore, when the 
experimental results, including these, were evaluated by a physician, they were judged to be 
"extremely effecDve." In terms of visual shape evaluaDon, quanDtaDve evaluaDon based on 
fitness, and evaluaDon by a physician, the system with added features yielded beger results 
in all cases. 
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Figure 16  Results on tesBng data for liver region extracBon 
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Diffusion-weighted image processing by 3D-ACTIT 
Considering candidate region features in diffusion-weighted imaging experiments. First, 
Figure 17 shows examples of diffusion-weighted images containing high-signal regions caused 
by magneDc suscepDbility artefacts and examples containing abnormal high signals. 
Determining whether each signal in diffusion-weighted images is a magneDc suscepDbility 
artefact or an abnormal signal is extremely important. When considering the construcDon of 
a system to support physicians, it is essenDal to extract each signal and recognise only 
abnormal signals. As shown in Figure 17, the brain generally exhibits symmetry in both high-
signal regions caused by magneDc suscepDbility artefacts and other signals. However, the 
locaDon of abnormal signals is not fixed. In this experiment, we focused on the symmetry of 
signals in the brain and added an image processing filter using candidate region features to 
3D-ACTIT to extract only abnormal signals. Table 5 shows the added image processing filters. 
These filters use the 3D spaDal posiDon and volume of signals as candidate region features 
and apply processing to retain or remove symmetrical objects based on the centre of mass 
coordinates of the enDre brain calculated from the original image. 

 
Figure 17  ArBfact and abnormal signals in diffusion-weighted image 
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Table 5  AddiBonal 3D image processing filters for asymmetry signal extracBon 

 

 

A set of training images was created with the aim of extracDng abnormal signal regions from 
diffusion-weighted images, and these were input into 3D-ACTIT. An example of the created 
training image set is shown in Figure 18. The signal to be extracted was coloured white, and 
the rest was black using a painDng tool. As shown in Figure 18, the cross-secDonal view is 
easier to interpret, therefore, although the processing is performed in three dimensions, all 
images will be displayed as cross-secDonal views in subsequent experiments. This training 
image set was created using diffusion-weighted images obtained from 18 cross-secDonal 
views of a single paDent. 
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Figure 18  Training dataset for extracBng abnormal signals from diffusion-weighted image. 

The results obtained by inpuyng the training image set in Figure 18 into both 3D-ACTIT before 
and aber adding the filters using candidate region features are shown in Figure 19. As a result, 
the output image converted from the original image and a tree-structured filter represenDng 
the image conversion algorithm, as shown in right hand side of Figure 19, were obtained. 3000 
GeneraDon calculaDons were performed, and the adaptability of the output images obtained 
was high at 0.99 for both. As can be seen in Figure 19, we were able to obtain 3D image 
conversion that produced output results very close to the target image both before and aber 
filter addiDon. Although not all cross-secDonal images are shown in Figure 19, no noise other 
than the target signal was observed in the other cross-secDonal images. 
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Figure 19  Results on training data for abnormal signal extracBon on diffusion-weighted image 

The results of applying the tree-structured filter obtained in Figure 19 to tesDng images not 
included in the training image set are shown in Figure 20. The results are shown in Figure 20. 
Cross-secDonal images containing abnormal signals and high-signal regions other than 
abnormal signals are selected and marked. TesDng images are also 3D image data consisDng 
of 18–20 cross-secDonal images, similar to the training images. Looking at the output results 
before adding candidate region features, images where abnormal signals can be extracted also 
extract high-signal regions caused by magneDc suscepDbility artefacts. AddiDonally, in cases 
where the abnormal signal region is extremely large, extracDon was not possible. The basic 
filter set of 3D-ACTIT primarily consists of pixel value conversion processing filters, and for the 
few examples used as the training image set, the order of the pixel value conversion 
processing filters was trial-and-errored to construct the desired processing. However, when 
applying this to tesDng images, there are cases where the expected processing cannot be 
performed due to significant differences in overall image contrast or differences in the shape 
and posiDon of the objects to be extracted. In other words, using a combinaDon of filters 
centred on pixel value conversion processing may result in the construcDon of processing 
specific to the training images. On the other hand, aber adding candidate region features, we 
were able to extract abnormal signals with different sizes, shapes, and posiDons without 
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omission. AddiDonally, we could extract only abnormal signals without over-extracDng high-
signal regions caused by magneDc suscepDbility artefacts. While the basic filter set struggled 
to adapt to changes in contrast or object features, adding candidate region features enabled 
the construcDon of a more general-purpose processing method capable of addressing such 
variaDons. 
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Figure 20  Results on tesBng data 

Figure 21 shows the detailed analysis results of the tree-structured filter constructed using 
3D-ACTIT aber adding filters considering candidate region features. The original image "0" is 
input from the end of the tree structure, and image conversion is performed by three-
dimensional image processing filters assigned symbols, resulDng in a single output. To analyse 
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the results in detail, we examine the processing results in order from the bogom-most input 
image in the tree structure. First, in the early stages of processing, edge extracDon processing 
such as the Laplacian filter "g" and Sobel filter "d", and neighbourhood processing such as the 
average filter "-" and maximum filter "M" are performed. 

"A" to widen the brightness difference between high-signal areas and areas with relaDvely 
weak signals. The images with this brightness difference are then used as a mask and passed 
through an intense product filter to extract the high-signal areas. At this stage, both abnormal 
signals and other high-intensity regions are sDll extracted. However, in the lager half of the 
processing, a filter that considers candidate region features—specifically, the "k" filter, which 
eliminates objects with symmetrical posiDons and volumes—is selected to retain only the 
abnormal signal regions. 
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Figure 21  Obtained tree-structural filter in liver extracBon experiment 

 

2.2.8. Summary 

In this secDon, we proposed 3D-ACTIT, which automaDcally acquires complex and effecDve 3D 
image processing that cannot be achieved by simply arranging basic 3D image processing 
filters in a tree structure using GP. Through experiments using PET and diffusion-weighted 
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images, we evaluated the effecDveness of the system by collaboraDng with physicians to 
assess the results of applying the constructed tree-structured filters and images not used for 
learning. Furthermore, by adding image processing filters that uDlise image features, we were 
able to efficiently separate organs with similar accumulaDon characterisDcs, such as the liver, 
in PET image processing. In diffusion-weighted image processing, we successfully extracted 
only abnormal signals, demonstraDng its effecDveness. We were also able to perform the 
expected processing on images not used for learning, confirming the robustness of the 
constructed tree-structured filters. Furthermore, 3D-ACTIT was applied to dynamic image 
processing, suggesDng its potenDal (Appendix A). 

In the future, we aim to enhance the image processing filter set by adding filters that uDlise 
grayscale conversion and image features, and to develop more advanced image processing 
algorithms. AddiDonally, we plan to improve the 3D-ACTIT system to incorporate medical or 
image-related experDse when handling medical images like those used in this study. 
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2.3. Automa3c image processing filter genera3on 

2.3.1. Overview 
To date, ACTIT and 3D-ACTIT have been applied to various image processing problems and 
have demonstrated their effecDveness. However, several issues have been idenDfied from 
these experiments. 

• Image processing filters must be prepared in advance 
In the convenDonal ACTIT, filters are constructed by combining simple algorithms such 
as thresholding and neighbourhood processing. In ACTIT, these image processing 
filters must be prepared in advance before construcDng the tree-structured filter. If the 
features of the image are known, filters uDlising those features can be added. However, 
this requires preparing new filters each Dme the target changes. Furthermore, it is 
possible to prepare all conceivable filters, including those with complex algorithms or 
those that limit the processing targets. However, this expands the search space, 
making it difficult to construct effecDve algorithms. AddiDonally, using filters with 
complex algorithms or those that limit the processing targets increases the likelihood 
of construcDng algorithms that are highly specialised for the training image set. It is 
necessary to automaDcally capture the features of the input image and dynamically 
generate filters. 

• Algorithms such as shape matching through expansion and contrac*on processing 
may be constructed. 
When analysing the algorithm of the constructed tree-structured filter, it was oben 
observed that in the first half of the process, the target object was extracted from the 
pixel value conversion process, and in the second half, the image was brought closer 
to the target image using a puzzle-like algorithm such as expansion and contracDon 
processing aber binarizaDon. Even without using binarizaDon processing, most pixel 
value conversion filters can only perform predetermined processing and do not 
consider pixel value features, resulDng in a combinaDon problem aimed solely at 
making the output resemble the target image. In other words, the current image 
processing filter set may construct algorithms that do not consider the pixel values or 
their features of the original image, as long as the final result resembles the target 
image. Such algorithms are highly dependent on the size and shape of the target object 
rather than its characterisDcs such as texture, making it difficult to adapt to changes in 
shooDng condiDons or posiDons in medical images. To improve the generalisability of 
the algorithm to tesDng images, it is necessary to consider not only the size of simple 
pixel values but also the its characterisDcs of the original image and the image being 
transformed. 

To address these issues, it is necessary to develop an algorithm that automaDcally captures 
the features of the input image, dynamically generates filters, and performs image conversion 
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with always considering the pixel value characterisDcs of the original image and the image 
data during conversion. In this secDon, we describe a proposed method for capturing image 
features and automaDcally generaDng filters. In medical image processing, there are individual 
differences in the size and posiDon of organs, therefore we focus on the texture pagerns of 
each organ and Dssue that are not affected by these individual differences, and propose an 
image processing filter automaDc generaDon method for an image processing filter 
combinaDon method that takes these into account. 

 

2.3.2. Feature calcula%on in sliding window 
In this method, rather than calculaDng a single image feature from the enDre image, local 
features are calculated for each pixel to capture the characterisDcs of each Dssue. A window 
containing a pixel of interest and its surrounding pixels is scanned across the image, and the 
features within the window are calculated with shibing the pixel of interest one pixel at a Dme. 
In this method, texture features were primarily prepared to capture the local regional 
characterisDcs of each organ and Dssue in medical images. By considering the pixel value 
characterisDcs of the surrounding pixels along with the target pixel, this method provides clues 
for organ idenDficaDon and Dssue classificaDon that were difficult to obtain using simple pixel 
value magnitudes alone. 

Figure 22 shows an example of local features calculated from a PET tomographic image and 
visualised. The Feature Image is a visualisaDon of the features calculated using the window. 
One image is output for each feature. In this image, higher feature values are represented in 
red, and lower values in blue. As can be seen from Figure 22, this method reveals features that 
are different from those in the original image. 
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Figure 22  Feature calculaBon using sliding window 

 

2.3.3. Image transforma%on using calculated features 

Image conversion is performed using the features calculated using windows as in the previous 
secDon. The image conversion method determines the conversion rate based on the high or 
low values of the calculated features. Specifically, as shown in Figure 23, the feature image 
calculated is overlaid on the original image, and the pixel values of the original image are 
strengthened or weakened depending on the feature values at the same posiDons. The 
conversion formula is shown below. 

𝑂𝑢𝑡𝑝𝑢𝑡 =**𝐼𝑛𝑝𝑢𝑡%& ∙ ;𝐹𝑒𝑎𝑡𝑢𝑟𝑒%& ∙ 𝑊𝑒𝑖𝑔ℎ𝑡 + 𝑂𝑓𝑓𝑠𝑒𝑡C
'

&#$

(

%#$

(3) 

Here, Output is the output image, 𝐼𝑛𝑝𝑢𝑡%&  is the input image, and 𝐹𝑒𝑎𝑡𝑢𝑟𝑒%&  represents the 
feature image such as ones shown in Figure 22. 𝐹𝑒𝑎𝑡𝑢𝑟𝑒%&  takes from 0.0 to 1.0. To adjust the 
conversion rate, change the values of weight and offset. In the experiments in this secDon, 
weight = 1.0 and offset = 0.5 are fixed. This method enables the automaDc generaDon of image 
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processing filters that capture features of the input image by simply prepared feature 
quanDDes calculated within the window, with maintaining the simplicity of the original 
algorithm. This is achieved by replacing the image processing filters which previously followed 
simple rules independent from image posiDon and pixel value, with a single filter. AddiDonally, 
this method applies to tree-structured filters, where image features are calculated and filters 
are created for each image, whether it is the original image or an image undergoing 
transformaDon. In other words, the filter can take an infinite number of forms depending on 
the input image. 

 

Figure 23  Image processing filter considering features 

 

2.3.4. Integra%on of automa%c image processing filter genera%on into 
ACTIT 

We implemented an automaDc generaDon method for image processing considering features 
in ACTIT and automaDcally constructed image processing. To compare the proposed method 
with convenDonal filter sets, we conducted an experiment to extract lung regions from PET 
tomographic images. Figure 24 shows the training image set used in this experiment. As 
shown in Figure 24, the target image is filled with white for the lung region and black for other 
regions. The weight image was created such that the weight of the lung region is higher than 
that of other regions in the fitness calculaDon. Using this training image set, experiments were 
conducted with both the convenDonal filter set and the proposed filter set, and comparisons 
were made of the output images and the constructed algorithms. 
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Figure 24  Training data for extracBng lung region from PET images 

The feature filters prepared for this experiment are shown in Table 6. Two types of filters, 
"strengthen" and "weaken" were prepared for each feature. The "strengthen" filter 
normalises the calculated feature values and applies the normalised values as it is in the 
transformaDon followed by equaDon (3). The "weaken" filter normalises the calculated 
feature values, inverts them, and then performs the transformaDon. In other words, with the 
"weaken" filter, lower feature values are emphasised in the grayscale values. The first 
character of the symbol If the first leger is uppercase, it represents the "enhance (strengthen)" 
filter. If it is lowercase, it represents the "weaken" filter. AddiDonally, the window size used for 
feature calculaDon was empirically set to two types: 9 × 9 pixels and 13 × 13 pixels. The last 
digit of the symbol indicates the window size: "1" represents 9 × 9 pixels, and "2" represents 
13 × 13 pixels. In other words, four types of filters were prepared from a single feature. The 
proposed method, ACTIT, uses the filters in Table 6 for 1-input 1-output filters and the filters 
in Table 1 for 2-input 1-output filters. Using these filters, the lung region is extracted from PET 
images and compared with the convenDonal ACTIT. 
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Table 6  Image processing filters considering features and their symbols in ACTIT 

 

 

Experiments using conven*onal ACTIT 
First, Figure 25 shows the tree-structured filter constructed in the experiment using the 
convenDonal filter set, the intermediate result images during conversion, and the final output 
images. As shown in Figure 25, we were able to obtain an algorithm that converts and 
synthesises the original image input from the leaf nodes of the tree and produces output 
images that are very close to the target images. Looking more closely at the tree-structured 
filter algorithm, we first take the algebraic product "AlP" of the image obtained by applying 
the mean filter "Mea" and the maximum filter "Max" with the original image, thereby 
widening the voxel value difference between the weakly aggregated lung regions and other 
regions. Next, the "DrS" filter extracts part of the lung region from the human body using the 
"DrS" filter, and the "SAB" filter converts the black background areas to white, leaving only the 
lung region blocks. In the lager half of the processing, noise is removed using the "Mea" filter, 
and the image is expanded using the "Exp" filter, resulDng in an output image similar to the 
target image. However, this algorithm suffers from the same issue discussed in SecDon 2.3.1, 
where the lager half of the processing involves shape matching due to expansion processing. 
ConvenDonal filter sets include filters that apply drasDc changes, such as binarizaDon or area 
thresholding. When such filters are incorporated into the early or middle stages of processing, 
pixel value informaDon in the image is lost, limiDng the filters available for use in the lager 
half of the processing. Furthermore, previous experiments have shown that overusing 
thresholding processing reduces the generalisability of the algorithm to tesDng images which 
are not used in training, it means tree structural filter construcDon. However, simply removing 
such filters from the filter set makes it difficult to construct image processing for the training 
image set using only the remaining image processing filters, creaDng a trade-off. While it is 
possible to manipulate the order of filters during training, manipulaDng the order or 
combinaDon of nodes in GP evoluDon significantly restricts freedom and is expected to 
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degrade GP performance. To solve this problem, a significant modificaDon of the filters is 
necessary. 

 
Figure 25  Experimental result using convenBonal ACTIT 
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Experiments using ACTIT installing automa*c image processing filter genera*on method 
The tree-structured filter constructed using the proposed method in the ACTIT experiment, 
the intermediate results of the conversion process, and the final output image are shown in 
Figure 26. Looking at the tree structure in Figure 26 from the bogom, an enDre body region 
mask is created using the intense sum "DrS," and background noise is removed from the 
difference between the original image and the mask, leaving only the human body as pixel 
value data. From the middle of the tree structure onwards, image processing filters generated 
using the proposed method's features are employed. As can be seen from Figure 26, image 
processing filters that emphasise the lung area are generated by calculaDng values such as the 
first quarDle "wF2" and the median "WD2" from the incoming image data. Gradual pixel value 
conversion is performed using the image processing filter generated from the features, 
resulDng in an output image where only the lung region has high pixel values. The output 
image aber binarizaDon shows results very close to the target image, similar to the 
experiments using the convenDonal ACTIT method. The algorithm constructed using the 
proposed method performs image conversion while considering texture features calculated 
from tonal images, which is clearly different from the binary image matching performed by 
the convenDonal filter set. The expansion processing of binary images in the lager half of the 
processing in Figure 25 causes the loss of pixel value informaDon in the image, and therefore, 
this processing is intended to increase the fitness rather than considering the characterisDcs 
of the image. On the other hand, as shown in Figure 26, the proposed method consistently 
performs transformaDons that take into account the characterisDcs of the image. Although it 
is difficult to construct an algorithm that brings about a rapid increase in fitness due to the 
absence of filters that perform dramaDc transformaDons, as in convenDonal filter sets, the 
proposed method steadily and reliably transforms images to bring them closer to the target 
image, enabling the construcDon of a convincing algorithm. 
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Figure 26  Experimental result of ACTIT using proposed filter generaBon method 

 

Applica*on to tes*ng data 
The results of applying the constructed tree-structured filter to tesDng images are shown in 
Figure 27. To be more specific, Figure 27 shows the correct examples obtained by manually 
marking the lung regions in tesDng images, the experimental results using the convenDonal 
filter set, and the output images obtained by applying the tree-structured filter constructed 
using the image processing filter automaDc generaDon method. The adaptability of each 
output image is calculated based on the manually created correct examples. As can be seen 
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from the results, the proposed method demonstrates higher adaptability across all images. 
AddiDonally, visually, while the output images from the convenDonal filter set exhibit over-
extracDon and under-extracDon, the proposed method achieves extracDon that captures the 
shape of the lungs with minimal noise. 

 
Figure 27  Results on tesBng images 

 

Experiments using other medical images 
To verify the effecDveness of the automaDc image processing filter generaDon method, we 
applied it to medical images other than PET. The goal of this experiment was to construct an 
image processing method for segmenDng the liver region from abdominal CT images. The 
training image set used in this experiment is shown in Figure 28. The CT images in Figure 28 
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contain organs such as the liver, kidneys, pancreas, and spleen. The researches on segmenDng 
each organ from CT images containing mulDple organs are acDvely being conducted. Most of 
these studies use a probabilisDc atlas of the human body to perform segmentaDon based on 
the presence of organs. In this experiment, we aim to achieve segmentaDon processing using 
only the combinaDon of filters implemented in ACTIT, without using any probabilisDc atlas or 
informaDon such as the size or posiDon of each organ. Figure 29 shows the tree-structured 
filter constructed from the training image set, the intermediate results of the conversion, and 
the final output image. Analysing the tree structure from the bogom, we first weaken the grey 
scale values of the kidneys using features such as the mode and median. Next, we create an 
image in which the target liver is slightly highlighted by taking the difference between the 
images converted by two subtrees. In the lager half, filters that further highlight the liver, such 
as the third quarDle and mode, are generated. Although the pancreas, which has similar pixel 
value characterisDcs to the liver, remains slightly visible, the extracDon of the liver region is 
successful. 

 
Figure 28  Training data for extracBng liver region from CT image 
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Figure 29  Result on training data for liver segmentaBon by using automaBc filter generaBon method 
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2.3.5. Integra%on of automa%c image processing filter genera%on into 
FFGIN 

ImplementaDon of an image processing filter automaDc generaDon method considering 
features in FFGIN. FFGIN opDmises both the structure and parameters of filters by modifying 
the genotype. To date, Parameter Tunable FFGIN (PT-FFGIN), which simultaneously opDmises 
parameters, has been proposed, and its effecDveness has been demonstrated. When 
implemenDng the proposed method in PT-FFGIN, we modified the genotype as shown in 
Figure 30 so that the "window size" used in calculaDng the features and the weight used in 
equaDon (3) when mulDplying the calculated features can be opDmised simultaneously. 
Parameter1 is assigned to the window size, and parameter2 is assigned to the weight. The 
window size is determined by the value of parameter1 as follows: 7× 7, 9× 9, 11× 11, 13× 13, 
and 15× 15 pixels. The weight is adjusted within the range from 0.0 to 1.5 based on the value 
of parameter2. In this method, the offset in equaDon (3) is set to 0.3, therefore the pixel values 
of the input image are mulDplied by from 0.3 to 1.8 Dmes in a single filtering operaDon. 

 
Figure 30  Genotype and phenotype in PT-FFGIN 

The prepared filters are shown in Table 7. Since the window size is opDmised, two types of 
filters, "strengthen" and "weaken," are prepared for each feature. As in SecDon 2.3.4, if the 
first leger of the symbol is uppercase, it represents a "strengthen" filter, and if it is lowercase, 
it represents a "weaken" filter. AddiDonally, to effecDvely uDlise parDal structures when 
construcDng mulD-output algorithms, gamma correcDon filters and inversion filters have been 
added. We believe that the addiDon of these filters will enable us to further highlight features 
and construct parDal structures that generate images that act as masks through inversion 
processing. The gamma correcDon filter determines the gamma value in the range from 0.2 
to 2.2 based on parameter1 in the genotype in Figure 30. No parameters are used for the 
inversion filter. Image processing is constructed using these filters. 
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Table 7  Image processing filters integrated into PT-FFGIN 

 

 

Simultaneous segmenta*on of mul*ple regions from a PET image 
ACTIT combines image processing filters in a tree structure, resulDng in a single output. 
However, FFGIN, which combines image processing filters in a feedforward network structure, 
can have mulDple outputs in a single structure. In this secDon, we conduct an experimental 
study to construct a process for segmenDng mulDple regions from PET tomographic images 
using a single network structure algorithm. By expressing mulDple region segmentaDon 
processes within a single structure, we can suppress the increase in computaDonal cost that 
occurs when construcDng a tree-structured algorithm for each target region, as in the previous 
ACTIT. AddiDonally, by reusing parDal structures within a single network structure, the 
algorithm can be made more compact and can leverage internal interacDons. In this 
experiment, two sets of training images were used. The training image sets used are shown in 
Figure 31 and Figure 32. Figure 31 was created with the goal of extracDng a relaDvely weakly 
aggregated lung region, the heart sandwiched between the lungs, and the enDre body. The 
three target images correspond to the lungs, heart, and enDre body, respecDvely. Figure 32 
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shows training images created using lung cancer paDent data. As can be seen from the original 
images, strong accumulaDon exists within the lung regions that normally exhibit weak 
accumulaDon. This strong accumulaDon originates from cancer cells. This training image set 
aims to simultaneously extract normal lung regions and regions showing abnormal 
accumulaDon. The target images correspond to the lung, abnormal accumulaDon, and the 
enDre body, respecDvely. 

 
Figure 31  Training data for extracBng lung, heart and enBre body 

 
Figure 32  Training data for extracBng lung, cancer region and enBre body 

 

MulDple region segmentaDon for lung, heart and enDre body 
The training image set of Figure 31 was input into PT-FFGIN using the proposed method, and 
the constructed network structure filter, intermediate results, and final output images are 
shown in Figure 34. The constructed network structure filter and intermediate results are 
shown in Figure 34. At first, it should be explained that, as opposed to the tree-structural filter 
from ACTIT, the processing flow in Figure 34 is from top to bogom, it means input images are 
fed from top of network structure. Analysing the network structure from the input in Figure 
34, we can see that a common structure is used for mulDple outputs in the early stages of 
processing. In the early stages of processing, smoothing is performed using standard deviaDon 
"wS" and mean "W-" filters. Aber applying the inversion filter "I2", the structure branches. 
One branch applies a maximum filter "WM" to the inverted image to emphasise the 
background and lung areas, then calculates the maximum value again using a large window of 
13 ×× 13 pixels, and finally applies a filter "wM" to weaken areas with high feature values, 
thereby weakening only the background and extracDng only the lung area to obtain the output 
image 1. In the other route, the inverted image is first smoothed using the average filter "w-" 
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centred on the heart accumulaDon area, and then processed to unify the enDre body with the 
same intensity value. The result is combined with the output node that extracts the enDre 
body, yielding output image 3. Furthermore, by applying the maximum value filter "WM" to 
the smoothed image, we captured and emphasised the strong heart accumulaDon features 
compared to the surrounding area, resulDng in output image 2, which extracts only the heart 
region. All three output images are close to the target images, and the network structure 
shows that a very compact algorithm is expressed with reusing a common structure.  

Furthermore, the results of applying the obtained network structure-based filter to a tesDng 
image are shown in Figure 34. From Figure 34 shows that the constructed algorithm is effecDve 
even for tesDng images. 
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Figure 33  Analysis of obtained network structured filter for segmentaBon of lung, heart and enBre body 

 



78 
 

 
Figure 34  Results on tesBng data 

 

MulDple region segmentaDon for lung, cancer region and enDre body 

The training image set in Figure 32 was input into PT-FFGIN using the proposed method, and 
the network structure filter constructed, the intermediate results, and the final output image 
are shown in Figure 35. Same as Figure 33, the processing flow of Figure 35 is from top to 
bogom. When analysing the network structure filter from the input, it can be seen that the 
iniDal filters are common to both structures. First, the difference between the maximum and 
minimum grayscale values is calculated, and a filter "wT" that weakens areas with high feature 
values is applied to reduce abnormal accumulaDons with high grayscale values. Then, by 
calculaDng the intensity product "2U" between the image and the original image, only the 
abnormal accumulaDons are extracted, as shown in the output image 2. Next, an inversion 
filter is applied to the image with weakened abnormal accumulaDons, and filters using the 
first quarDle "wF" and the mean value "w-" are used to weaken the background and lung areas, 
thereby disDnguishing the background from the human body and filling in the weak 
accumulaDons within the body (lung areas), resulDng in the extracDon of the enDre body 
region as shown in output image 3. Finally, we apply an average value filter "W-" to the 
inverted image to emphasise the lung regions and a maximum value filter "wM" to weaken 
the background, ulDmately extracDng the lung regions as shown in output image 1. 

The results of applying the obtained network-structured filters to tesDng images are shown in 
Figure 36. From the output image in Figure 36, we were able to extract lung cancer 
accumulaDons that appear unpredictably within the lung region, with also successfully 
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extracDng normal lung regions and the enDre body region. These results demonstrate the 
effecDveness of the proposed method. 

 
Figure 35  Analysis of obtained network structured filter for segmentaBon of lung, cancer region and enBre body 

 



80 
 

 

Figure 36  Results on tesBng data 

 

2.3.6. Summary 
In image processing filter combinaDon methods such as ACTIT and GIN, several issues have 
been clarified, such as the need to prepare a filter set in advance before construcDng 
algorithms, and shape matching with the target image. However, by using an image processing 
filter automaDc generaDon method that considers local features in images, it is possible to 
automaDcally generate image processing filters that capture pixel value features such as 
texture pagerns or staDsDcal features from input images, thereby resolving these issues. 
Furthermore, this method was found to be suitable for medical image processing, as it 
enabled accurate segmentaDon of organs and Dssues in PET and CT images, which cannot be 
simply determined based on pixel value magnitudes, by applying this technique. In the future, 
we aim to add new features and achieve the construcDon of more advanced image processing 
methods. 
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2.4. Tissue classifica3on using local features 

2.4.1. Overview 
To date, image processing has been developed using image conversion approaches such as 
ACTIT and GIN for organ segmentaDon and abnormal region extracDon. However, for 
funcDonal evaluaDon of organs from PET images and diagnosis that considers the paDent's 
health status and characterisDcs, it is necessary to analyse organs and Dssues not only based 
on signal intensity but also by comparing them with normal pagerns and analysing texture 
pagerns of grey-scale values. For example, in Alzheimer's disease diagnosis using PET images, 
it is necessary to consider both the normal signal pagerns of the brain and the signal 
characterisDcs of the paDent to idenDfy regions with impaired funcDon. In such cases, 
abnormal regions may exist as potenDal abnormaliDes, meaning that abnormal pagerns are 
infinite, and it is difficult to explicitly idenDfy the characterisDcs of abnormal regions or parts. 
When addressing such issues with ACTIT or GIN, creaDng target images becomes extremely 
challenging. Therefore, we propose an image analysis method that captures the 
characterisDcs of each Dssue. First, as in the previous secDon, we calculate mulDple types of 
local features using windows. These features are represented as mulDdimensional vectors for 
each pixel, and clustering is performed on a pixel-by-pixel basis. For clustering, we apply self-
organising maps (SOM). By inpuyng the mulDdimensional vectors of each pixel into the self-
organising map and training it, pixels with similar features are mapped to nearby locaDons on 
the map. This allows us to perform Dssue classificaDon based on the map. In this secDon, we 
apply this method to brain PET images and abdominal CT images to perform image analysis 
for Alzheimer's disease diagnosis and Dssue classificaDon of various organs. 

 

2.4.2. Image diagnosis for Alzheimer’s disease 
In today's rapidly aging society, the proporDon of elderly people with demenDa is increasing 
year by year, and interest in treatment and diagnosDc methods is growing. The most 
representaDve types of demenDa are vascular demenDa and Alzheimer's demenDa. Vascular 
demenDa is caused by blockages in the blood vessels of the brain, such as infarcts. On the 
other hand, Alzheimer's demenDa has an unknown cause and does not have idenDfiable 
lesions like those seen in vascular demenDa. Therefore, when performing imaging diagnosDcs, 
it is diagnosed based on findings such as cerebral atrophy or enlargement of the ventricles. 
TradiDonal imaging diagnosDc techniques have faced numerous challenges in diagnosing 
Alzheimer's demenDa, however, advancements in imaging technology have enabled more 
detailed differenDaDon of brain Dssue, leading to extensive research on imaging diagnosDcs 
for Alzheimer's demenDa [33][34][35]. Kodama et al. proposed an objecDve diagnosDc 
method by calculaDng ventricular area and hippocampal area from head MRI and comparing 
them with those of healthy individuals. AddiDonally, Goto et al. invesDgated numerical errors 
arising from differences in imaging methods using the VSRAD (Voxel-Based Specific Regional 
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Analysis System for Alzheimer's Disease) sobware, which numerically analyses the degree of 
hippocampal atrophy from 3D-T1-weighted images. Research on imaging diagnosis using PET 
and SPECT is also acDvely being conducted [36]. By using PET or SPECT, it is possible to 
invesDgate declines in brain funcDon that are not visible in shape, thereby enabling the 
detecDon of early-stage Alzheimer's demenDa that is not detectable by CT or MRI. However, 
funcDonal images such as PET show significant individual variability. Even in the same paDent, 
differences can arise depending on their health condiDon on a given day. Currently, the 
diagnosis of Alzheimer's demenDa using PET is performed by visual inspecDon by a physician. 
Doctors consider a database of healthy individuals in their minds and the paDent's health 
condiDon on the day of the examinaDon to idenDfy overall and localised declines in brain 
funcDon. To support such diagnosis, research is being conducted to create a PET database of 
healthy individuals and idenDfy abnormal areas by matching them. However, this diagnosDc 
method compares results with an average database of healthy individuals, making it difficult 
to account for individual differences in shape and funcDon, and thus unable to diagnose based 
on the funcDonal characterisDcs of the paDent in quesDon. Figure 37 shows examples of brain 
PET images of healthy individuals and Alzheimer's disease paDents. As seen in Figure 37, the 
boundaries are unclear, and even in homogeneous Dssues, PET values lack uniformity, making 
image processing not as straigh�orward as one might think. There is a need for PET analysis 
methods that can reduce the burden on physicians with enabling objecDve and quanDtaDve 
evaluaDons. 

 

Figure 37  Examples of brain PET images of healthy individuals and Alzheimer’s disease paBents 

 

2.4.3. Tissue classifica%on using self-organizing maps 
Image analysis is performed using texture features that quanDfy the regularity of intensity 
variaDons in images. In this study, we focus on Dssue classificaDon and perform image analysis 
by clustering texture features extracted from brain PET images and abdominal CT images using 
self-organising maps. 

Calcula*on of texture features 
Texture features are quanDtaDve measures of regularity in intensity variaDons. These texture 
features have been used in research to perform image segmentaDon, where simple edge 
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extracDon processes have difficulty determining boundaries, and image classificaDon based 
on texture characterisDcs. In this method, as in the previous secDon, we do not calculate a 
single texture feature for the enDre image, however rather calculate texture features for each 
pixel. A window including a target pixel and its surrounding pixels is scanned across the image, 
and the feature values within the window are calculated at each posiDon. Figure 38 shows an 
example of calculaDng texture features from a PET cross-secDonal image and visualising them. 
The Feature Image is an image where the feature values calculated using the window are 
represented with higher values appearing redder. As shown in Figure 38, a mask image can be 
used if necessary. 

Over 30 types of features, such as standard deviaDon and mean value, are prepared for 
calculaDon. From these features, effecDve ones are selected and input into a self-organising 
map that models the neural funcDons of the cerebral cortex. A self-organising map updates 
the map according to the input signals, creaDng a mapping space where signals with similar 
features gather at the same or nearby nodes on the map. A detailed explanaDon of self-
organising maps is provided in the next subsecDon. We verify whether Dssue classificaDon can 
be performed using mulDdimensional texture features. 

 
Figure 38  CalculaBon of texture features using sliding window 

 

Self-organizing map 
Self-Organising Maps (SOM) are a type of neural network that models the neural funcDons of 
the cerebral cortex. It is a type of unsupervised learning method, and it updates the map in 
response to input signals and creates a mapping space where signals with similar 
characterisDcs are grouped together. First, an iniDal map is created randomly. Next, input 
vectors are placed at the locaDons on the map that are closest to their features, and the 
vectors in the vicinity of the input vectors are updated to move closer to the input vectors. 
This process is repeated for all input vectors a specified number of Dmes to create the map. 
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As a result, a mapping space is created where vectors with similar features are grouped 
together. Figure 39 illustrates the algorithm for a 2D-SOM. By updaDng the map as shown in 
Figure 39, mulDdimensional vectors can be mapped onto a 2D map. Other variaDons, such as 
1D-SOM, torus-shaped SOM, and spherical SOM, have been studied, and their effecDveness 
has been demonstrated. 

 

Figure 39  Algorithm of self-organizing map 

 

Tissue classifica*on using self-organizing map 
We perform Dssue classificaDon of PET images using this method. The specific algorithm is 
shown in Figure 40. First, mulDple texture features are calculated from a window containing 
the target pixel and its surroundings. This texture feature calculaDon is performed for each 
pixel in the image. When the pixel of interest is at the edge of the image and pixels in the 
window are missing, the features are calculated using only the exisDng pixels. Similarly, when 
using a mask image, only the pixels within the mask are used to calculate the features. Next, 
a self-organising map is created using the calculated mulDdimensional features as input. Aber 
the map has been updated the number of Dmes specified by the user, as described in Figure 
40, each pixel is coloured according to its coordinate in the map, and the image is restored. In 
other words, pixels mapped to the same node in the map are represented by the same colour, 
and since the colours in the map are graded, pixels closer to each other are represented by 
colours closer to each other, resulDng in an output image. Using this method, it is possible to 
confirm the similarity of features by colour and analyse images. Using this method, SecDon 
2.4.4, we analyse PET images of healthy individuals and Alzheimer's disease paDents, and in 
SecDon 2.4.5, we perform Dssue classificaDon of abdominal CT images. 
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Figure 40  Tissue classificaBon using self-organizing map 

 

2.4.4. Experiment of %ssue classifica%on on brain PET image 

Texture features were extracted from brain PET images with a resoluDon of 128 × 128 × 128, 
and Dssue classificaDon was performed using the self-organising map. The features used in 
this experiment were 10 types: mean, standard deviaDon, difference between maximum and 
minimum values, first quarDle, median, third quarDle, mode, skewness, kurtosis, and 
discriminant analysis threshold. The features were selected manually with the advice of a 
physician. The window size was empirically set to 7× 7. Figure 41 shows the 10 types of texture 
features. Figure 41(a) shows the image data of healthy subjects, and Figure 41(b) shows the 
image data of Alzheimer's disease paDents. The mask image used to calculate the features 
was binarized using the threshold determined by discriminant analysis and labelled to remove 
small areas. In this experiment, features were calculated from five PET cross-secDonal images 
of healthy individuals and five PET cross-secDonal images of Alzheimer's disease paDents, and 
then input simultaneously to create a single map. 
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Figure 41  Features used in experiments 

The features in Figure 41 were mapped onto self-organising maps using 16x16 resoluDon. The 
output images obtained in this experiment are shown in Figure 42 shows the results. The 
colour of each pixel in the output image corresponds to the colour on the map, and pixels 
mapped to the same locaDon on the map are represented by the same colour, while pixels 
mapped to nearby locaDons on the map are represented by colours that are closer to each 
other. Looking at the output images, the images of healthy individuals showed connecDons 
and symmetry in colour, while the images of individuals with Alzheimer's disease showed 
scagered colours, with asymmetry observed parDcularly in the occipital lobe. The 
classificaDon results obtained by analysing the map in detail are shown in right hand side of 
Figure 42. When the pixels mapped to each of the 16x16 nodes are represented, differences 
between healthy individuals and Alzheimer's disease paDents appear in the upper part of the 
map. In the healthy subject data, from the leb side of the upper row, there are nodes with 
ligle to no mapping, followed by the primary sensorimotor cortex, the parietal associaDon 
cortex, and the posterior cingulate gyrus and precuneus. In the row below, the leb side shows 
mapping of the ventricles and white mager, indicaDng good Dssue classificaDon. In contrast, 
in the Alzheimer's disease paDent data, the upper row on the leb shows areas with reduced 
signal intensity, and to the right, the primary sensorimotor cortex and the parietal associaDon 
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cortex are mapped, indicaDng a mixture of various Dssues. AddiDonally, the overall symmetry 
of the classified Dssues is not observed. 

 
Figure 42  Brain PET Bssue classificaBon results 

Texture features were extracted from images not used for training, and the results of mapping 
these features onto the created map are shown in Figure 43. In this figure, Figure 43(a) shows 
the results mapped from healthy subject data, and Figure 43(b) shows the results mapped 
from Alzheimer's disease paDent data. In the healthy subject data, as in Figure 42, primary 
sensory motor areas, parietal associaDon areas, posterior cingulate gyrus, precuneus, and 
ventricles are classified on the map. In Alzheimer's disease paDents, regions with reduced 
signal intensity in the upper leb of the map were mapped, and various Dssues were mixed in 
other nodes, showing the same trend as in Figure 42. We believe that this map can be used 
for brain Dssue classificaDon and for detecDng Dssues suspected of Alzheimer's disease. 



88 
 

 

Figure 43  ApplicaBon to tesBng images 

 

2.4.5. Tissue classifica%on experiment using CT image 
Texture features are extracted from abdominal CT images and Dssue classificaDon is 
performed using self-organising maps. While research on organ segmentaDon from CT images 
using methods such as region growth and probabilisDc atlases is acDvely underway, this 
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experiment aims to classify organ Dssues based on texture features extracted from images. 
The features used in this experiment are five types: mean, first quarDle, median, third quarDle, 
and mode. Based on the correct examples of organ regions created with the advice of a 
physician, we manually selected features that are considered effecDve for extracDng the 
kidney, liver, and pancreas. AddiDonally, the window size for feature calculaDon was 
empirically set to 15 × 15 . The original image, the five types of texture features converted into 
images, and the output results are shown in Figure 44. Although some noise are present, each 
organ is mapped to disDnct nodes on a single map, indicaDng that Dssue classificaDon based 
on texture features is feasible. 
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Figure 44 Tissue classificaBon of CT image 

 

2.4.6. Summary 
By mapping texture features calculated using windows onto a self-organising map, we were 
able to perform Dssue classificaDon of brain PET images. In parDcular, we successfully 
classified primary sensory motor areas and parietal associaDon areas, which serve as 
landmarks for physicians diagnosing Alzheimer's disease. Even in PET images that were 
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difficult to analyse using simple grayscale processing, we were able to obtain useful 
informaDon for analysis by considering features within local regions using windows. In 
addiDon, in experiments with CT images, we were able to classify Dssues using only texture 
features without using any knowledge databases such as training data or probability atlases, 
demonstraDng the effecDveness of this method. Currently, the window size and feature 
selecDon for this method are determined empirically. In the future, we aim to formalise the 
evaluaDon of the output and improve the method to automate the selecDon of parameters 
and features. Furthermore, since this method is not limited to PET and CT images but can be 
applied to all types of images, we plan to analyse medical images other than those used in 
this experiment. 
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Chapter 3  
Precise Contour Detec@on and Anormal PaHern 
Recogni@on in Medical domain  

2.1. Introduc3on 
First of all, I have to explain that, from this chapter onward, the descripDon of research 
acDviDes is subject to restricDons due to confidenDality consideraDons. Therefore, this 
chapter is explained by using only the informaDon in this chapter have already been disclosed 
in public such as patents or publicaDons. Consequently, certain secDons may appear concise 
or somewhat abstract, and this limitaDon should be acknowledged in advance. 

Following the compleDon of the PhD degree, the author joined the research division of Canon 
Inc. and conDnued research and development in the field of medical image processing. During 
this period, the following research topics were addressed: 

• ReDnal layer segmentaDon in OpDcal Coherence Tomography (OCT) 
• Organ segmentaDon (e.g., liver, spleen) in Computed Tomography (CT) 
• Lymph node segmentaDon in CT 
• Development of a nodule management system 

These studies aimed to advance diagnosDc support technologies based on medical image 
informaDon, with a parDcular emphasis on the applicaDon of mathemaDcal models and 
arDficial intelligence (AI). Specifically, the objecDve was to delineate organ boundaries and 
pathological regions in tomographic images such as CT with high precision. In contrast to the 
methods introduced in Chapter 2, the research acDviDes described here focused on precise 
extracDon. As discussed in later subsecDons, the primary objecDve was the quanDtaDve 
assessment of organs and lesions, which required pixel-level accuracy in classificaDon. To 
address this requirement, a two-stage strategy was adopted: AI-based coarse extracDon at the 
iniDal stage, followed by the applicaDon of mathemaDcal models, such as the Level Set 
method [37] and Graph Cut method [38], for fine segmentaDon. 

In 2016, the author transiDoned from Canon Inc. to MEDIAN Technologies in France, where 
the research focus remained on the detecDon and segmentaDon of lesions in medical images 
for radiological pracDce. The principal topics invesDgated during this period included: 

• Non-Alcoholic SteatohepaDDs (NASH) assessment based on texture analysis of liver 
regions in CT images 

• Benign/malignant classificaDon of lung nodules using deep learning 

MEDIAN Technologies has long collected data from numerous hospitals and established a 
large-scale medical imaging database. This enabled extensive experimentaDon with a variety 
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of pagern recogniDon approaches, including deep learning [39], clustering methods, and 
other machine learning techniques, in the context of diagnosDc support. 

In the subsequent subsecDons of this chapter, the objecDves of these research projects and 
the technical approaches employed will be described in detail, focusing primarily on 
informaDon available from patents and other publicly accessible sources. 

 

3.2. Re3nal layer segmenta3on in Op3cal Coherence 
Tomography (OCT) 

3.2.1. Background 
Ophthalmic examinaDon has been widely recognized as an effecDve method for the early 
diagnosis of systemic diseases and ocular disorders that may lead to severe vision impairment 
or blindness. Among various imaging modaliDes, OpDcal Coherence Tomography (OCT) has 
emerged as a powerful tool, providing high-resoluDon cross-secDonal and volumetric images 
of the reDna. This technique enables ophthalmologists and other specialists to visualize the 
three-dimensional structure of reDnal layers in a non-invasive manner. 

The reDna itself is composed of mulDple disDnct layers, each with specific physiological 
funcDons. QuanDtaDve informaDon derived from these layers—such as reDnal thickness or 
inter-layer boundary posiDons—serves as an objecDve biomarker for disease progression in 
condiDons such as glaucoma, diabeDc reDnopathy, and age-related macular degeneraDon. 
Accurate delineaDon of these boundaries, therefore, plays a crucial role in clinical decision-
making, longitudinal disease monitoring, and therapeuDc outcome evaluaDon. 

However, the segmentaDon of reDnal layers from OCT images is a non-trivial task. ReDnal 
structures exhibit high inter-paDent variability, and disease-induced deformaDons oben 
obscure the regular layered appearance. Moreover, OCT images are inherently affected by 
speckle noise, low contrast in deeper regions, and moDon arDfacts, which further complicate 
automated segmentaDon. Figure 45 shows an example of OCT and colored lines are 
boundaries of each reDnal layer. You can see that it is difficult to determine the boundaries 
due to its image quality and disease cases are much more difficult to do segmentaDon. These 
factors demand robust algorithms that can adapt to both normal and pathological variaDons 
in reDnal morphology. 

Over the past two decades, numerous methods have been proposed to address this problem. 
Early approaches oben relied on edge detecDon, graph-based models, or deformable contour 
techniques to extract layer boundaries. While these methods demonstrated promising results 
in normal reDnas, their performance frequently degraded under pathological condiDons. 
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Figure 45  An example of OCT and boundaries of reBnal layers. 

This image is from hZps://github.com/TraslaBonal-Visual-Health-Laboratory/OCT-AND-EYE-FUNDUS-DATASET?tab=readme-
ov-file 

 

3.2.2. Proposal method  
As this is research and development conducted at a private research insDtute, I cannot 
disclose details, however I will briefly explain what I did based on the patents or academic 
papers I applied (because they are disclosed in public). 

We performed segmentaDon of the reDnal layers using depth profiles. First, we filtered the 
OCT to remove noise and highlight the boundaries. Then, we created profiles as shown in the 
figure. Aber that, we classify the profiles by classifier that considers intensity informaDon 
between layers. Finally, we can idenDfy each peak in the profiles corresponds to the boundary 
of which layers. 

Based on this strategy, we improved the algorithm in order to apply to various cases, for 
instance, the case that an arDfact caused by blood vessel exists such as Figure, unclear 
boundaries due to reDnal disease, etc.  

https://github.com/Traslational-Visual-Health-Laboratory/OCT-AND-EYE-FUNDUS-DATASET?tab=readme-ov-file
https://github.com/Traslational-Visual-Health-Laboratory/OCT-AND-EYE-FUNDUS-DATASET?tab=readme-ov-file
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Figure 46  Profiles made by intensity informaBon on OCT 

These figures are from patent “US9398846B2” in which one of the inventors is the author. 
hZps://patents.google.com/patent/US9398846B2/en 

 

3.3. Organ segmenta3on in CT 

3.3.1  Background 
Computed Tomography (CT) has become an indispensable modality in the diagnosis and 
management of abdominal diseases, including liver and spleen disorders. Accurate 
delineaDon of these organs is crucial for a wide range of clinical applicaDons such as tumor 
detecDon, treatment planning, and postoperaDve evaluaDon. Consequently, the development 
of robust and precise segmentaDon techniques for liver and spleen in CT images remains an 
important research topic in medical image analysis. 

Despite its clinical importance, automaDc segmentaDon of abdominal organs in CT images is 
sDll challenging. One major difficulty arises from the variability introduced by the use of 
contrast agents. Depending on the Dme elapsed aber injecDon, CT scans are acquired in 
different phases, typically classified into non-contrast, arterial, portal venous, and delayed 
phases. The gray-level distribuDon of the same anatomical structure can vary significantly 
across these phases, making it difficult to design a single image processing parameter set that 
performs reliably in all cases. Furthermore, the anatomical boundaries between adjacent 
organs (e.g., liver and stomach, spleen and kidney) are oben ambiguous, further complicaDng 
accurate segmentaDon. 

TradiDonal approaches have employed probabilisDc atlas-based methods combined with 
Maximum a Posteriori (MAP) esDmaDon to address this problem. For example, Park et al. 
constructed an abdominal probabilisDc atlas and demonstrated its use in liver and kidney 
segmentaDon[40]. This approach relies on prior distribuDons of gray levels for each organ; 
however, since these distribuDons are strongly phase-dependent, accurate segmentaDon 
becomes infeasible when phase informaDon is missing or incorrectly recorded. As a result, 
such methods suffer from decreased robustness in clinical pracDce. 

https://patents.google.com/patent/US9398846B2/en


96 
 

MoDvated by these challenges, this study aims to develop a robust segmentaDon method for 
liver and spleen that can cope with variability in contrast-enhanced CT images and provide 
stable performance across different phases. 

 

3.3.2 CT phase es%ma%on 

Building upon the challenges discussed in the preceding secDons—parDcularly the phase-
dependent variability of CT image intensity distribuDons and the resultant instability in 
convenDonal atlas-based segmentaDon—this study adapts and formalizes the technical 
innovaDons described in US 10672111 B2 into a research-oriented framework. The key 
contribuDons of this work are summarized as follows: 

Phase-Robust Two-Stage Segmenta*on Strategy 
Inspired by the patented system, our method employs a two-stage segmentaDon approach: 

• First, it extracts a primary anatomical region that exhibits minimal posiDonal variaDon 
across subjects (e.g., liver or heart), doing so without relying on phase informaDon̶thus 
ensuring robustness when such informaDon is missing or unreliable. 

• Second, it uses features derived from this region to esDmate the imaging phase, which 
then informs the segmentaDon of secondary target organs (e.g., spleen, kidneys) with 
greater accuracy by selecDng phase-appropriate gray-level priors. 

This two-stage paradigm enhances segmentaDon stability and precision in the presence of 
phase uncertainty. 

Phase Es*ma*on via Intrinsic Image Features 
The method computes gray-level distribuDon features from the first extracted region to 
esDmate the contrast phase (non-contrast, early, portal, delayed). This enables adapDve 
selecDon of segmentaDon parameters even when the image metadata is incomplete or 
incorrect, thereby overcoming a significant limitaDon of prior atlas-based methods. 

Probabilis*c Atlas Registra*on and Alignment Using Stable Landmarks 
The invenDon employs anatomical landmarks (e.g., lung and pelvic centroids) to align a 
probabilisDc atlas with the input image. By grounding this alignment in reliable, 
phase-invariant anatomy such as the points shown in Figure 47, our method achieves accurate 
atlas registraDon irrespecDve of contrast-induced intensity variaDons. 

Phase-Specific Prior Modeling for Secondary Organs 
Once the phase is esDmated, the system selects or constructs organ-specific prior gray-level 
distribuDons tailored to that imaging phase, significantly improving segmentaDon accuracy for 
secondary organs like the spleen. When the phase is unknown or ambiguous, it can fall back 
on an averaged or portal-phase prior, enhancing robustness. 
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By translaDng these technical insights into our research context, we deliver a segmentaDon 
framework that: 

• Adapts dynamically to contrast variability, addressing a core challenge in abdominal CT 
segmentaDon. 

• Minimizes reliance on metadata, thereby enhancing applicability across heterogeneous 
clinical datasets. 

• Combines atlas-based priors with phase-informed parameter selecDon, improving 
performance of precise segmentaDon of challenging organs such as the spleen. 

 

 

Figure 47  Phase invariant points in CT for image registraBon. 
These figures are from patent “US9398846B2” in which one of the inventors is the author. 

hZps://patents.google.com/patent/US10672111B2/en 

 

3.3.3 Refinement using Graph cut 
To further improve the segmentaDon accuracy aber phase esDmaDon and atlas-based 
iniDalizaDon, this study integrates a graph cut‒based energy minimiza3on framework. 

Graph cut formulates the segmentaDon as the minimizaDon of an energy funcDon 𝐸(𝐿), 
where 𝐿 = H𝑙.J denotes the label of each voxel 𝑝 as either belonging to the target organ or 
the background. The energy funcDon is typically expressed as: 

https://patents.google.com/patent/US10672111B2/en
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𝐸(𝐿) = *𝐷.;𝑙.C +
.∈0

λ * 𝑉.,2;𝑙., 𝑙2C
(.,2)∈!

(4) 

Here: 

• 𝑃 the set of voxels, 

• 𝐷.;𝑙.C is the data term, represenDng the cost of assigning label 𝑙. to voxel 𝑝. In our 
case, this is derived from the likelihood esDmated using phase-adapDve gray-level 
priors and atlas registraDon, 

• 𝑉.,2;𝑙., 𝑙2C is the smoothness term, enforcing spaDal consistency by penalizing 
neighboring voxels 𝑝, 𝑞 that are assigned different labels, 

• λis a weighDng parameter controlling the balance between fidelity to the data and 
smoothness of the segmentaDon boundary. 

The data term is defined as: 

𝐷.;𝑙.C = − log𝑃;𝐼.	|	𝑙., 𝜃.5*67 	C (5) 

where 𝐼. is the observed intensity at voxel 𝑝, and 𝜃.5*67 denotes the intensity distribuDon 
parameters esDmated for the given contrast phase. 

The smoothness term is commonly modeled as: 

𝑉.,2;𝑙., 𝑙2C = W

0, 																																			𝑖𝑓	𝑙. = 𝑙2

𝑒𝑥𝑝 Z−
;𝑙. − 𝑙2C

8

2𝜎8
\ , 𝑖𝑓	𝑙. ≠𝑙2

(6) 

Where 𝜎 controls sensiDvity to local intensity differences. This formulaDon preserves strong 
edges while promoDng homogeneous regions. 

By solving this opDmizaDon using the max-flow/min-cut algorithm, the method achieves an 
anatomically consistent segmentaDon that is robust against local intensity inhomogeneiDes, 
noise, and phase-dependent variability. In parDcular, this refinement significantly improves 
boundary delineaDon between adjacent organs such as the liver and spleen. 

As explained at the beginning, due to restricDons on protecDng confidenDality, we are 
unable to show the actual results images, however, I hope you understand this point. 
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3.6. Lymph node segmenta3on in CT 

3.4.1 Background 
Lymph nodes are one of the most important biomarkers in cancer staging and treatment 
planning. DetecDon and segmentaDon of lymph nodes from CT images are essenDal for 
tumor staging as well as for defining target volumes in radiotherapy. However, lymph nodes 
in CT scans are typically small, oben only a few millimeters in diameter, and exhibit low 
contrast against surrounding Dssues, making automated processing highly challenging. In 
addiDon, lymph nodes display great variability in shape, ranging from nearly spherical to 
irregular forms, which makes robust and generalizable detecDon difficult using tradiDonal 
approaches. 

Challenges 
• Variability in size and shape: Lymph nodes vary widely, from very small nodes to 

enlarged, irregular structures. 

• Ambiguous boundaries: AgenuaDon values in CT are oben similar between lymph 
nodes, fat, and vessels, making boundary delineaDon difficult. 

• Noise and arDfacts: Small lymph nodes are oben obscured by parDal volume effects 
and image noise. 

Previous Studies 
Before the emergence of deep learning, research on lymph node segmentaDon primarily 
relied on atlas-based approaches, classical machine learning, and variaDonal methods: 

• Atlas-based segmentaDon: Slimane et al. proposed atlas-based registraDon to localize 
lymph node candidates [Slimane et al., 2009]. 

• Machine learning (SVM-based detecDon): Feulner et al. applied support vector 
machines (SVM) to CT image features for automated lymph node detecDon, showing 
improvements over threshold-based methods [Feulner et al., 2010]. 

• Graph cut / Level-set methods: Boykov and Jolly introduced an energy minimizaDon 
framework using graph cuts for boundary segmentaDon in medical images [39], while 
Osher and Sethianʼs level-set method became a widely adopted tool for boundary 
tracking and lymph node/tumor segmentaDon [37]. 

• Shape models: Okada et al. proposed a staDsDcal shape model-based approach for 
lymph node detecDon in CT, showing effecDveness especially for small lymph nodes 
[Okada et al., 2008]. 

Although these studies contributed important progress, challenges such as robustness 
against size variability, computaDonal efficiency, and the need for accurate annotaDons 
remained unsolved. 
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3.4.2 Level set with scale and shape normaliza%on 
In order to solve issues in previous subsecDon, we integrate method with scale esDmaDon 
using the Laplacian of Gaussian (LoG) with anisotropic scaling for shape normalizaDon into 
level set method.  

Scale Es*ma*on using LoG 
Lymph nodes are modeled as spherical “blobs,” and their representaDve size is esDmated by 
finding the scale 𝜎∗ at which the LoG response is maximized. 

∇8𝐺(𝑥, 𝑦, 𝑧; 𝜎) =
𝜕8𝐺
𝜕𝑥8 +

𝜕8𝐺
𝜕𝑦8 +

𝜕8𝐺
𝜕𝑧8

(7) 

where the Gaussian kernel is defined as: 

𝐺(𝑥, 𝑦, 𝑧; 𝜎) =
1

(2𝜋𝜎8):/8
𝑒𝑥𝑝 g−

𝑥8 + 𝑦8 + 𝑧8

2𝜎8
h . (8) 

Shape Normaliza*on via Anisotropic Scaling 
Based on the esDmated scale parameters, anisotropic scaling is applied along each axis to 
transform the target region into a nearly spherical form: 

(𝑥<, 𝑦<, 𝑧<) = g
𝑥
𝑠+
,
𝑦
𝑠=
,
𝑧
𝑠>
h , (9) 

where ;𝑠+ , 𝑠= , 𝑠>C denote the scaling coefficients along each axis. 

By using this methodology, we can convert the shape of various kind of lymph node to blob-
like shape, such as shown in Figure. 
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Figure 48  Blob shape conversion by using LoG. 

These figures are from patent “US9398846B2” in which one of the inventors is the author. 
hZps://patents.google.com/patent/US9741123B2/en 

 

Segmenta*on in Normalized Space 
In this spherical space, segmentaDon can be performed more stably using graph cut [38] or 
the level-set method [37]. This normalizaDon improves boundary detecDon robustness and 
reduces the dependency on lymph node size. 

Back-transforma*on to Original Coordinates 
Finally, the segmented region is transformed back to the original CT space, providing 
clinically applicable lymph node masks. 

In summary of this methodology, we can insist the following contribuDons: 

1. AutomaDc scale esDmaDon via LoG enables consistent detecDon of lymph nodes 
across different sizes. 

2. Anisotropic shape normalizaDon improves the accuracy of classical segmentaDon 
methods (graph cut, level-set). 

3. IntegraDon of mathemaDcal modeling and tradiDonal methods extends the 
foundaDons of tradiDonal approaches, overcoming their limitaDons and providing a 
novel hybrid framework. 

 

https://patents.google.com/patent/US9741123B2/en
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3.6. Non-Alcoholic Steatohepa33s (NASH) assessment based 
on texture analysis of liver regions in CT images 

From this subsecDon, I moved to the company named MEDIAN Technologies which locates in 
Sophia AnDpolis in France. I worked here as a lead scienDst for developing image processing 
and data mining algorithm. I will show what I researched in this company, however, same as 
the secDon before, contents are limited due to confidenDality. Therefore, I will try to explain 
only by using informaDon disclosed in public. 

3.5.1. Background 
Non-alcoholic fagy liver disease (NAFLD) has become one of the most prevalent chronic liver 
diseases worldwide, closely linked to the increasing incidence of obesity, diabetes, and 
metabolic syndrome. A subset of NAFLD paDents develop non-alcoholic steatohepaDDs 
(NASH), characterized by hepaDc inflammaDon, hepatocyte ballooning, and fibrosis. NASH is 
not only a progressive liver disorder but also a key risk factor for cirrhosis and hepatocellular 
carcinoma (HCC), which is the most common primary liver cancer and a leading cause of 
cancer-related mortality. 

In the United States, NASH has already become the second leading cause of HCC and is 
projected to surpass viral hepaDDs as the major eDological factor in the near future. The 
burden of NASH is increasing globally, placing significant strain on healthcare systems. Despite 
this, reliable methods for monitoring disease progression remain limited. 

TradiDonally, the gold standard for assessing NASH severity has been histopathological 
evaluaDon from liver biopsy. Biopsy allows assessment of steatosis, inflammaDon, ballooning, 
and fibrosis according to established scoring systems (e.g., NAS, SAF). However, biopsy has 
several limitaDons: it is invasive, associated with paDent discomfort and risk of complicaDons, 
and subject to sampling error due to the heterogeneous distribuDon of disease within the liver. 
AddiDonally, inter- and intra-observer variability in histological grading undermines 
reproducibility and reliability. 

Given these limitaDons, there is a strong demand for non-invasive, quanDtaDve, and 
reproducible biomarkers to assess disease progression and treatment response. Imaging 
modaliDes such as CT, MRI, and ultrasound have been increasingly explored for this purpose. 
Recent advances in quanDtaDve image analysis and radiomics offer opportuniDes to derive 
imaging biomarkers that can objecDvely capture Dssue heterogeneity and disease-related 
changes at the microstructural level. 

3.5.2. Issues and challenges 
Despite the progress in imaging technologies, several challenges remain: 
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1. Invasiveness and limited repeatability of biopsy 
Biopsies cannot be performed frequently in clinical trials or rouDne pracDce, limiDng 
their uDlity in longitudinal monitoring. 

2. SubjecDvity of histological scoring 
Pathological evaluaDon of NASH is influenced by inter-observer variability, and small 
sampling areas may not represent the overall disease status of the liver. 

3. Lack of standardized imaging biomarkers 
Although convenDonal imaging modaliDes can detect advanced fibrosis or cirrhosis, 
there is no universally accepted imaging biomarker capable of tracking NASH 
progression across its different stages. 

4. Disease heterogeneity 
Both NASH and HCC are highly heterogeneous diseases. Methods are needed that 
can quanDfy this heterogeneity and provide objecDve measures that correlate with 
clinical outcomes. 

These challenges highlight the need for advanced quanDtaDve imaging techniques that can 
provide robust, reproducible, and non-invasive biomarkers. 

 

3.5.3. GLCM based quan%ta%ve biomarker 
The technical contribuDon of this study lies in the development of a non-invasive imaging 
biomarker based on quanDtaDve texture analysis. In parDcular, the approach combines Gray-
Level Co-occurrence Matrix (GLCM) for feature extracDon with Earth Moverʼs Distance (EMD) 
for distribuDon comparison, providing a novel framework for liver disease progression 
assessment. 

First, texture features derived from GLCM enable the quanDficaDon of subtle microstructural 
changes in liver Dssue. As fibrosis progresses, Dssue heterogeneity increases, leading to 
changes in local contrast and complexity observable in medical images. GLCM-based metrics 
objecDvely capture these disease-related alteraDons. Figure 49 shows schemaDc explanaDon 
how to compute textural signature and several examples.  

In addiDon, this study employed EMD to measure differences between texture feature 
distribuDons across different disease stages. EMD is a distribuDon distance metric that 
quanDfies the minimum "cost" required to transform one distribuDon into another. By 
applying EMD to GLCM-derived feature distribuDons, it became possible to evaluate disease-
related differences that cannot be detected through simple mean-value comparisons. 

Furthermore, the proposed approach was aligned with the clinically established METAVIR 
scoring system (F0‒F4), which grades liver fibrosis from F0 (no fibrosis) to F4 (cirrhosis). By 
linking GLCM and EMD-based quanDtaDve indicators with METAVIR scores, this framework 
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aims to establish clinically meaningful non-invasive biomarkers that reflect histopathological 
staging. 

 
Figure 49  How to compute textural signature. 

These figures are from arBcle disclosed in the following line. 
MED_NASH_US LETTER_V1.indd 

 

3.5.4. Experimental results 
Preliminary findings indicated that GLCM and EMD-based metrics demonstrated promising 
associaDons with fibrosis stages defined by the METAVIR score. Figure 50 shows examples of 
experimental results of METAVIR score classificaDon by using our method. The key results are 
summarized as follows: 

1. Stage differenDaDon: Texture features derived from GLCM showed clear differences 
between early stages (F0‒F1) and advanced stages (F3‒F4). Features related to contrast 
and heterogeneity were parDcularly sensiDve to fibrosis progression and contributed to 
the discriminaDon between early and advanced disease. 
 

2. EffecDveness of EMD-based distribuDon comparison: By applying EMD, the distance 
between feature distribuDons across METAVIR stages could be quanDfied. This enabled 
staDsDcal differenDaDon even in intermediate stages (e.g., F2), where classificaDon using 
single features is typically challenging. 
 

https://mediantechnologies.com/wp-content/uploads/2017/05/MED_NASH_Workshop_Abstract.pdf
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3. Clinical relevance: By aligning GLCM and EMD-derived metrics with the METAVIR scoring 
system, the results suggested that fibrosis progression can be esDmated without relying 
solely on histopathology. This highlights the potenDal of the proposed framework as a 
reproducible and non-invasive alternaDve for clinical pracDce. 

In summary, this study demonstrates that the integraDon of GLCM-based features and EMD 
distribuDon analysis provides a novel quanDtaDve imaging biomarker that reflects the 
METAVIR score. This framework holds significant promise for clinical trials, treatment 
monitoring, and future applicaDons in therapeuDc development. 

 
Figure 50  METAVIR score classificaBon by using textural signature in the case of F0 and F4. 

These figures are from arBcle disclosed in the following line. 
MED_NASH_US LETTER_V1.indd 

 

3.5.5. Conclusion 
This chapter presented the development and applicaDon of normalized GLCM-based imaging 
biomarkers for assessing disease progression in NASH and HCC. The contribuDons can be 
summarized as follows: 

1. A non-invasive and reproducible imaging method was proposed, overcoming the 
limitaDons of biopsy. 

2. Texture-based analysis was demonstrated to capture subtle structural changes associated 
with disease progression. 

3. QuanDtaDve imaging biomarkers were introduced as potenDal tools for both clinical 
research and rouDne monitoring. 

By reducing subjecDvity and increasing reproducibility, this framework represents a promising 
step toward standardized non-invasive evaluaDon of liver disease. In the long term, such 
biomarkers could facilitate early detecDon, risk straDficaDon, treatment monitoring, and 
therapeuDc development for paDents with NASH and HCC. 

https://mediantechnologies.com/wp-content/uploads/2017/05/MED_NASH_Workshop_Abstract.pdf
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Future research should focus on validaDng these biomarkers in large mulD-center cohorts, 
integraDng them with other non-invasive methods (e.g., elastography, serum biomarkers), and 
exploring their predicDve value for clinical outcomes such as cirrhosis progression and HCC 
incidence. 

 

3.6. Benign/malignant classifica3on of lung nodules using deep 
learning 

The acDviDes in this subchapter 3.6 are about lung nodule screening using Deep Neural 
Network for benign/malignant classificaDon [41]. They were also conducted in MEDIAN 
Technologies. Due to confidenDality same as previous secDons, its descripDons are limited, 
especially the concrete algorithm I developed and results cannot be shown. I hope you 
understand this point. 

3.6.1. Background 
Lung cancer remains one of the leading causes of cancer-related mortality worldwide. Early 
detecDon and treatment are crucial, yet in many cases the disease is diagnosed at an advanced 
stage, limiDng therapeuDc opDons and reducing survival rates. Computer-assisted detecDon 
(CAD) has emerged as a promising technology to support early idenDficaDon of pulmonary 
nodules, thereby improving diagnosDc accuracy and efficiency in clinical pracDce. 

The NaDonal Lung Screening Trial (NLST) demonstrated the efficacy of low-dose computed 
tomography (CT) in the early diagnosis of lung cancer. The NLST database provides a unique 
resource that includes a large collecDon of CT images together with structured clinical and 
outcome data. Leveraging this dataset, the present research aims to enhance the accuracy of 
CAD systems for pulmonary nodule detecDon and malignancy assessment [42]. 

With the increasing availability of deep learning techniques, there is strong interest in 
developing algorithms that can reduce false posiDves and improve detecDon sensiDvity. 
Nevertheless, despite encouraging research results, the robustness and reliability of these 
systems in real-world clinical environments remain limited. Therefore, careful validaDon is 
required before widespread clinical deployment [43][44]. 

3.6.2. Issues and challenges 
In order to make this technology pracDcal in clinical situaDon, we can list the following 
challenging points. 

1. High False PosiDve Rate and Reliability: Current CAD systems for pulmonary nodule 
detecDon tend to produce numerous false posiDves, which hinder their clinical adopDon. 
Excessive false alerts may lead physicians to recommend unnecessary follow-up imaging 
or invasive procedures, increasing paDent burden and healthcare costs. Thus, developing 
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algorithms that maintain or improve sensiDvity while significantly reducing false posiDves 
is an essenDal challenge [45]. 
 

2. Malignancy Assessment: Beyond simple detecDon, CAD systems must provide informaDon 
about the likelihood of malignancy. Accurate malignancy predicDon is criDcal for 
determining appropriate clinical follow-up and management strategies. This requires 
advanced classificaDon models that can differenDate between benign and malignant 
nodules with high confidence [46]. 

 
3. UDlizaDon of the NLST Dataset: The NLST dataset, with its combinaDon of CT imaging, 

annotaDons, and paDent outcome informaDon, represents an invaluable training and 
validaDon resource for algorithm development. However, working with such a large and 
heterogeneous dataset raises challenges including data preprocessing, bias control, label 
accuracy, and ensuring model generalizability [42]. 
 

4. Balancing Performance and Robustness for Clinical ApplicaDon: For clinical 
implementaDon, CAD systems must not only achieve high sensiDvity and specificity but 
also demonstrate robustness across diverse imaging condiDons and paDent populaDons. 
In addiDon, issues of reliability, accountability, and potenDal legal implicaDons must be 
addressed before integraDon into rouDne clinical workflows [43][47]. 

 

3.6.3. Technical contribu%ons 
As explained at the beginning of this subsecDon, the details of technical parts and results 
cannot be menDoned. However, at lease we can say that, we agempted to esDmate the 
malignancy of nodules using deep learning. In parDcular, we esDmated the likelihood of 
benign nodules becoming malignant in the future using deep learning, with the aim of 
detecDng the Dming of the transiDon from benign to malignant as early as possible by 
observing changes over Dme in the same paDents. 

 

3.7. Summary 
The researches in this chapters were my first several works aber obtaining PhD. Through this 
work, I learned a lot especially about how to make a robust system, the importance of 
validaDon because the technologies we developed might be installed on real product. In this 
epoque, although I did not use cuyng edge methods so oben. However, I combine some 
tradiDonal methods with mathemaDcal models in order to solve the issues that we were 
facing. Even though I did not use recent methods, at least I thought they are robust soluDons 
for each purpose. As a result, I could apply many patents in this period. 
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Chapter 4  
Sensor data processing with AI in Automo@ve domain 

4.1. Introduc3on 
Aber working in medical domain over 10 years described in Chapter 2 and 3, I moved my 
research field to automoDve domain. To be more specific, I joined IMRA EUROPE since 2018, 
who is a research insDtute and is a branch of AISIN corporaDon. As AISIN corporaDon is one of 
the biggest car parts suppliers, we are doing research for instance to improve performance of 
powertrain control, sensor processing, etc. Especially, computer science department in IMRA 
EUROPE, where I’m belonging to, is in charge of object detecDon/recogniDon on various 
sensor data using AI such as deep neural network. 

Since joining this company, I have been involved in various projects, for instance, object 
detecDon on LiDAR (3D point cloud) data, data analysis on producDon line in factory, AI motor 
control and so on. In this chapter, I explain the following three projects in which I parDcipated 
as both roles of manager and developer: 

• Radar (milli-wave) signal processing for passenger detecDon in vehicle 
• Pedestrian detecDon on event camera (Dynamic Vision Sensor (DVS)) data 
• Feasibility study of ANN2SNN conversion (SNN: Spiking Neural Network) 

In all projects, I used deep neural network. However, we did not use RGB camera which is the 
most popular in these kind of percepDon themes because we tried to develop systems that 
work with low energy consumpDon. In fact, about milli-wave and event sensors, the sensor 
itself consumes less energy than RGB sensor. In contrast, it is more difficult to detect objects 
on their data because the data include more noise or less visual informaDon. Then, from the 
algorithmic point of view, SNN also has a big potenDal to reduce energy consumpDon 
compared with convenDonal deep neural network (DNN) such as convoluDonal neural 
network (CNN) due to less signal propagaDon. However, same as the sensors, there are some 
difficulDes to reach the same level of performance as the convenDonal DNN with rich signal 
propagaDon. 

The subsecDons below show how did I solve these issues in each topics. In this chapter also, 
as all acDviDes were done in private research insDtute, disclosure of their contents are limited 
because of confidenDality. Therefore, I explain by using publicaDons and patents which have 
been already disclosed in public. 
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4.2. Radar signal processing for passenger detec3on in vehicle 

4.2.1. Background 
As vehicle intelligence evolves, various sensors are being installed for tasks like object 
detecDon and self-localizaDon. Among these, radar (millimeter-wave) sensors are parDcularly 
popular due to their low price and easy installaDon. We are also developing a detecDon system 
using millimeter-wave sensors, aiming not only to reduce costs by replacing older sensors but 
also to enable new applicaDons leveraging the sensor’s unique characterisDcs. 

However, millimeter-wave signals are suscepDble to noise, including reflected waves, which 
can degrade detecDon performance. Although signal processing techniques using Fourier 
transforms have been applied to generate distance maps and disDnguish between meaningful 
data and noise, they may also unintenDonally remove significant signals. This issue becomes 
especially criDcal in confined environments like a vehicle cabin, where differenDaDng signal 
types is more complex. 

We hypothesize that the selecDon and processing of these signals such as the Fourier 
transform significantly affects detecDon performance. Therefore, we implemented a deep 
neural network that bypasses tradiDonal preprocessing and directly uses raw sensor data, 
allowing the network to learn opDmal signal selecDon. Specifically, the sensor’s complex-
valued signals are processed in a way that preserves the relaDonship between their real and 
imaginary components, maximizing informaDon retenDon and enabling effecDve noise 
removal through training. 

In the recent trend toward smarter vehicles, millimeter-wave sensors are increasingly used 
due to their ease of installaDon and low cost. However, the signals obtained by these sensors 
oben contain a lot of noise, such as reflected waves, making it difficult to achieve high 
detecDon accuracy even with noise reducDon techniques like Fourier transform. To address 
this issue, we implemented a deep neural network that directly uses raw sensor data, 
improving object detecDon performance. Especially, we applied implemented neural network 
to in-vehicle passenger detecDon. 
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Figure 51  ConvenBonal method and our idea explained in this secBon. 

 

4.2.2. Conven%onal methods 
The standard approach for object detecDon using millimeter-wave sensors involves applying 
mulDple Fourier transforms to generate distance maps. This secDon introduces convenDonal 
noise removal techniques using filtering and deep learning methods that take distance maps 
as input. 

Noise removal by filtering 
One common approach is to use filters like band-pass filters to eliminate specific noise 
components. However, seyng threshold values for valid frequency ranges requires expert 
knowledge and trial-and-error. While hand-tuned filtering may work in controlled 
environments, dynamic or complex scenarios (like object detecDon) oben contain nonlinear 
noise beyond the scope of such simple methods. 

Approaches using Deep Neural Networks 
Millimeter-wave sensors have seen a dramaDc rise in adopDon within the automoDve industry, 
parDcularly due to their resilience to adverse weather condiDons and their cost-efficiency 
compared to LiDAR or camera-based systems. TradiDonal object detecDon methodologies that 
rely on Fourier transform techniques agempt to filter out noise and extract features from 
radar spectrograms. However, these approaches oben rely on hand-crabed signal processing 
pipelines, which can limit generalizability and adaptability in dynamic environments such as 
vehicle interiors, where mulDple reflectors, occlusions, and seaDng configuraDons introduce 
complexity. 

Aber the epoch of the hand-crabed signal processing, a widely used modern approach 
involves generaDng distance maps through mulDple Fourier transforms and inpuyng these 
into a neural network[48]-[50]. Its pipeline is shown in Figure 52. While the network can learn 
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to miDgate noise leb over from the transforms, some useful signals might already be lost in 
the preprocessing phase. Thus, this method has an inherent limitaDon in performance due to 
this informaDon loss, as explained in Figure 51. 

 
Figure 52  Pipeline of method using deep learning with distance map 

 

4.2.3. Technical contribu%ons 
In our study, by bypassing the classical preprocessing stage and feeding raw complex-valued 
radar signals directly into a carefully designed deep neural network, we demonstrated 
significant improvements in seat occupancy detecDon tasks. The coupling of real and 
imaginary parts ensures that phase relaDonships criDcal for target localizaDon and 
classificaDon are retained. Our results indicate that such architecture can substanDally 
outperform tradiDonal systems, especially in challenging, clugered environments like the 
vehicle cabin. 

Input layer for complex-valued raw data 
The raw data from our sensor consists of complex numbers (real and imaginary parts). In the 
input layer, separate channels are assigned to the real and imaginary parts, which are then 
processed in a coupled manner, preserving their correlaDon. In a preliminary comparison 
experiment with a network that treated the two parts independently, the coupled-input 
design showed higher accuracy. 
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Figure 53  Raw milli-wave sensor data composed of complex numbers 

 

Network architecture 
The architecture includes an input layer designed for coupled real/imaginary values, three 
convoluDonal layers, two fully connected layers, and an output layer predicDng occupancy 
probabiliDes for five seats (second and third row), outpuyng five values indicaDng 
presence/absence of occupants. 
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Figure 54  Architecture of our neural network which input raw milli-wave sensor data 

 

Experiments 
This secDon details the experimental setup and results comparing the convenDonal approach 
and our proposed method. 

Comparison with convenDonal method 

We implemented a network using Fourier transform-based preprocessing, replacing the input 
layer with a frequency-domain input. By comparing this with the raw-data-based network, we 
assessed the impact of the preprocessing on performance. 

Experimental data 
Data was collected with a millimeter-wave sensor mounted on the car ceiling, targeDng five 
seats: three in the second row (2L, 2C, 2R) and two in the third row (3L, 3R). We captured 
presence/absence for each seat, generaDng 32 combinaDons through repeated trials with 
different subjects. Each pagern contains about 3000–9000 samples for training, whose 
distribuDon is shown in Figure 55. Then, test data, which is shown in Figure 56,  includes about 
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1500 samples per pagern. The experiment was conducted on data from two different vehicle 
models (vehicle A and B). 

 
Figure 55  Data distribuBon in each class in training dataset 

 
Figure 56  Data distribuBon in each class in tesBng dataset 
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Experimental results 

Three methods were evaluated: 1) Fourier transform preprocessing + neural network 
(convenDonal method), 2) Raw data without coupling of real/imaginary parts, 3) Raw data 
with coupling (proposed method). Results showed that raw data input improved performance 
for both vehicle models compared to the Fourier method. Furthermore, coupling led to a 
30.9% increase for the vehicle A and 17.6% increase for the vehicle B in detecDon accuracy. 

 
Figure 57  Passenger detecBon results in each method 

 

Conclusion 
We implemented a deep neural network that directly uses raw millimeter-wave data, avoiding 
tradiDonal noise filtering, and verified its effecDveness. The results demonstrated a significant 
performance gain, showing the potenDal for fully leveraging millimeter-wave data. 

Future work will involve opDmizing the network considering sensor design and characterisDcs, 
further improving accuracy and tesDng robustness across more varied datasets with a view 
toward commercializaDon. 

 

4.3. Pedestrian detec3on on event camera data 

4.3.1. Background 
With the recent trend of electrificaDon in the automoDve industry, it has become possible to 
uDlize bagery power for various devices and sensors, leading to numerous proposed 
applicaDons. However, the increased power consumpDon of these devices reduces the driving 
range of electric vehicles, thereby creaDng a pressing demand for low-power system 
development. 
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One promising soluDon is the event camera, also referred to as a Dynamic Vision Sensor (DVS) 
or Neuromorphic Vision Sensor (NVS). Inspired by the biological reDna, this novel vision sensor 
fundamentally differs from convenDonal RGB cameras. Unlike tradiDonal imagers that output 
frames of dense pixel values at fixed intervals regardless of luminance change, event cameras 
detect changes in luminance and output pulses only from pixels where events occur. Pixels 
without changes remain silent. As a result, the acquired data consists of sparse Dme-series 
events, each containing coordinates, polarity, and Dmestamps. From the viewpoint of power 
consumpDon, this feature enables significant energy savings, parDcularly in environments 
with limited luminance variaDons. 

Nevertheless, the data obtained from event cameras—hereaber referred to as event data—
differs considerably from frame images captured by RGB cameras. Figure 58 shows several 
examples of images reconstructed from event data. This discrepancy complicates the 
applicaDon of convenDonal image-processing algorithms. For example, convoluDonal neural 
networks (CNNs), which are widely employed in object detecDon and recogniDon, require 
dense pixel-based frames as input. Event data, by contrast, provides binary polarity 
informaDon (+/−) rather than graded intensity levels, oben resulDng in insufficient informaDon 
for high recogniDon accuracy. Furthermore, event data tends to be noisy and may only capture 
regions of brightness change within objects or backgrounds. Consequently, objects oben 
appear fragmented, leading to both false detecDons and missed detecDons. Addressing these 
issues has become a major research focus. 

In this subsecDon, we report improvements aimed at enhancing the accuracy of object 
recogniDon systems based on event cameras. Specifically, we invesDgate the introducDon of 
alternaDve event-based features beyond polarity for CNN input, and we propose 
improvements in the detecDon (bounding box generaDon) stage prior to recogniDon. For 
validaDon, we employ an in-house dataset designed for pedestrian detecDon around vehicles, 
and we conduct deep learning-based training and evaluaDon. 

 

Figure 58  Examples of images reconstructed from event data 

 

4.3.2. Conven%onal methods 

We are currently developing a pedestrian recogniDon system using event cameras for 
surveillance purposes. In addiDon to their energy efficiency, event cameras provide a wide 
dynamic range (120 dB), enabling their use in diverse environments such as nighyme, indoor, 
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and in-vehicle scenarios. Moreover, their high temporal resoluDon (1 Mframe/s) allows 
advanced applicaDons such as moDon recogniDon and behavior esDmaDon. 

In preliminary studies, we successfully developed a gesture recogniDon system combining 
event cameras with deep learning. Compared with a system using RGB cameras and CNNs, the 
event-based system maintained comparable recogniDon accuracy while reducing power 
consumpDon by 96% [51][52]. Building upon these findings, we are extending our research to 
more general-purpose recogniDon systems. Unlike the controlled environment of gesture 
recogniDon, general pedestrian detecDon must address challenges such as background noise 
and variaDons in object size due to changes in camera distance. 

Previous works have proposed several methods for object recogniDon with event data 
[53][54]. A common approach is to segment event streams into Dme windows to generate 
frame-like representaDons, mapping polarity values into pixel space for CNN input. For 
example, Singla et al. [55] generated binary images from event polariDes, applied 
morphological filtering for noise removal, performed labeling and thresholding to detect 
bounding boxes, and finally cropped and classified the candidate regions using a CNN. This 
pipeline—first detecDon, then recogniDon—follows the canonical strategy of object 
recogniDon and achieves both high accuracy and low power consumpDon. Consequently, we 
adopt this method as a benchmark. 

However, through comparaDve studies, we idenDfied two limitaDons. First, in the detecDon 
stage, background noise caused by subtle movements or weather-induced brightness 
fluctuaDons significantly degrades performance. Although morphological filtering and 
labeling alleviate this issue, improper parameter tuning oben leads to excessive false 
detecDons or missed objects. Second, in the recogniDon stage, relying solely on polarity 
informaDon proves insufficient for handling more complex recogniDon tasks. Richer data 
representaDons leveraging addiDonal event informaDon are required. 

4.3.3. Proposed method 
In order to address these two challenges, we propose two improvements. For detecDon, we 
employ a patch-based approach, dividing frame images into grids and using event-based 
features within each patch to determine candidate regions. For recogniDon, we introduce 
alternaDve data representaDons for CNN input, specifically (i) Dmestamp-based intensity 
maps and (ii) event-count accumulaDon maps, either individually or in combinaDon. 

Patch-based detec*on 
ConvenDonal binary image processing with morphological filtering oben leaves residual noise, 
causing frequent false detecDons. Moreover, since event data only registers luminance 
changes, even single objects may appear fragmented across mulDple regions. Although end-
to-end deep learning approaches incorporaDng bounding box detecDon within the network 
can improve accuracy, they impose high computaDonal and power demands unsuitable for in-
vehicle edge systems. 
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Therefore, we divide frame images into grid patches and detect candidate regions based on 
event counts within each patch. Patches exceeding a threshold are marked as detecDons. As 
demonstrated in Figure 59, this approach successfully suppresses false detecDons while 
preserving true object events. 

 

Figure 59  Examples of object detecBon on event data with and without using patches, 
lei hand side figure is “without using patch”, right hand side is “with patches” 

 

Data representa*on considering *mestamp and event count 
Each event contains a Dmestamp, which we normalize between the frame’s start and end 
Dmes to assign grayscale values: 

𝐼?6 = 𝐺 ∙
𝑡 − 𝑡6?*@?

(𝑡7"A − 𝑡6?*@?)
(10) 

where 𝐼  denotes pixel intensity, 𝑡  is the event Dmestamp, 𝑡6?*@?  and 𝑡7"A  are the frame’s 
temporal bounds, and 𝐺 is the number of intensity levels (256 levels in this study). 

AddiDonally, we generate images represenDng the accumulated number of events per pixel. 
Such data captures repeated acDvity at the same locaDon due to vibraDons or overlapping 
objects, offering valuable moDon-related cues. Figure 3 illustrates examples of binary polarity 
images, Dmestamp maps, and event accumulaDon maps. 
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Figure 60  Data representaBon as image by using binary (lei), Bmestamp (center) and count (right) 

 

4.3.4. Experimental results 
We applied the method described in the previous secDon to a dataset created for the purpose 
of recognising people outside vehicles and conducted experiments to compare its recogniDon 
accuracy with that of convenDonal methods. 

Dataset 
We constructed a dataset for binary classificaDon (pedestrian vs. non-pedestrian), considering 
variaDons in subject count, camera distance, weather, and background. For training, we 
extracted 28,236 bounding boxes from 89 videos, allocaDng 90% for training and 10% for 
validaDon. For evaluaDon, 439 frame images were prepared for bounding box detecDon and 
recogniDon using the trained CNN. 

Evalua*on and comparison of performances 
We conducted experiments using the above dataset. To evaluate the proposed method, we 
implemented the benchmark method HyNNA (Hybrid Neural Network Architecture) described 
in SecDon 4.3.2, and replaced the bounding box detecDon part and the data representaDon 
part for input to the CNN with our proposed method to observe the change in performance. 

First, we compared the detecDon results obtained using the morphological filter and labelling 
process of the convenDonal method with those obtained using the patch segmentaDon 
method described in the secDon named “Patch-based detecDon”. The results are shown in 
Figure 61. As can be seen from the figure, our proposed method achieved beger results in 
terms of F1 score compared to the convenDonal method. This is primarily due to the 
successful suppression of over-detecDon of background noise, as intended. 
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Figure 61  DetecBon performance “morphology based VS patch based” 

 

Next, as a comparison experiment of data representaDon, we visualised the Dmestamps and 
event counts described in the secDon named “Data representaDon considering Dmestamp and 
event count”, input them into a CNN, trained the model, and then applied it to the evaluaDon 
data (this evaluaDon experiment did not include any improvements to the detecDon method 
using patch segmentaDon described above, and only evaluated the differences in data 
representaDon). The results of the convenDonal method and the proposed method are shown 
in Figure 62. 

These results show that changing the CNN input from a binary image representaDon indicaDng 
only the presence or absence of events to a grayscale image representaDon indicaDng 
Dmestamps and the cumulaDve number of events significantly improved performance. 
Furthermore, combining these two approaches yielded even beger results. 

 

Figure 62  DetecBon performance between data representaBons 
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The reason for the improved performance is similar to that of the detecDon process: the 
number of false recogniDons of background noise was reduced. In the convenDonal method, 
even background noise was oben not only removed as noise during the detecDon process but 
also recognised as a person during the recogniDon process when the number of events was 
high. However, with the proposed method, providing more informaDon to the CNN enabled 
the reducDon of such misclassificaDons. As shown in the graph in Figure 63, the number of 
false posiDves (FP) in the recogniDon using Dmestamps is reduced to about one-third 
compared to the convenDonal method using binary images as data representaDon. 

 
Figure 63  Number of FP (False PosiBve) in two data representaBons, Binary and Timestamp 

 

Conclusion 
This paper proposed two improvements for object recogniDon with event cameras: (i) patch-
based bounding box detecDon and (ii) alternaDve data representaDons leveraging Dmestamps 
and event counts. Both approaches effecDvely reduced false posiDves and improved 
pedestrian recogniDon accuracy. Future work will focus on further enhancing recogniDon 
accuracy while simultaneously opDmizing power consumpDon for real-world in-vehicle 
applicaDons. 

 

4.4. Feasibility study of ANN2SNN 

4.4.1. Our mission and objec%ves 
The applicaDon of ConvoluDonal Neural Network (CNN) in various fields has recently been 
growing rapidly. However, CNN requires huge computaDon cost in compensaDon for its high 
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performance. Under this situaDon, Spiking Neural Network (SNN) draws agenDon because of 
its lower computaDon cost. As of today, several methods that convert from CNN to SNN have 
been disclosed. They have a potenDal to make SNN prevalent and pracDcal technology.  

As one of our mission is, to realize a vision system with super low energy consumpDon, which 
can contribute to sustainable development. That is why SNN approach is really agracDve for 
us. We are confidence that this technology will be one of the key technologies in automoDve 
domain because there is now a big wave of electrificaDon such as the increase of electric 
vehicle. Although there are several difficulDes in SNN described in lager secDon, above CNN 
to SNN technologies is easy to handle because it solves one major issue, which is the difficulty 
of SNN training. Therefore, we invesDgated and tried to use this CNN to SNN technology as 
iniDal step. 

Aber the preliminary study of CNN to SNN, we found that one drawback exists. The deeper 
architecture is, the more the performance decreases aber conversion to SNN. In this report, 
we measured the impact of the SNN conversion, regarding the performance decrease as a 
funcDon of CNN architecture. As a result of this invesDgaDon, we propose a way to idenDfy 
opDmal depth of architecture for SNN conversion. We think this result will be a reference for 
designing a neural architecture to be converted to SNN and ulDmately applied in automoDve. 

 

Figure 64  Our mission in this project and issue to which we addressed 

 

4.4.2. Technical background 
The objecDve of this project is to develop a vision system such as object detecDon/recogniDon 
with super low energy consumpDon. In order to struggle with this research topic, we 
invesDgated background from prior arts and clarified issues of current technologies. In this 
secDon, we explained technical background,  issues and prior arts. 

Computa*on cost in conven*onal methods 
Everyone will agree that deep learning has achieved great successes in various fields such as 
object detecDon in image, speech recogniDon and text understanding. However, it is also 
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evident that one of the drawbacks of deep learning is its huge computaDonal cost. It is a 
barrier for always-on systems or edge compuDng devices. Especially in automoDve domain, 
we are always facing this issue when developing systems for as real-Dme object detecDon 
during driving and for surveillance system which require operaDng for long Dme while car is 
parked. In order to reduce computaDon cost, many researchers are focusing on opDmizing the 
architecture of deep neural network (DNN) or developing dedicated hardware. 

Spiking Neural Networks 
As one of the soluDons for this issue, the next generaDon of neural network is drawing lots of 
agenDon. It is the Spiking Neural Network (SNN) that is inspired by the behavior of human 
brain. To be more specific, SNN deals with asynchronous pulse (spike) signals that are derived 
when an event happens, such as shown in Figure 65. In other words, SNN does not need to 
do any signal propagaDon if there is no event. This methodology is completely different from 
convenDonal neural network, for example, ConvoluDonal Neural Network (CNN) for image 
analysis. CNN must propagate all pixel values for every frame even if there is no change in 
frames. For this reason, we can easily understand that SNN will be able to realize an energy 
efficient system: propagaDng and processing only the changes. As of today, many publicaDons 
and several libraries about SNN have been released [56][61]. 

 

Figure 65  Difference between CNN and SNN 

 

Combina*on between SNN and event sensor 
AddiDon to SNN, we are also focusing on a sensor named event sensor or dynamic vision 
sensor (DVS) which was inspired by human reDna ability. This sensor generates spike signals 
only when it observes a change in the intensity of the pixel. Therefore, in the scene that does 
not have much events, we can say this sensor is more energy efficient than RGB sensor 
because redundant data, which has no change between frames, is removed. Moreover, data 
format of the event sensor is suited for the input of SNN. Therefore, we think that the 
combinaDon between SNN and event sensor is one of the best soluDons to develop energy 
efficient system. In addiDon to the redundancy removal, the event sensor has other 
advantages such as high temporal resoluDon which could achieve 1 Mframe/s and high 
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dynamic range (> 120 dB). Thus, we feel a potenDal that event sensor might be a next 
generaDon sensor for ITS field. 

How to train SNN or convert ANN to SNN 
On the other hand, SNN is facing a difficulty in network training due to the non-differenDable 
characterisDc, that is to say, convenDonal back-propagaDon cannot be applied 
straigh�orwardly to SNN training. In order to obtain well-trained SNN, many SNN training 
algorithms have been proposed. They are categorized into several approaches; the first 
approach employs modified back-propagaDon specific to SNN Error! Reference source not 
found.Error! Reference source not found.Error! Reference source not found.. The second 
approach is spike-Dming-dependent-plasDcity (STDP), which is biologically inspired and is 
unsupervised learning algorithm Error! Reference source not found.. Even though these two 
approaches reach same accuracy level as CNN in certain situaDon such as benchmark test on 
public database, there are not so many reports that applied them to general purpose. AddiDon 
to that, several points to be improved sDll exist, for example, training process takes long Dme. 

Aside from the above approaches, there is one reasonable soluDon for SNN training, which 
converts trained CNN to SNN (CNN2SNN or ANN2SNN). In this method, at first, we train CNN 
with back-propagaDon, then, SNN is constructed by using weights of trained CNN and by 
modifying acDvaDon funcDons. In fact, we took this approach and developed a gesture 
recogniDon system using SNN on event sensor. As a result, we confirmed the potenDal of 
CNN2SNN method in terms of energy efficiency.  

Issues of ANN2SNN 
Through the development of CNN2SNN for gesture recogniDon, we found an issue that is 
performance decrease in accuracy aber converDng to SNN especially when a deeper 
architecture was employed. It is normal because error is accumulated when signal 
propagaDon increases. 

For making this technology pracDcal, we need to clarify how much performance shib exist 
when we use deeper architecture. Therefore, in this research, we measured the performance 
shib with changing depth of architecture. 

 

4.4.3. Scien%fic contribu%ons 
As explained in previous secDon, we invesDgated performance shib between CNN and SNN 
converted from CNN. Experiments have been done on our hand gesture recogniDon dataset 
acquired by event sensor. We computed CNN training with changing architectures, then 
measured accuracies of converted SNN.  

Through this invesDgaDon, we found the following points: 

• The deeper an architecture is, the larger amount of accuracy decreases aber SNN 



126 
 

conversion 
• OpDmal depth for converted SNN is different from CNN’s one 

 

The rest of this secDon is organized as follows: Next sub-secDon is dedicated to related works 
especially in CNN2SNN method. Then, our previous work about hand gesture recogniDon 
system using SNN on event camera is introduced. Aber that, experimental results of the 
performance shib aber SNN conversion are described. In the final secDon, we summarize the 
results and conclude about the future of SNN based computer vision applicaDons. 

Related works of ANN2SNN 
As of today, several researches describing CNN2SNN method have reported their 
performances and effecDveness in terms of computaDon cost compared with CNN [56][62]. 
In this technology, basic strategy is, at first, CNN is trained with back-propagaDon, then, SNN 
is constructed by sharing weights with trained CNN. To understand more details, we should 
explain the following points.  

Spike encoding 

In order to feed spike signals, we need to encode input signal as specific spike data format, 
which is depending on a SNN implementaDon. This encoding leads to an easy conversion from 
CNN to SNN. Several spike coding approaches have already existed such as rate coding, Dme 
coding, rank coding [64][65]. For example, in the rate coding, spike signals are generated by 
selecDng the interval of spikes 𝑑𝑡  randomly from an exponenDal distribuDon with the 
parameter λ. The λ is computed by the following equaDon. 

λ(x) =
1

λ)*+B$ + (λ)%"B$ − λ)*+B$ ) ∗ (1 − 𝑥)
(11) 

In the equaDon, λ)*+ and λ)%" are determined by normalized input intensity 𝑥 ∈ [0,1]. 

Integrate and fire neuron model 
One of the biggest differences from CNN is that SNN employs Integrate and Fire (IF) neuron 
instead of convenDonal neuron model that does not have a funcDon to accumulate input 
signals [66]. In the IF neuron, membrane potenDal 𝑈 is computed to determine whether to 
emit a spike or not. Under the spike simulaDon Dme 𝑡 ∈ [0, 𝑇], membrane potenDal 𝑈%C  is 
computed as below. 

𝑈%C(𝑡 + ∆𝑡) = 𝑈%C(𝑡) − 𝜃𝑠%C(𝑡) +	*𝑤%&C 𝑠&CB$

&

(𝑡) (12) 

where 𝑤%&C  is the weight between neuron j of layer 𝑙 − 1  and neuron 𝑖  of layer 𝑙 . 𝜃  is a 

threshold to determine to generate a spike or not. The acDvaDon funcDon 𝑠%C ∈ {0,1} is a 
trigger funcDon depending on the membrane potenDal 𝑈%C. A spike is generated if  𝑈%C > 𝜃, 
and then, 𝑈%Cis reduced by an amount of 𝜃. 
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Conversion learning 

Before applying the IF neuron, propagated float value from acDvaDon funcDon such as ReLU 
in CNN has to be converted to firing rates such as spike frequency in SNN. This conversion is 
done easily by scaling the weight matrices[67]. In the last layer whose neurons are associated 
to each class, predicDon result is determined by the number of receiving spikes. 

Hand gesture recogni*on system 
As menDoned in the previous secDon, we developed a hand gesture recogniDon system by 
combining SNN with event camera for an in-cabin applicaDon. Under in-cabin situaDon, 
normally there is not so many events compared to outside of car, especially when car is 
moving. As another point, high dynamic range for operaDng day and night without lighDng is 
required. Then, it goes without saying, low energy consumpDon is mandatory to install on 
vehicles. Considering these requirements, we decided to uDlize the benefits of combinaDon 
between SNN and event sensor. By realizing this kind of applicaDon that enables long-term 
operaDon with low energy consumpDon, we are planning to deploy it to intelligent vehicle 
and MaaS in future. 

Training of CNN and inference by converted SNN 

Aber generaDng the count images, CNN is trained as shown in the training part of Figure 66. 
Taking into account trade-off between gesture recogniDon accuracy versus real-Dme 
computaDon, we employed LeNet architecture for our hand gesture recogniDon system. The 
training was done using the N2D2 library [62]. Details for training are, number of iteraDon is 
6 million Dmes with a batch size 128, learning rate starts at 0.05, with decay=5*10^(-4), and 
momentum=0.9 with Adam opDmizer momentum=0.9, and acDvaDon funcDon is ReLU with a 
weight iniDalizaDon of HeFiller approach [63]. 

For inference, at first, count-images are created as same as training process, then, they are 
converted to spikes which are propagated in SNN, as shown in the inference part of Figure 66. 
As you can see in the Figure, we generate syntheDc (fake) spikes to recreate the stream of 
spikes from the count-image. In the recreaDon process, we use the rate coding to encode the 
value of the input pixel as the frequency of the spikes. 
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Figure 66  Processing flow for training and inference in hand gesture recogniBon system 

 

Gesture recogniDon results and issues in SNN conversion 
The result of gesture recogniDon is shown in Table 8. In this table, “energy gain” represents 
that computaDon cost of SNN is about 25 Dmes less than that of CNN. Moreover, when we 
tuned the parameter λ)%" for decreasing density rate of fake spike, the energy gain reached 
about 40 ×. 

In contrast, recogniDon accuracy decreased from 93.6% to 89.4% aber SNN conversion. This 
performance shib definitely came from conversion process, especially, the number of layers 
is one of the points that decreases the performance. In fact, LeNet is composed of two 
convoluDonal layers, two pooling layers and two fully connected layers. However, when we 
tested a deeper architecture than LeNet, its performance decrease was larger compared with 
the case of LeNet in the past experiments. 

Table 8  Comparison between CNN and SNN 

Model Acc (%) Energy gain (×) 

LeNet (CNN) 93.6 1 

LeNet (SNN) 89.4 24.8 

 

Inves*ga*on of performance shiX aXer SNN conversion 
In order to idenDfy limitaDons of CNN2SNN method, we conducted the invesDgaDon of 
performance shib by SNN conversion. This invesDgaDon is important because we can judge 
whether CNN2SNN method can be applied or not by seeing an architecture. In the case that 
a system to be developed requires low energy consumpDon, we hope that this invesDgaDon 
results will be one of the references for designing a neural architecture to be converted to 
SNN. 
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The way of invesDgaDon is, to measure the performance shib with changing the depth of 
architecture. Concretely, we trained seven kinds of CNN which include from two to six 
convoluDonal layers with feeding same training dataset. Finally, we can see the relaDonship 
between performance shib and number of convoluDonal layers.  

Prepared CNN architectures 
Figure 67 shows CNN architectures that were used in this experiment. As you can see in the 
Figure, all architectures are composed of convoluDonal layer, max pooling layer and fully 
connected layer. 

 
Figure 67  Prepared CNN architectures for performance shii invesBgaBon. 

 

Dataset for hand gesture recogniDon 

What we did concretely in the hand gesture recogniDon system development is, at first, to 
make a dataset recorded by event sensor. We gathered 3-class hand gesture (paper, rock and 
scissor) and background data, therefore totally 4-class dataset was constructed for training, 
validaDon and tesDng data. As we employed CNN2SNN method, frame-based images have to 
be prepared for CNN training. For this purpose, captured event streams (leb-hand side and 
middle of Figure 68) are converted to “count-images (right-hand side of Figure 68)” whose 
pixel value represents the number of spikes arrived during a given Dme period (~few msec). 

In this experiment, we constructed the count-image by accumulaDng events during 10	𝑚𝑠. 
Aber creaDng the count-image, we conducted data augmentaDon by shibing and rotaDng the 
count images. Finally, dataset is composed of 60.000 images in the training dataset, 6.000 
images in the validaDon dataset, and 12.000 images in the test dataset.  
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Figure 68  (lei) Temporal evoluBon of events. PosiBve events (new changes) are in white and negaBve (disappearing) ones 

are in black. (right) Count-image of accumulated events within 5ms. 

 

Experimental results 
As described above, we trained seven kinds of CNN which are shown in Figure 67 with feeding 
the hand gesture dataset captured by event sensor. In each architecture, training was 
conducted 10 Dmes with changing iniDal weight values, therefore, we had totally 70 results in 
this experiment. All the experiments have been conducted by a laptop with the following 
configuraDon: core i7, 16GB RAM and graphic board 1070 GTX. 

Figure 69 includes a boxplot of performance shib aber SNN conversion and a chart for 
recogniDon accuracy of trained CNN and converted SNN as a funcDon of the number of 
convoluDonal layers. In the boxplot, the performance shib (𝑃𝑆) is calculated as follow, 

𝑃𝑆 = 𝐴𝑐𝑐D!! − 𝐴𝐶𝐶E!! (13) 

where 𝐴𝑐𝑐D!! and 𝐴𝑐𝑐E!! are accuracy of CNN and SNN on test data, respecDvely. Horizontal 
axes of both the boxplot and the chart are number of convoluDonal layers.  

At first, you can see in the boxplot that the performance shib was larger when the number of 
convoluDonal layers increased. From this result, we can say that we have to take care when 
we apply CNN2SNN method to deeper architecture. At the same Dme, the figure shows that 
the best (lowest) performance shib is the architecture composed of two convoluDonal layers.  

In our analysis, one of the reasons for this result is included in the trend of accuracy of CNN 
and SNN that is shown in right-hand side of Figure 69. In CNN, the accuracy increases 
significantly from zero to two convoluDonal layers, then it increases moderately. On the other 
hand, accuracy of SNN has a same trend as CNN unDl two convoluDonal layers, however, it 
turns to decrease if convoluDonal layers are added. Though CNN2SNN aims to minimize errors 
in conversion of neuron model and so on, perfect conversion method that has no error in 
conversion does not exist for the moment. In fact, the error in conversion accumulates, as a 
result, performance shib increases. Based on this point, we can say that the risk for the errors 
increases if architecture becomes deeper. This is because deeper network requires a lot of 
conversion process. This is the reason for accuracy decrease in deeper SNN. In contrast, we 
know deeper CNN has beger performance in general. It means trade-off relaDonship in depth 
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of architecture for CNN2SNN exists. Therefore, we suggest that to start trial for architecture 
determinaDon from shallow one, then to stop adding layers if the accuracy of SNN turns to 
downward trend even if the accuracy of CNN conDnues to increase.   

 
Figure 69  Boxplot for performance shii aier SNN conversion  

and chart describing gesture recogniBon accuracy of CNN and SNN 

 

It might be more interesDng if you see further analysis about the performance shib depending 
on the number of convoluDonal layers in Figure 70. This figure describes a chart of standard 
deviaDon (SD) from iteraDve experiments of performance shib (10 samples in each 
architecture). As shown in Figure 69, we can see that architecture including two convoluDonal 
layers has lowest performance shib. In Figure 70, we are able to draw the same conclusion. 
Furthermore, the line of the standard deviaDon shows clear trend indicaDng that two 
convoluDonal layers is best. It means that the standard deviaDon could become an indicator 
to determine an architecture in CNN2SNN method because low standard deviaDon leads to 
more stable conversion, as well as the Dming of conversion in CNN trading described above.  

 
Figure 70  Standard deviaBon of gesture recogniBon accuracy in each architecture 
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Conclusion 
In this work, we invesDgated a performance shib of the method to convert CNN2SNN. From 
the experimental results, we confirmed, basically, the deeper neural architecture is, the larger 
the performance shib aber SNN conversion becomes. Another interesDng point, is that 
opDmal number of layers to reach maximum classificaDon is different between CNN and SNN. 
As our suggesDon, the trends of accuracies in CNN and SNN as a funcDon of number of layers, 
and standard deviaDon of performance shib in iteraDve experiments might be indicators for 
suitable neural architecture design. 

In order to make CNN2SNN a reliable method, we will conDnue further analysis. In future 
works, we will analyze performance shib derived from spike generaDon method such as spike 
encoding algorithm and its parameters. We will apply our method to other datasets to clarify 
the behavior of the method with more complex tasks. We will also evaluate more complex 
architecture such as ResNet (specially to establish a method to convert to SNN the residual 
part of ResNet). We will not only clarify how to choose the suitable SNN depth but also its 
width. This will be done by designing and training wider CNNs and convert them.  

Through the research acDvity for SNN, we are going to make a computer vision-based 
applicaDon with high classificaDon performance but with very low energy consumpDon. Our 
aim is allowing this technology to be a game changer for next generaDon of applicaDons for 
CASE and smart city. We believe that products using SNN will lead new era of automoDve and 
many other domains. 

 

4.5. Summary 
This chapter has presented my first research and development experience within the 
automoDve domain, which represented a big transiDon from my prior work in the medical 
field. At the outset, the adaptaDon process was far from trivial. The diversity of sensor 
modaliDes and the wide range of targeted applicaDons introduced a kind of new world to me. 
Nevertheless, once familiarity was established, the novelty of these challenges transformed 
into an intellectually sDmulaDng and rewarding endeavor. 

A parDcularly significant difference from the medical domain was the abundance of data. 
Whereas medical applicaDons are constrained by stringent privacy regulaDons that severely 
limit data acquisiDon, the automoDve domain provided access to vast and various datasets. 
This abundance not only facilitated the training of arDficial intelligence models but also 
allowed for exploraDon of state-of-the-art neural network architectures. In turn, this 
accelerated experimentaDon, validaDon, and refinement of advanced AI methodologies. 

Another crucial aspect was the expansion beyond image-centric data. Engaging with non-
visual modaliDes—such as Dme-series sensor or mulDmodal data—demanded the 
development of dedicated representaDonal structures and domain-specific processing 
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techniques. This requirement for specialized soluDons promoted a deeper appreciaDon for 
the interplay between algorithmic design and applicaDon context. Moreover, it unveiled new 
opportuniDes for innovaDon, both at the academic and industrial levels, by suggesDng 
pathways to novel architectures and business models tailored to unique data characterisDcs. 

In summary, the automoDve R&D experience not only broadened my technical experDse 
across diverse sensor types and applicaDon scopes but also reshaped my perspecDve on the 
strategic role of data availability, modality-specific architectures, and the discovery of new 
opportuniDes at the intersecDon of AI research and industry deployment. This chapter thus 
highlights the transformaDve nature of this domain shib, underscoring its long-term impact 
on my research trajectory. 
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Chapter 5  
Future plan 

5.1. Introduc3on 
The experimental results presented in Chapter 4 showed the effecDveness of SNNs in terms 
of low power consumpDon and asynchronous processing. These findings extend beyond 
academic significance and clearly demonstrate pracDcal potenDal of industrial research and 
development. Consequently, within our research organizaDon, SNN technology has been 
posiDoned as a core competence for next-generaDon R&D acDviDes. In parDcular, in my role 
as research manager, I recognize SNNs as a strategic pillar to be advanced over the coming 
years. 

This chapter discusses two major research direcDons related to the applicaDon of SNN 
technology. The first concerns low-power object detecDon, a line of study that has already 
been iniDated. This research aims to energy enable efficient object recogniDon in edge devices 
and mobile environments, where the energy efficiency of SNNs can be fully leveraged. The 
second direcDon, which is planned for future development, involves mulDmodal signal 
processing exploiDng the asynchrony of SNNs. This approach seeks to establish a new 
framework for integraDng and processing various kinds of signals—such as image, wave 
(sound, current, etc), point cloud data—in an efficient and biologically inspired manner. Such 
a direcDon is expected to hold significant relevance for next-generaDon applicaDons. 

It should be noted that both projects are being conducted within the corporate research 
environment, and thus, disclosed contents in this chapter is limited by confidenDality 
constraints. Therefore, this chapter explained mainly our future direcDons and show some 
concrete technologies and results that have been already disclosed in public. 

Although from Chapter 2 to 4 show the achievements that were described mainly in the 
papers I (Yuta Nakano) authored as the first author, the contents in this chapter were disclosed 
by the paper of our team. Thanks to the team members, we are accumulaDng good results 
day by day. 

 

5.2. SNN object detec3on with ultra-low energy consump3on 
As a first target applicaDon in the project using SNN, we started to develop super low energy 
consumpDon system for object detecDon, especially pedestrian detecDon because various 
applicaDons that our headquarter is planning to develop requests it. As we all know, 
pedestrian and other object detecDon on RGB data by convenDonal Deep Neural Networks 
have already achieved substanDally high level. However, their energy consumpDons prevent 
someDmes installing them as edge devices. This is very important point for us because we are 
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developing systems for vehicle, mobility, robot which are oben facing bagery problem: how 
to reduce energy consumpDon even if we add new funcDons. This is our moDvaDon to struggle 
with low energy consumpDon system for object detecDon by using SNN. 

 

5.2.1. Background and conven%onal methods 

Object detecDon is a fundamental task in computer vision, and pedestrian or human detecDon 
plays a criDcal role in applicaDons such as autonomous driving, surveillance, and roboDcs. 
While convenDonal deep learning approaches have achieved remarkable accuracy, they oben 
require substanDal computaDonal resources and power consumpDon, which poses limitaDons 
for edge devices and real-Dme deployment. To overcome these challenges, recent studies 
have acDvely explored the use of SNN for object detecDon, leveraging their event-driven and 
energy-efficient characterisDcs. 

One major line of research focuses on event-camera-based object detecDon. Li et al. [69] 
proposed Spiking-YOLO, which processes event streams for low-latency and energy-efficient 
pedestrian detecDon. Their results demonstrated that SNNs provide more stable performance 
than frame-based CNNs in high-speed scenarios. 

In the area of real-Dme pedestrian detecDon, Zhou et al. [70] developed an SNN-based 
detector compaDble with Intel Loihi, demonstraDng superior energy efficiency in vehicular 
environments. Similarly, Park et al. [71] introduced a hybrid SNN model combining event 
streams with spike-based encoding, achieving significantly higher power efficiency compared 
to convenDonal CNNs for pedestrian detecDon. 

Furthermore, research has invesDgated mulDmodal fusion for human detecDon. Safa et al. 
[72] integrated event-camera and radar data using spike-Dming-dependent plasDcity (STDP) 
for conDnual learning, enabling robust detecDon and tracking of humans even under adverse 
condiDons such as low illuminaDon or inclement weather. 

These studies collecDvely demonstrate that SNNs hold strong potenDal for object detecDon, 
parDcularly for pedestrian recogniDon, by exploiDng low-power and event-driven processing. 
Nevertheless, challenges remain in balancing detecDon accuracy with inference speed and 
addressing hardware constraints in real-world deployment. The present study aims to tackle 
these challenges and to establish an SNN-based framework for next-generaDon pedestrian 
detecDon on edge intelligence pla�orms. 

 

5.2.2. Our current achievements 

Up to now, we have already published several papers about super low energy consumpDon 
system for object detecDon. All of them, we use SNN and neuromorphic hardware. The 
following sub secDons shows our current achievements 
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Real-*me and low power pedestrian detec*on 
Many researchers in this domain describe on their papers that event cameras provide 
asynchronous, sparse, and energy-efficient data acquisiDon, while Spiking Neural Networks 
(SNNs) promise low-power, biologically inspired processing Therefore, these technologies are 
a kind of best-combinaDon for realizing super low energy vision system. However, addiDon to 
these technologies, neuromorphic hardware who executes SNN is mandatory to make a real 
product. Even though we know this fact, most prior SNN object detecDon works remain at 
simulaDon stage, with very few deployed on neuromorphic hardware. Our team, with 
H.Bulzomi at its core, addresses the gap by proposing a fully asynchronous, end-to-end SNN 
system for pedestrian detecDon implemented on neuromorphic hardware[68]. To be more 
specific, we showed the following technical contribuDons. 

Technical contribuDons 

1. First anchor-free real-Dme pedestrian detecDon system using an SNN. 
2. IntroducDon of a novel weighted loss funcDon that scales importance of objects based 

on the number of events inside their bounding boxes, improving detecDon robustness. 
3. IntegraDon of a regularizaDon term in the loss to minimize synapDc operaDons 

(SynOps), thus reducing power consumpDon and latency. 
4. DemonstraDon of a fully on-chip implementaDon, validaDng the feasibility of real-

world deployment in energy-constrained edge environments. 

Although you can see details in the paper published in CVPR workshop[68], I just explain 
several above points. 

Synap*c Opera*on Minimiza*on 
The efficiency of SNNs largely stems from their sparse acDvaDons, which significantly reduce 
computaDonal costs compared to convenDonal ANNs. To further exploit this property, our 
team introduces a sparsity regularizaDon term into the loss funcDon, explicitly encouraging 
the minimizaDon of synapDc operaDons (SynOps) during training. The regularizaDon is 
formulated as: 

𝐿E="F.6 =*𝑅𝑒𝐿𝑈 �
𝑆𝑦𝑛𝑂𝑝𝑠C − 𝑇𝑎𝑟𝑔𝑒𝑡𝑆𝑦𝑛𝑂𝑝𝑠

𝑇𝑎𝑟𝑔𝑒𝑡𝑆𝑦𝑛𝑂𝑝𝑠 �
G

C#$

(14) 

where 𝑆𝑦𝑛𝑂𝑝𝑠C  denotes the number of synapDc operaDons at layer 𝑙, 𝐿 the total number of 
layers, and 𝑇𝑎𝑟𝑔𝑒𝑡𝑆𝑦𝑛𝑂𝑝𝑠  an empirically chosen threshold represenDng the maximum 
sustainable operaDons for real-Dme inference. The ReLU ensures penalDes are applied only 
when the SynOps exceed the target, avoiding unnecessary constraints. 

This formulaDon directly links network acDvity to hardware efficiency, reducing redundant 
computaDon, acceleraDng on-chip inference, and lower energy consumpDon. Experimental 
results confirm that this regularizaDon decreases SynOps by over 97%, while maintaining 
compeDDve detecDon accuracy, making it highly suitable for edge deployment. 
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Model architecture using Anchor-free method 
The proposed model adopts an anchor-free detecDon paradigm, inspired by CenterNet and 
prior work by Liu et al[69]. Unlike anchor-based detectors such as YOLO or SSD, which generate 
mulDple candidates bounding boxes per locaDon followed by a costly non-maximal 
suppression (NMS) step, the anchor-free approach directly predicts object centers and scales. 
This design is parDcularly well-suited to neuromorphic hardware, as it reduces the number of 
output neurons and avoids addiDonal computaDons outside the chip. 

The architecture illustrated in Figure 71 is a lightweight fully convoluDonal SNN backbone with 
detecDon heads dedicated to center and scale predicDon. Batch normalizaDon layers are used 
during training but are fused into convoluDonal layers before porDng the model onto the 
Speck chip, ensuring compaDbility with hardware constraints. Training is performed using the 
surrogate gradient method, where sparse asynchronous events are converted into dense 
frames for gradient-based opDmizaDon. Aber training, inference on-chip processes raw event 
streams asynchronously, preserving the energy efficiency of the SNN while maintaining 
accurate pedestrian detecDon. 

 
Figure 71  SNN architecture for pedestrian detecBon 
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Experimental results 

The experimental evaluaDon focuses on assessing the impact of the proposed loss 
components on pedestrian detecDon performance. An ablaDon study of the event-based 
weighDng term shown in Table 9 demonstrates clear improvements: when applied to the SNN 
version of the model, the F1 score increased by +2.2 points (from 0.687 to 0.709) and the 
mean Average Precision (mAP) improved by +1.7 points (from 0.319 to 0.336). Similar but 
smaller gains were also observed in the ANN counterpart, confirming that the weighDng 
mechanism facilitates beger feature learning across event-rich objects. Importantly, the 
method improved detecDon consistency across all object categories (few, medium, and many 
events). 

AblaDon of the SynOps regularizaDon shows that it reduced synapDc operaDons by 97.3% 
(1161M → 29M SynOps/s) and decreased inference latency from 216 ms to 24 ms, while only 
modestly reducing accuracy (F1: −3.67%, mAP: −10.4%). 

Table 9  AblaBon study of our weight term in both the SNN and equivalent ANN version of our network 

 

Overall, the results highlight a favorable trade-off: the proposed network maintains 
compeDDve accuracy while drasDcally reducing computaDon and energy requirements, 
validaDng its suitability for real-Dme edge deployment on neuromorphic hardware. 

 

Lane detec*on 
Aside from pedestrian detecDon, we are also struggling with other type of processing such as 
semanDc segmentaDon on event data with SNN, concretely, lane detecDon on event sensor 
installed on vehicle. The lane detecDon is a criDcal component of autonomous driving systems, 
oben formulated as a semanDc segmentaDon task. ConvenDonal CNN-based approaches (e.g., 
U-Net, FCN) achieve strong performance but are computaDonally heavy and unsuitable for 
real-Dme inference on energy-constrained embedded automoDve pla�orms. 
Event cameras combined with SNN and neuromorphic hardware provide a promising path 
toward low-power lane detecDon. Previous work (e.g., LaneSNN on Loihi [73][74]) 
demonstrated feasibility, but models remained relaDvely complex and energy-hungry. This 
study introduces a compact, ultra-low-power SNN architecture for lane detecDon. The 
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achievements in this study were published by C.E.Mauriello who is a core member of this 
project[75]. 

Technical contribuDons 

In this study, we showed the following technical contribuDons: 

• Efficient Preprocessing: Cropping and resizing strategies adapted to hardware limits 
(final input: 128×128 pixels), plus probabilisDc and copying frame construcDon 
methods for event data. 

• Design of a lightweight SNN (about 6K parameters) for semanDc segmentaDon of 
lanes, drasDcally smaller than previous models 

• Deploy lane detecDon on neuromorphic hardware with real-Dme capability, and with 
12 mW power consumpDon which is two orders of magnitude lower than prior art. 

About the preprocessing, its details are shown in Figure 72. Then, for the architecture of SNN, 
our SNN follows an encoder–decoder structure with five convoluDonal layers in the encoder, 
gradually increasing from 4 to 32 channels, and spiking Integrate-and-Fire (IAF) acDvaDons to 
capture temporal dynamics. A lightweight convoluDonal decoder outputs 32×32 lane 
segmentaDon maps aligned with pre-processed labels, resulDng in a network with only 6365 
parameters. To stabilize predicDons, outputs are averaged across 30 temporal frames, 
providing robust lane detecDon while remaining compaDble with neuromorphic hardware 
constraints. 



140 
 

 

Figure 72  Preprocessing in our lane detecBon 

 

Experimental results 

The proposed SNN-based lane detecDon models were evaluated both in sobware and on 
neuromorphic hardware using the DET dataset whose examples are shown in Figure 72. 
Performance was assessed with the IntersecDon over Union (IoU) metric, along with latency 
and power consumpDon. 

Results showed that fully convoluDonal network (FCNN) variants were more suitable for 
neuromorphic deployment compared to fully connected decoders, which achieved slightly 
higher IoU scores (up to 0.3103) but exceeded memory limits and were therefore not 
deployable. Among the deployable networks, the bias-free FCNN (FCNN NB) achieved an IoU 
of 0.20 on hardware with an inference latency of 19.26 ms over 30 frames. 

Table III compares this approach against state-of-the-art LaneSNN implementaDons. While 
exisDng models such as CNNLaneSNN and C600 LaneSNN reached IoU scores of 0.6 with over 
1M parameters and consumed approximately 1 W, the proposed FCNN NB required only 6k 
parameters and 12 mW of power, achieving IoU scores of 0.3 in sobware and 0.2 on hardware. 

These results underline a fundamental trade-off between accuracy and efficiency, 
demonstraDng that the proposed architecture drasDcally reduces energy consumpDon while 
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maintaining sufficient performance for real-Dme lane detecDon in embedded automoDve 
systems. 

 

5.2.3. Future plan 
In above secDons, we demonstrated the feasibility of building a low-power, real-Dme object 
detecDon system by combining event cameras, Spiking Neural Networks, and neuromorphic 
hardware. This approach highlights the potenDal of bio-inspired compuDng for embedded 
percepDon tasks where energy efficiency and low latency are criDcal. Looking ahead, our next 
steps will focus on broadening the scope of detecDon targets and exploring new algorithms 
that can further improve accuracy while maintaining hardware compaDbility. 

Another promising direcDon is the extension of SNN-based methods to a wider variety of 
sensory inputs. While this study concentrated on event-based vision, we are aiming in future 
to adapted this technology to other modaliDes such as tradiDonal vision sensors, milli-wave 
radar, or LiDAR, each of which provides complementary informaDon in different formats. 
Developing architectures and training strategies capable of fusing such heterogeneous inputs 
would significantly enhance robustness and versaDlity. UlDmately, these efforts aim to 
establish neuromorphic systems as a general, mulDmodal framework for efficient real-Dme 
percepDon in safety-criDcal applicaDons for automoDve and roboDc domains. 

 

5.3. Mul3-modal SNN: handling various sensor data 
simultaneously 

As I explained in previous secDon, we focused at first the sparsity and energy efficiency of SNN, 
and conducted several preliminary studies and technologies developments. Through these 
acDviDes, we also recognized the importance and potenDal of asynchrony of SNN, which can 
deal with various sampling rate and Dme series data. In our automoDve and industrial context, 
we handle not only vision data but also voltage and current waveform data for motor control, 
various data from heterogeneous equipment in factory, etc. AddiDon to this variety, we have 
to someDmes process mulDple kinds of signal at the same Dme, for instance, we have to take 
into account kilo Hz order data and asynchronous event simultaneously. I think that the 
asynchrony of SNN can give a soluDon for them and I’m now making plans of this idea “mulD-
modal SNN”. In this secDon, I will show them briefly.  

 

5.3.1. Prior arts of SNN for various modali%es 
Here, we show representaDve prior studies that exploit the asynchrony of SNN for data 
modaliDes beyond vision. 
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In the domain of audio–visual (AV) integraDon, substanDal progress has been achieved by 
exploiDng the temporal coding and asynchrony of SNNs. Liu et al. proposed MISNet [76], 
which enables cooperaDve integraDon of audio and visual modaliDes with high accuracy and 
low energy consumpDon. Li et al. developed a Spiking Tucker Fusion Transformer for zero-shot 
learning [77], while He et al. enhanced AV SNNs through semanDc alignment and cross-modal 
residual learning [78]. Furthermore, Guo et al. reported an AV classificaDon framework that 
integrates cross-modal agenDon with SNN–Transformer architectures [79]. CollecDvely, these 
studies demonstrate the effecDveness of SNNs in extending convenDonal AV fusion 
frameworks. 

In the area of visual–tacDle integraDon, research has been parDcularly acDve in roboDcs 
applicaDons. Taunyazov et al. combined event-driven vision sensors with tacDle sensing, 
enabling efficient mulDmodal processing on neuromorphic hardware such as Intel’s Loihi [80]. 
More recently, Yang et al. introduced temporal–locaDon spiking neurons that capture both 
temporal and spaDal features, thereby improving the performance of visual–tacDle fusion [81]. 

Research in radar–event camera integraDon has also demonstrated the uDlity of SNNs, 
parDcularly leveraging spike-Dming-dependent plasDcity (STDP) learning for sequenDal and 
energy-efficient computaDon. Safa et al. fused informaDon from event-based cameras and 
FMCW radar for SLAM applicaDons [82], while Vogginger et al. showed the applicability of 
SNNs in automoDve radar processing pipelines [83]. 

In addiDon, several works have addressed extensions of learning algorithms for mulDmodal 
SNNs. Rathi and Roy proposed an STDP-based unsupervised cross-modal learning framework 
for simultaneous processing of images and audio [84]. More recent approaches include Li et 
al.’s SpikeCLIP, which disDlls mulDmodal knowledge into SNNs [85], and He et al.’s temporal-
agenDon-guided SNNs that integrate spiking computaDon with Transformer-based 
architectures [86]. 

Taken together, prior work highlights the potenDal of SNNs to overcome the limitaDons of 
convenDonal mulDmodal learning approaches. Nevertheless, several challenges remain 
unresolved, including integraDon strategies, stability of learning, and the balance between 
energy efficiency and accuracy in pracDcal scenarios. The present study aims to address these 
challenges and to establish a foundaDon for the pracDcal deployment of mulDmodal 
processing frameworks based on SNNs. 

 

5.3.2. Future plan 

Over the next several years, I will pursue a sustained program of research and development 
on mulD-modal spiking neural networks (SNNs). Working from within the automoDve 
domain, it means to deal with vehicles, mobility services, and factory roboDcs, I see unique 
promise in SNN architectures that can ingest and reason over heterogeneous sensor streams 
concurrently and efficiently. My long-term ideal, as envisioned in Figure 73, is a brain-
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inspired system in which a single SNN processes diverse signals end-to-end, enabling robust 
percepDon and control across real-world operaDng condiDons. 

 
Figure 73  Idea of mulB-modal SNN 

I recognize that this goal is ambiDous. Even at the level of signal transducDon, the spike-
encoding front end lacks a widely accepted standard; converDng disparate sensor outputs into 
informaDve spike trains, while preserving Dming, scale, and cross-modal alignment, remains 
an open problem. Yet I am commiged to addressing these challenges deliberately, by iteraDng 
on encoding schemes, advancing learning rules that exploit temporal structure, and validaDng 
designs on representaDve automoDve and roboDcs tasks. Step by step, I aim to transform 
these difficulDes into opportuniDes for innovaDon, ulDmately delivering technologies that 
raise safety, efficiency, and adaptability in mobility and industrial environments. By solving 
these problems one by one, I hope to contribute not only to our field, but also to other 
industries and  finally to society at large. 
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Appendix A 
Automa@c construc@on of video image processing using 
3D-ACTIT 

A.1. Summary 
Input moving images into 3D-ACTIT and automaDcally construct video image processing using 
a combinaDon of 3D image processing filters. By treaDng the Dme axis as the Z axis and video 
data (frame images) as 3D volume data, we hypothesise that 3D-ACTIT can be used to 
construct video image processing. In this chapter, we conduct an experiment to automaDcally 
construct the process of extracDng moving objects from video data using 3D-ACTIT by 
reproducing a road environment captured by a vehicle-mounted camera using a small robot. 
We verify whether 3D-ACTIT can construct the desired processing for moving images simply 
by inpuyng a set of training images. 

 

A.2. Training dataset 
We captured video images simulaDng a road environment using mulDple small robots. 
Specifically, we mounted cameras on mobile robots and captured images in an environment 
simulaDng a road, using mobile robots that simulated oncoming vehicles and vehicles ahead. 
We created three scenes by changing the background and other elements, and the goal was 
to extract oncoming vehicles and vehicles ahead from each scene. In other words, we aimed 
to automaDcally construct a process for extracDng moving objects from scenes captured by 
on-vehicle cameras. Figure 74 shows the training image set. The training image set includes 
target images prepared by extracDng only the regions of moving objects from two scenes with 
different backgrounds, as shown in Figure 74. These two sets were input simultaneously. The 
image processing filter set used is shown in Table 2. 
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Figure 74  Training image set for moving object extracBon 

 

A.3. Moving object extrac3on from video data 
The teacher image set in Figure 74 was input into 3D-ACTIT, and the output images and tree-
structured filters are shown in Figure 75. Looking at the output images, it can be seen that 
they react to objects in the background and contain some noises, however they sDll extract 
the regions of moving objects even in different scenes. The results of applying the constructed 
tree structure to tesDng images and the results during image conversion are shown in Figure 
76. Analysing the tree structure, we generated an image that serves as a mask by using a filter 
"t" that sets values equal to or below the average tone value of the input original image to 
white, and a filter "i" that inverts pixel value. 

"i" to generate an image that serves as a mask to limit the processing area. By taking the 
boundary product "b" between this mask image and the image transformed by the other sub-
tree, only the edges of moving objects are extracted. In the lager half of the processing, it can 
be seen that the target image is approximated using neighbourhood processing filters such as 
the average value filter "-" and the maximum value filter "M", as well as the binarizaDon filter 
"n". 
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Figure 75  Results on training data for moving object extracBon 
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Figure 76  Results on tesBng data 


