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The Importance of Human Research and Innovation

| TX

This year marks the milestone of Yamaha Motor’s 70th anniversary. Over these seven decades, we have
built and solidified the Yamaha brand by delivering Kando* to customers through our products and
services. And we must continue to enhance our presence through the brand that our customers have
shaped together with us.

In doing so, we must always be mindful of the unique style of Yamaha that defines us.

We have defined the pursuit of Yamaha's unique style as our guiding principle in Monozukuri (engineering,
manufacturing and marketing), expressed through five characters: 5§ (Hatsu), 13 (Etsu), 15 (Shin), & (Mi),
and % (Ketsu) - meaning Innovation, Excitement, Confidence, Emotion, and Ties.

When we focus on new products born from fresh ideas, and on the technological fields that underpin
them, we can see a history of challenging innovation through unique concepts—surpassing their era with
what had never been achieved before. In other words, we have consistently pursued “Hatsu” = Innovation.
Furthermore, to refine our brand value, we have set forth our long-term vision: “ART for Human
Possibilities — Let’s strive for greater happiness.” What we seek is happiness that comes from enriched
lifestyles and enriched hearts, beyond technology itself. Since the COVID-19 pandemic, we have felt
through rising demand that people everywhere in the world are craving this kind of happiness, born from
both lifestyle and spiritual richness, more strongly than ever.

To bring this long-term vision to life, Yamaha Motor’s new core technologies are Energy Management,
Intelligent Systems, and Software Services. The cornerstone of value creation that supports them all is
Human Research. In this digital age, when so much work can be replaced by Al, an opportunity lies before
us — as a company that has always emphasized Human-Centric Monozukuri. Considering what we have
observed since the pandemic, we find that when we engage in dialogue with investors on this point, it
resonates strongly.

What we should be especially mindful of now are those abilities unique to human beings: understanding
emotions, creativity, ethics, flexibility, and the ability to learn through experience. By engaging the five
senses in various experiences, humans deepen knowledge and understanding. They connect this
knowledge and understanding to flexible thinking and ideas grounded in emotion, intuition, and lived
experience. What matters most is the deep understanding and emotional bonds that come only from direct
experience. This applies not only to products, but also to watching rugby, soccer, motorsports and more.
Yet what we aim to appeal to in people’s sensibilities is not the virtual, but the real world.

It has now been more than thirty years since the collapse of Japan’s economic bubble, during which time
the country’s economic stagnation has been repeatedly pointed out. Much of this is due to Japanese
companies being unable to adequately respond to the structural changes in society and the economy
during that period — namely globalization, digitalization, declining birthrate and aging population, and
changes in values.

For us, a company that has embraced the corporate purpose of creating Kando and advanced human-
centric Monozukuri, an opportunity is at hand. Understanding that we must respond effectively to these
structural changes in society and the economy, our mission is to continuously innovate through both
technology and business.

*Kando is a Japanese word for the simultaneous feelings of deep satisfaction and intense excitement that we
experience when we encounter something of exceptional value

YAMAHA MOTOR TECHNICAL REVIEW
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I 2025 New Model “TRACER9/GT/GT+"”
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Abstract

Since the launch of the first-generation model in 2015, the “TRACER series” has continued to deliver new value to the

sport-touring category. By achieving a high-level balance between the dynamic performance of a sport bike and the

practicality for versatile use, it has evolved through four generations with various refinements, establishing a unique

position as a model that meets a wide range of riding needs. With the introduction of the fifth-generation new model,

this paper presents the key features of the product.
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Abstract

The “Ténéré 700", launched in 2019, has been highly acclaimed for its unique value proposition — offering true off-

road performance combined with excellent on-road versatility. For the MY25 model, development focused on

enhancing rider control, off-road capability, and electronic integration, while staying true to the core values of the

Ténéré family. Key technical objectives included achieving EU5+ emissions compliance, improving suspension

performance, and introducing rider-selectable power modes.

These advancements further strengthen Yamaha's leadership in the sub-1,000 cm® On-Off segment.

INTRODUCTION

We updated the well-received “Ténéré 700" model by
equipping it with the EU5+ compliant “CP2" liquid-cooled
689 cm® engine, while maintaining its performance and

adopting a lightweight chassis.

As a global model, it is scheduled for production and

release in various countries.

Building upon the foundation of the “MY 2019 Ténéré
7007, the MY 2025 model was developed under the
concept of “The Real Adventure Motorcycle for a Global
Market”, aiming to achieve a high-level balance between
off-road capability, on-road comfort, and electronic
control features, while preserving the core values of the

“Ténéré” spirit.

DEVELORMENTSLARGE,

At the beginning of the development of the “Ténéré 700
MY 2025", we revisited the reasons behind the global
success of the “MY 2019 Ténéré 700" and identified the

core features that resonated with riders worldwide.

The concept of “Renewal through Continuity” guided our
approach: to evolve the model while preserving its

essential character.

Key attributes such as compactness, lightweight design,
riding ergonomics, suspension performance, and off-road
capability were retained, while targeted improvements
were made based on rider feedback and internal

evaluations.

YAMAHA MOTOR TECHNICAL REVIEW 1 2



To enhance the riding experience, development efforts
focused on the following areas:
* Riding position
- Suspension setting (front fork and rear suspension)
* YCCT (Yamaha Chip Controlled Throttle) ECU mapping
- ABS(Anti-lock Brake System) with 3 selectable modes
+ TCS(Traction Control System) with ON/OFF settings

These improvements were achieved through collaborative
testing and validation among YMRE (Yamaha Motor R&D
Europe), YMC (Yamaha Motor Co., Ltd.), YMENV (Yamaha
Motor Europe NV), and selected suppliers.

The goal was to maintain the intuitive and confidence-
inspiring ride of the original model, while adapting to

evolving rider expectations and regulatory requirements.

Fig. 1 Functional Styling and Design Update - Vehicle
Overview: “Ténéré 700” (Model Year 2025)

C-Chamfer shape approach (Fig. 1):
« Inside this area: Shape and surface focused on rider
movement
* Outside this area: Shaped for a good air flow

management

Development activities were primarily conducted at
YMRE in Italy in collaboration with YMC and YMENV.

Joint tests were conducted by YMRE, YMC and YMENV
during this period (Fig. 2).

1 3 YAMAHA MOTOR TECHNICAL REVIEW

“Ténéré 700” Development Target & Objectives

Off-road

B

High speed

White road with dust

Fig. 2 Development Test Structure and
Collaboration Framework

DEVELORMENT,CONGENT,

3-1. Chassis

The basic chassis structure (Fig. 3) was inherited from the

previous model, with two changes.

A larger muffler bracket pipe with a reinforcement patch

was adopted to increase rigidity of the structure.

Additionally, a passing-through type carrier mounting boss

was implemented to achieve a better load distribution.

Carrier Boss

Muffler Bracket| il o™

Fig. 3 Chassis changes: Muffler Bracket and Carrier Boss

3-2. Suspension
Suspension performance was significantly improved to
enhance off-road capability while maintaining comfort

and stability during on-road riding.

The front suspension (Fig. 4) features a 943 mm upside-
down fork manufactured by KYB, with a stroke length of
210 mm.



It includes spring preload adjustment, as well as

compression and rebound damping adjustability.

Air bleeding is also supported to facilitate maintenance.

The rear suspension (Fig. 5) adopts a link-type configuration
with 200 mm of wheel travel and 101 mm of suspension

stroke, contributing to improved load absorption.

A lightweight and rigid full-aluminium swingarm is
employed, paired with a KYB aluminium cylinder unit

featuring a piggyback tank.

Compression and rebound damping are adjustable, and a
convenient preload adjustment knob is provided for a

quicker setup.

Updated Fronk
suspansion

Rehawnd [Tention)
adpuslment

Pre-load adiustment

Air bleeding screw

Compression
adjushbment worew

« Adoption of pre-load
= Fork internals optimized
= Settings optimized

Fig. 4 Front Suspension: Configuration and
Adjustment Features

(@ =

[ e
Current | MEW
f
w Rearammlink Lo
tape thanged —
Canrent NEW
Sunpein e atrcke 4 mm 101 mm
Witveed travel 200 mim 200 e

= Improved rear end cantrol
» Improved contact and feedback
* Reducing bettoming

Fig. 5 Rear Suspension: Configuration and
Adjustment Features

“Ténéré 700" Development Target & Objectives

3-3. Wheel/Brake

The brake system and wheel configuration were carried
over from the previous model, featuring a 21-inch front

wheel and an 18-inch rear wheel.

This setup was retained to maintain all the excellent
characteristics of maneuverability, stability, and overall

vehicle dynamics across a wide range of riding conditions.

3-4. Off-road Oriented Features

To enhance off-road performance and rider operability,

several dedicated features were newly adopted.

A one-piece rally seat (Fig. 6) combined with a redesigned
fuel tank and cap improve rider mobility and vehicle

integration.

The ABS (Anti-lock Brake System) is switchable across
three modes, allowing preferable braking control in off-

road conditions (Fig. 7).

A USB Type-C port was added to improve connectivity

and convenience (Fig. 7).

An aluminium skid plate (Fig. 8) ensures protection

against obstacles, with a ground clearance of 240 mm.

The knuckle visors (Fig. 9) were redesigned to improve

handling.

Wide foldable foot pegs (Fig. 10) with removable rubber

inserts allow adaptation to various terrain conditions.

The clutch cover (Fig. 11) was revised to improve rider

leg movement, and the side stand switch was repositioned.

YAMAHA MOTOR TECHNICAL REVIEW 1 4



“Ténéré 700” Development Target & Objectives

1641 For

¥ Nerw feel Lk
o Cagacity b
BT P
o drgated berd bk cag
o el gy N iy
= W i werm el i Bl el
« wgeowrd rder reedon
= Enprnially stard up rading

D!

Rorired g g e T g

Fig. 6 Seat: One Piece Rally Seat and
New Fuel Tank Design

OF F O swlbch & 58 C slot

Fig. 11 Revised Clutch Cover Design

3-5. Engine

3 modes ABS Using ABS switch: B . . 3. . .
1. ABSON e G e ABS OFF The “CP2” engine, a 689 cm” liquid-cooled parallel twin-
Z. Rear ABS OFF - T astused setting)

3. ABSOFF

ABS OFF Shot pidh - ABS ON

Fig. 7 Cockpit area: Switchable ABS Function and

USB Type-C Port

Fig. 8 Aluminium Skid Plate and Ground Clearance

«®

™

—_—

Fig. 9 Updated Knuckle Visor

1 5 YAMAHA MOTOR TECHNICAL REVIEW

cylinder unit, has been refined to comply with the latest
emission regulations while maintaining its peak output of
54 kW at 9,000 rpm (Fig. 12). Torque delivery has been
optimized across the entire rpm range, with specific
improvements at low rpm achieved through intake duct
redesign (Fig. 13), contributing to improved handling in
off-road situations. Transmission gear shapes have also
been revised (Fig. 14) to enhance shift feel and rider
feedback.

This engine incorporates Yamaha Chip Controlled
Throttle (YCC-T) technology (Fig. 15), allowing riders to
select between two riding modes: SPORT (PWR1) and
EXPLORER (PWR2). The SPORT (PWR1) mode is
designed for riders who prefer a sharp and responsive
throttle feel in all riding conditions. It preserves the
snappy and exciting throttle response characteristic
available in previous models, while maintaining the
renowned smoothness and ease of the “Ténéré” engine

family.

On the other hand, the EXPLORER (PWR2) mode is
suitable for riders who enjoy a more laid-back riding

style, regardless of their experience level. This mode also



provides practical support when riding on wet roads or
off-road surfaces, where precise control of engine
response is required, such as on loose stones, slippery

ground, or muddy terrain.

The development and refinement of these power modes
represents several months of joint effort by YMRE,
YMENYV, and YMC, with the cooperation of all involved
parties enabling the achievement of the targeted

performance.

The Traction Control System (TCS) offers two selectable
modes via dedicated handlebar switches: TCS OFF and
TCS ON. Activating TCS helps/assist vehicle control on
wet or slippery off-road surfaces. The system operates
smoothly and is not overly intrusive, ensuring that engine
torque reduction is gradual and predictable. TCS
intervenes more frequently when the rider selects the
PWR-1 SPORT mode, and less so when PWR-2 EXPLORE
is chosen. During development, particular attention was
paid to ensuring that TCS operation would not cause any

unexpected sensations or discomfort during riding.
Additionally, the optional quick shifter (Fig. 16) supports

both upshift and downshift operations, providing even

smoother gear changes.

]High

EG power - Current model

- New model

/ EG torque [Nm]

EG torque

EG power [kW]

l Low

Low

EG speed [min-1]

Fig. 12 “CP2" Engine: Output Characteristics and
Emission Compliance EURO5+

“Ténéré 700" Development Target & Objectives

Fig. 13 Intake: Torque Improvement by
Optimized Duct Shape

The number of convex dogs and concave dogs in the
gears has increased from five to six (1% to 3™ gears), to

reduce shocks.

The dog angle has also been changed (4™ to 6™ gears) to

reduce vehicle behavior in response to throttle ON/OFF.

These revisions enable smoother gear shifts.

Fig. 14 Improved Shift Feel through Transmission
Gear Redesign

Handlebar switch (APS) n‘y

ECU

Throttle vahe

Fig. 15 Riding Mode Selection via YCC-T

YAMAHA MOTOR TECHNICAL REVIEW
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Fig. 16 Quick Shifter with Up/Down Functionality

3-6. EL Components

PLILTIFL

To reinforce the off-road and adventure image of the ]
Fig. 17 Four-LED Headlamp Configuration

vehicle, electrical components were newly designed in and Visibility

reference to the “DAKAR” competition model.

The headlamp (Fig. 17) adopts a distinctive layout
consisting of four LED modules mounted on robust
aluminum brackets, achieving both high visibility and a

rugged design identity. This configuration enhances the

vehicle’s presence in urban and off-road environments.

* Mewdy designed S-way joyitsck * Engine Mode selection — 2 svailabile
* Intuitive operation # SPORT (PWR-1)
¥ Aubo-cancelation Rashers ¥ EXPLORE (PWR-Z)
The switch handles (Fig. 18) and Human-Machine Interface Fig. 18 New Switch Handle and HMI Interface
(HMI) were redesigned to improve operability. A newly
introduced joystick enables intuitive navigation of display
Ewpdisresr Thesmie Brreset Thims

menus and supports a wide range of functions with

enhanced tactile feedback.

A vertically oriented 6.3-inch meter (Fig. 19) was adopted,
emphasizing simplicity, visibility, and reliability. The
meter allows independent adjustment of key riding
parameters via the joystick, including:

* ABS: ON/Rear OFF/OFF

+ TCS (Traction Control System): ON/OFF

+ Engine Power Map: SPORT/EXPLORE

In addition to core riding functions, the meter supports
smartphone connectivity via Bluetooth. Riders can view

turn-by-turn navigation, answer calls, control music

playback, and check real-time weather forecasts along the

planned route.

Fig. 19 Meter, 6.3-Inch Vertical Meter and
Connectivity Features

These features contribute to a more personalized and
versatile riding experience, suitable for both adventure

and daily use.

1 7 YAMAHA MOTOR TECHNICAL REVIEW



CONCLUSION

After a rigorous development process, the project met all

technical and performance targets. Final specifications
include a vehicle weight of 208 kg (with full fuel and
fluids) and 189 kg dry, with a front/rear weight
distribution of 49%/51%.

The seat height is 875 mm, with a narrow profile to

improve ground reach.

The riding position remains the same as previous model,
intuitive and natural. The rider can appreciate the revised
design, seat, and fuel tank shape, which allow more
freedom to move fwd. All package is contributing to agile
handling and ease of control across a wide range of

conditions.

The engine and chassis deliver a harmonious response,
providing clear feedback and a controllable, satisfying

riding experience.

A European press launch was held in Agafay, Morocco,
where journalists praised the model’s controllability on

various surfaces and its distinctive styling.

The market—including both media and customers—
recognized Yamaha's unique approach of maintaining a
lightweight, functional, and off-road-oriented design

philosophy.

This achievement was made possible through close
collaboration across the entire value chain, including
product planning, design, engineering, testing, business
and cost planning, quality assurance, procurement,
manufacturing, marketing, sales, and service, and reflects
a shared commitment to delivering a product that meets

the expectations of riders around the world.

The development of the new “Ténéré 700" not only
reaffirmed the model’s core strengths, but also provided
valuable insights into rider needs, design priorities, and

system integration.

“Ténéré 700" Development Target & Objectives

These insights are expected to inform and support future
product development and refinement, particularly in the
areas of off-road capability, user interface, and platform
versatility, contributing to the continued evolution of

Yamaha’s adventure and off-road strategy.
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A Development of the Sports Boat Flagship “295XD”

ZHERE PERTF

Abstract

Yamaha Motor develops and markets sports boats (SB) equipped with water jet propulsion systems, which generate
thrust by drawing in water from beneath the hull and expelling it at high pressure toward the rear. These sports boats
are classified into two categories according to their intended use.

The first is the “Family Fun (FF) model” (Figure 1), designed primarily for marine activities such as wake surfing and
towing, as well as for enjoying leisure and relaxation on the water. The second is the “Family Sport Hybrid (FSH)
model” (Figure 2), a center-console type boat designed with fishing applications in mind. Currently, our company
offers a lineup of four size ranges — 19 ft, 22 ft, 25 ft, and 27 ft — for both FF and FSH models, and we proudly hold
the No. 1 market share in the U.S. jet boat segment.

In order to further expand our product lineup and business scale — and to strengthen our presence as a premium
brand within the Family Fun category — Yamaha Motor developed the 29-foot class flagship model “295XD,” the

largest sports boat ever produced by our company, for market introduction.

XLl BT R KL 122206 TS AD T 5w T L TETIL
[295XD | D itEE Al 1=fFE #1177,

Lt MR SR Z WS L R NGETHEIN 22T
HEE 1 2182+ — 2— Tz MIEERZ IS L T AR —Y
A—F LT SB)ZJEHL TV 5,

ZO SBIFHRICIECT2ODAT AN FEND, TEDIE,
TIATY =T IR AT IREDV T I T4 T4 K 1
TOVTY JYAZA LR LG T2 HINE S % [Family Fun
CAFFR)ETIVI(KD) THB. 150D, I gz =Gk L
fek B —a2—)UHET®H % [Family Sport Hybrid (LA F
FSH) &7V (¥2) TH %, BIE. Y hHid 19ft/22ft/25ft/27ft D
AP A XL VT 50 FF BXU FSH E7 0V ZERLTED. 7
AVAHDY v bR—FHGICBENTY 2T iziE-> T 5,

EBILTA Ty TOHFEEFFERIOIERZH L LI,
FF H5 Ve 51387 L7 LT 5 R LCOfEERE E2 Family Sport Hybrid E5IL

X1 Family Fun €7)b
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Development of the “New HARMO” Electric Boat Maneuvering System

e thR

Abstract

At Yamaha Motor Co., Ltd. (hereafter, “the Company”), initiatives toward carbon neutrality are advancing through

electrification. In the marine field, one of the major challenges for electrification is cruising range, as both the weight

and size of onboard batteries pose limitations.

To address this, the Company began developing products dedicated to low-speed applications, maximizing the inherent

advantages of electric power—low-rpm, high-torque performance—while minimizing battery weight and size.

In 2021, Yamaha launched in Europe the first-generation “HARMO,” an electric boat maneuvering system specialized

for low speeds. It offers an unprecedented experience in which passengers can still hear the sounds of water and

wind, feeling a sense of harmony with nature. Now, aiming for broader adoption of this technology, the Company has

developed an evolved version—the new “HARMO.”
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Development of the “New HARMO” Electric Boat Maneuvering System
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Development of the “New HARMO” Electric Boat Maneuvering System
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Development of the “New HARMO” Electric Boat Maneuvering System
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- Development of the Wireless Joystick and MOB detection system
FEZF Ef 7EHE XK Andrew Artusa

Abstract

The “Helm Master EX” system has provided joystick steering functions that allow even inexperienced users to operate

a boat easily, along with automatic position and heading control for holding a fixed point—ideal for fishing. However,

on boats with structures that make it difficult to see the surroundings from the helm, or on larger vessels, even with

the joystick it can be hard to judge the distance from the dock when mooring, which can cause anxiety about

collisions. Additionally, even when using the station-keeping function, the captain must remain at the helm, which

makes it difficult to fully enjoy activities such as fishing. The new “Wireless Joystick” combined with a Man Overboard

(“MOB*!") detection system forms the “Wireless Station”, which not only resolves these user concerns and

dissatisfactions, but also frees the captain from the traditional constraint of a “fixed helm position.” By doing so, it

provides a new sense of comfort, freedom, and exhilaration for boat operation.

%1 MOB: Abbreviation for Man Overboard, indicating a person falling overboard.
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Development of the Wireless Joystick and MOB detection system
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Development of the Wireless Joystick and MOB detection system
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Development of the Wireless Joystick and MOB detection system
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- Development of a Five-Passenger Golf Car
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Abstract

In 1975, “Yamaha Motor Co., Ltd.” (hereinafter referred to as “the Company”) launched its first golf car, the “YG-
292", In 2025, the Company’s golf car business will celebrate its 50th anniversary. In June of this year, the Company
released two new five-passenger electric golf cars for the Japanese domestic market — the “G30Es” and “G31Eps” (see
Table 1). Like the current lineup, both are available in electromagnetic induction type* and manual-drive type
versions. In addition to the quiet operation characteristic of electric vehicles, these models deliver powerful, smooth,
and stable driving performance. Looking ahead to the next 50 years, these models carry forward the core concepts of
the current generation — “a comfortable mobility space,” “a sense of security in driving characteristics,” and “outstanding
operational reliability.” At the same time, they achieve further evolution in driving performance and realize a higher-
level balance between economic efficiency and environmental performance. The following sections outline the

development objectives and key features of these models.

* Automatic driving system that operates by following an induction wire embedded in the ground.
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- Development of the Electric Drive Wheelchair Unit “JWG-1"
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Abstract

Yamaha Motor Co., Ltd. (hereinafter “the Company”) has applied its advanced control and drive technologies—

developed through the creation of the electrically power-assisted bicycle “PAS"—to products that support welfare and

an aging society. In 1995, the Company launched the joystick-type electric drive unit “JW- 1" for wheelchairs, followed

in 1996 by the world’s first assist-type electric drive unit “JW-1II.” Since then, through full and minor model changes,

these units have continuously maintained a leading share in Japan's market for simplified electric (manual-and-electric

hybrid) wheelchairs.

The newly introduced “JWG-1" marks the first full model change in ten years for the joystick-type electric drive unit.

This paper outlines the development overview and key features of the new model.
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Next-Generation High-Speed Wire Bonder “UTC-RZ1”
ELEEZ ALRA

Abstract

The Assembly Solution Business Unit of Yamaha Robotics Co., Ltd. (“the Company”) develops and supplies wire and die
bonders. These bonders play a critical role in the assembly of semiconductor back-end process, and in recent years,
there has been growing demand for production automation and equipment condition monitoring during manufacturing
processes. This paper introduces the “UTC-RZ1” wire bonder, having developed in response to these needs.

The Company’s history in wire bonder business dates back to 1959, when Shinkawa Ltd. was founded, focusing its
business on the development, manufacturing, and sales of wire bonders. In 2019, it came under the umbrella of
Yamaha Motor’s Robotics Division, and in July 2025, it was integrated with other group companies to establish a new
organization as Yamaha Robotics Co., Ltd.

A wire bonder is a machine that performs connection between the pads, which are the electrodes of a semiconductor
integrated circuit (IC chip), and the leads of the package terminals on which the IC chip is mounted. The history of
wire bonders spans about 60 years. In the early days, manual bonders were used, with operators performing
positioning, bonding, and wire connection while viewing the work through a microscope.

In 1977, during the growth phase of global semiconductor manufacturing, the Company introduced the world’s first
fully automatic wire bonder. This innovation enabled operators to manage multiple machines simultaneously, thus
greatly improving productivity.

From the 1980s onward, as semiconductor ICs had become more advanced for applications such as personal
computers and mobile phones, the Company developed loop-forming technologies and bump-ball bonding processes
to support finer-pitch IC chips (smaller electrode pads and increased number of electrodes) and multi-chip stacking,
as illustrated in Figure 1.

In the 2000s, with the increasing capacity of compact memory cards and the rise of mobile devices such as
smartphones, low-loop forming technology and overhang stacked-chip functionality were introduced. Meanwhile,

following the 2008 global financial crisis, semiconductor manufacturing faced pressure to cut costs. Approximately 50%
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of wire materials were replaced from gold to copper, and efforts were made to reduce frame costs. To accommodate

those low-cost materials, the Company implemented multi-step bonding functions to improve bonding reliability.

In the 2020s, the spread of remote work due to the COVID-19 pandemic, along with rising labor costs and difficulties

in hiring manufacturing operators, drove demand for automation technologies that handle material transport and

automated quality-inspection functions. In this regard, Yamaha wire bonders were equipped with maintenance

monitoring and self-diagnostic functions, enabling labor-saving operation.

Additionally, the spread of electric vehicles (EVs) has spurred the development of thick-wire bonding technology using

copper wires of 50 pm or larger for power semiconductor applications. Furthermore, with the growing application of

generative Al, demand is increasing for wire bonding technologies supportive of next-generation devices.

On the basis of this long history of semiconductor and wire bonder development, the Company now introduces its new

“UTC-RZ1” wire bonder.
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- In-house Development of Lithium-ion Battery Packs for Golf Cars
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Abstract

In June 2025, Yamaha Motor launched the 5-seater electric golf cars G30Es and G31EPs, both equipped with newly
developed in-house lithium-ion battery packs. To meet actual usage conditions and latent customer needs, two types
of battery packs were developed in parallel: a 4 kWh and a 6 kWh model.

This lithium-ion battery pack is a fully in-house product, developed and manufactured entirely within the Yamaha
Group. The development and design were carried out by Yamaha Motor Co., Ltd., while Yamaha Motor Power Products
Co., Ltd. was responsible for manufacturing. This marks Yamaha’s first in-house production of a traction battery pack
for four-wheeled vehicles. As electrification accelerates across all forms of mobility, achieving cost competitiveness in
traction battery packs has become essential. This product realized full in-house production not only through progress
in development, manufacturing technology, quality assurance, and procurement strategies, but also through close
collaboration with affiliated companies, leading to significant technological advancements.

As a result, compared with the previously installed battery, the 6 kWh pack achieved approximately 50% cost

reduction. The following sections detail the specific technological approaches that made this possible.
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Use of VR to Improve the Quality of Risk Assessment
Enhancing the Accuracy of Pre-Installation Risk Assessment through VR Utilization
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Abstract

In recent years, the importance of risk management in occupational safety has increased significantly. Anticipating
potential risks and implementing corresponding mitigation measures have become essential. In particular, when
introducing new equipment, if there is a high risk of occupational accidents or health hazards, countermeasures such
as modifications to the structure or specifications are required. Since discovering risks after equipment completion
often leads to costly rework or retrofitting, it is crucial to identify potential risks in advance and incorporate
preventive measures before installation.

Meanwhile, XR (Cross Reality) technology, which integrates the real and virtual worlds, has been attracting attention.
XR is a collective term encompassing VR (Virtual Reality), AR (Augmented Reality), and MR (Mixed Reality), and in
the manufacturing industry it is expected to serve as a means to reduce development time and costs. Details of these
technologies will be discussed later in this document.

This paper describes a case study on conducting risk assessments using VR during the introduction of new equipment

in the assembly process, along with the resulting effectiveness of this approach.

A2 JDIAN
— RN A T2 AR FOTFIEIZLL FO@h TH5 Y,
1. faka- A EEORE
2. FBSEHOEBE B, nTREMED BV 22 % FRED
3. BEREEBEEL Y AR R T

U AR E O F i & A5 R ORL R

L AETIE VAT LU BB LL E DA FFATE

IZLBIC

A F LR BT BVARIR AT A SO EEED
o THD VARZD T REZ UKD UKPEFHE XA AR T
H% o FHCEME ACKRU T, S E P OV A S
DO E MG RO Z R EDXRARDEN S . isfii 4.
FEBIRICY AT VIS B &, dOEIC &2 TRODFEAELRT

W HARTTU A2l U, W72 #RDIAT TE A HET
H%.

— )5 BRI AR R 2595 XR(ZB AV TV T )
FAiEHEN TV S, XR 1& VRAR, MR 72 EZ WG9 543
FRCHY, BERICB O T BTN 2 A OFET-B L L
THIFEN TV, TNHDFIRDOFEHMIC DOV TIIRIDR T %,

AR T AN TRIS BT B Hae S ARFIS, VR Z1EHIL
TEURTTRARX Y FOFENiE Z DRNROFHNDONTIENRD,

IRIRSHG

VAT TR AR R e, Tl OV A 2 Al
L. il K OSSR 2 i —H DO FNATH D, FHEEEHE DA
BiEicAT T o5, FEAITIZI AT T B AAV D%k %
DFEFRITHEED FHENES 1B L U TORO SN, T & LI
DYATEA FO)V—)V 2L TE S T8, Bl a2

53 YAMAHA MOTOR TECHNICAL REVIEW

WY RS E UTIRIBETE D AL 72 %

LIeD> TS AZDV AT T B AR MCBWTYAY
LALBLLEDFRN S, BSOS 2L 5D, TR
MIET B0 BURTIE, @S AR ERE - (R EV RS
AHliZ FEL TOBICE DD R ABICHEN R TS
DD TE LT,

Z DK ELUT, BHRD 1) A5 R AN i X1 1 D F I H
DWTHD, B 8 7a E O iz (Hniic SRz
BN RHT, YA LIRS B D B 07 TS BEO 1
FARA—D 7 FBI L K B A F B TREEROF vy
THEC ) AT IR N D FEAELPTWEWSHEDNH S
(X1,



DRIT7A AV DER LE%ZIE>f- VRIER VRIERBICESHRIEEAFTIRAIT7LAX MEER L

Use of VR to Improve the Quality of Risk Assessment

Enhancing the Accuracy of Pre-Installation Risk Assessment through VR Utilization

2DXE

BoTuLedh
BFRO--
[FEFENES -

Bl BEDOF vy T DA A—Y

B EE

RO ADIHNE, Al E A FRTICIS T B AT HliHREE D
i) & SREROREDIARTH S (K2) T NEEE ORI
RUEENFITIKAEL GBI OF vy THVECR T ULENIC B,
T BRE D ILGHEDVEEA A— DR EFD LM, U AT AR
JEOm LEBXTYRT T CARA FOHEIN FICDEDBEHE A
oo HEE “XRZTEH LTe T A7 7R AR MEGE DM
LU BRI HEZ DL MciE Lz,

HAEEL. HRie iR o) A7 &Rk DIAR 4100 %
HER2. iz el 20U A7 L~)V3LL EIEOM:

JEENRT ZD*@_F_;A_ ) e e

BRn2RRS | swniERe  woERES ‘

________________________________________________ \ SR -

fHERARET  5RE HE{EIE RIF fmcE 2=

FIAVIREDAR— I TINA AL CREDO R Z D L,
Z OGP EIRZI LI TENTE S,

MR (Mixed Reality : #E3BI92) (&, Bgt R ARt %
FHRICHIG SR 5800 TH %, VR & AR OHIRIZEEINTH
D, BRSOz AT % 50T, AR IEFIC ADIAT VR
L35 s,

FRTRHIIC B I ZIRETH S, A PERRIMTH AT OV A7l
FEm BICiE, 2 2 AENMLEDIERA A—- V%2675
CENHETH L, KT T A VB ADBRERBETHBHTE
Do, B ARTRDEE TORGEED A RETH B LWV S B
ZEEA VR 2R 52 LE LT,

&1 XR O
Real Virtual
AR MR VR
N § “AX=MI5Z
wmn | ST | o, 5
(NYRIYDY T2 TLA)
o 742 Eoliiskanz o -
ARERS BZEfE et REHF+HRIBHSR {RAaHESR
B, (o
% | W El o
e @
s S
RZ2750861 @1 g Y
RER(CAEERBREE RERBZRBREET
HEERIREOFAIIC REMFREERE | RABERINTHRIET
IR ECEENS S 1EDHL. IHRERBD
(RIEBIRERIRTERL) (i BIRANIERE) {RABHEFRANRA
BWHAR-RRZOT RMHIR-ZTEERBD | 3DT—IDH THRIEATHE
ESE FTICE/ N DBIRETEHA SN T AE BN RUMRESRDHAT
NIRSUERORIEE | RWEERAULHENE | ASRMESSROIREEEE
REOED RZ% RZ% BRI
BES WE WE =
PR @] o o
= X o o
HIRTA VB ARG x A o
A
- i pas A
BEFSAVHOERET | (BHF A2/ X o .
DRI (BIFFA 207 —9E)
TAR{ESEIEAREE X [e) o
IREEDEE RS o A o
(NS )) (BRFT —EMAE)

SEENE XRICEBRA @;ﬁ% l
__________ * mﬁéma%wﬂ*amaK—‘
fHigiRst REt REEE 8 BE

FROT MR
RYNEPE

2 XRIEAICEBRIFEEATO—DEA A —Y

A e

CTTIE XRIZEENS “VR” “AR” “MR” DRI DWTEE
W95 (DA,

VR (Virtual Reality iRAHBIS 1&, CG HeffirZ O THAL
PENET BHICH %, VR I HMD (N RV b T AT
LA) &35S BT T BIFITE RO IR R “RBRL Tz
WK 7% BIGHSE O AN S EREE TRERTCE %,

AR (Augmented Reality : $A5EBIF2) (3, BIFHHICT I X
ISR At D, HIE IR 2R T 2 Rl T 5. A~ —

EiU R T2 AL DRETL

5-1. VR Z@EIc B 55 ST

HHII AT T AAY DO HMZER T I BME DT
BROVESEA A=V 72 F DT E N HETH % MAEDHER, VR %2
W& FAERIC I B i SEEFNC TN D B & N LBARMER
PEDERLD | IEMER ) AT FHli N EEC R B T EAVHI LTz, L
> TCIRTTRARAY MHET VR 2T 9 5BCi3, VR
24 E BRI O Hfm B L CEE R ST B2 A
%, 7 VRICE DY AT T H AR M i d BIcdHTzD,
e SHEEEREZ2 R VR 22N DS m & L BI IR D
S —BEEBHTLT @ TmOhMEZAIELZ(X3),

YAMAHA MOTOR TECHNICAL REVIEW 54



DRIT7A AV FDER LE%ZIB>f VRIEA VREBICESHRIEEAFIRI7 LA A MEER L

Use of VR to Improve the Quality of Risk Assessment

Enhancing the Accuracy of Pre-Installation Risk Assessment through VR Utilization

3'1 *ﬁIEE{* EE.%-E‘E?@{’F%IE :ul,\

X3-2 VR ZEHASE

AR BENERTE

CHUTED AAZEHN TN S 2 IR e —BE e 5
CEMATREL 72D, VR HAHRFIC R EFE O RO LIV TR
FAA—VRRETES ISR > Tz, £, VR 24 DR
T2 DA 73— DIfERE S BB AR 2RI DI
T —BESBBLTNEEAA—V Z I RLYI<E5
WCRIRD BTz,

5-2. YAV{eHER AL X REH

VR ZIEH LIZV AT 72 A A Mkt & =) 274
EUT YA 1> ASSY VT D Fifsil 72 LL RIcRd (K4) 6

1. WINOEEEZE) X7 ) ZZL~)L3

TR AEEPICTE TR ZIRY BETLY A A D -
MBBICEAEN OB 5D % 2 & THH RG2S
HEMED B S

2. DEFTEVRT VAL

FERE P LT 7B WO TR R B & TE5 PR & DR
DB ANFERNITOFTOTEEIL. $2H0F T2 £15 T HE
D%

5 5 YAMAHA MOTOR TECHNICAL REVIEW

2. R#ETHETL

X4 f5HEEIR

CTNHDYRZTH L LU FOx Rz i L7z (K5)

1. BINOEERHEZE) A7 VAT L \)LV3—2

SFRINS  BRE 22 D PTREMED F M EIC B D A L.
L = D v b T

2. DEFTEIVAZVATLN)3=2

SFRIN BRI Z i UL TR 2 e LT T
U7 %275y Mt

1. DR

-
.....
....
teny
]
ey

9. RMHFM A S L, FETYTDT T M
X5 BB TEINE

5-3. RIEFSREMR

BE LI HERS I 2A5 U L FOIED TH S,

9, HEEE LT T L AR OV A 7 il & Sk
D3ABZH100% % FHR LI MAI, BEat - Rk E N7
B DUWT100%ER T BT EMTET,

BN ERE LT, L MR RO T8 DY AT &
Mg BT D TEIZ ZUT, ZDIB2AHIV AT LNV
1CHo T 2SO LA LORMHEIE R R i b
S CHRKDIABT BT IR, e ikig OREE 2
7240 % HITKL ., 808 TS 1 RIS BT e T e,

Ml & BYRT T2 AR P T, BRy MilfEh O kEh



DRIT7A AV DER LE%ZIE>f- VRIER VRIERBICESHRIEEAFTIRAIT7LAX MEER L

Use of VR to Improve the Quality of Risk Assessment

Enhancing the Accuracy of Pre-Installation Risk Assessment through VR Utilization

YRYIRE . @i D2 B A BRRGHT B 3 2 Fafi A b
THH. NOVEENEIKATFT DV AT A LTV,
A VR 21592 LT, Mg 2 RE L7z A7 Ml
FTHIENTEILE Z B MERDKNMN—ADI AT T2 ARX
Ve UT GRS TILEDIERA X -V TR -
REAMTH-T,

RIS, VAT LAN)VILL FIEE O 2 HERL UTe S ie 4T
RETBOTE Y AZLANIVBLL EOEEIEIEH D21 F 7
U, HERI R E 75> o, 76, Faidridom i o i i a Tk
NSRBI Z T Th RV EHHBIAMTEER 2 DX §EV A
7THY, 7D VR OEH PRI TH > 72, Hiiid VR IHH
IZ& D BROFET AT DX R ZREDIA T LA hi i
WP TECE D, —EDMENH T LiHIiTE S,

SHORER

Al SR TR OFRT A VRSB VT, “VR” ZiGH]
Ui ARGV 2772 AR N F2E Uz o ABOFHAIC
XD, VR iZFH SO RIS IO T, BIRE R CTUEEA
A=V EHETEZTRELTHMTH ST RSN,

7235, %1010 VR MG Ff - IRRE DR i 2 5k LTI L
Fehd, 7= A= a v a2 HNg % 2 & T HBEER OB O
LB E F TG RTRE CTH 5 T D HERS N T 5. il
AHTDVAT TR AR MCBZ D EFREMABTE T, ik
IR OBeE N 270 KA RV OMEE TSI B
BODI SR i - 5% B RO IAB DIARET
X%, UKD VAT TE AR MR UsHE Ul AR
AHOESEBHEI FICOBRNBEDEEZ TS,

HhYle

SRl VAT AX Y FOE N 2 HINE LT, VR 26
L. LN OBIREICIA AR OB 27 T2, R, B
SEV5C3D Fiic it 282 0V mWELEH M D 538 5N
TR & 72 G B bANDIHRE DR D HIRINTH - T2,
YR TE AR FOBENSBIRTIE, FEIAEET B ANDFR
EARRTHY, S DOHOHAEZDE->NTE LT ER
THolebE 25, — )7 VRICKBZERERANIRIIRZNED
O, EEYZEIOIS B S AN 72 8 ANEES D BRI
IR BRI T E RV, PRI E LT, VR ZENC U
BEBEHOIDE Z VL T2 AR A —Y DI K BIE AN
DREDIHFEN TV S, £z, 5D VR AT LTI BE
HHHEOHATT N EROAL TN TEROID, FHiE T

WCHIRR—=A T b N T 5, B ORI W TE,
SHRETIVOIDIAGIIHBAHEE ZE ASN S M, THUCH A
B TEELRS O N T 22N A 2 BRI S
Bl AT E NS TE T AEEBIICH T 5 Az @ Uiz
TS FEDESRBRIMCHRTE S LMFEN S, 5% EH
FeffiziB U, T —he k> TRe R E#FL LT
T,

WEEH

(1] JEA4 572 TikEE D d A A YA B - https://anzeninfo.
mhlw.go.jp

[2] HARBERIREIRT TTAR/VR 23182 7°5y b 74— Lianc s
B HARMPHEDOBRK |  https://www.dbj.jp/topics/investigate/
2021/html/20211129_203602.html

B8] FY¥ /U ITVVa—a Y ATXR(ZBAV TV T &Ik ?
VR*AR*MR D3i# | :https://www.canon-its.co.jp/solution/
mr/vr-ar-mr/

4] 27+ A +72/11Y—TXVL Studio VR #4723~ (XVL
VR) | :https://www.lattice.co.jp/products/lineup/xvl-studio/

xvl-vr

mEE

)

L)1 #niE BIR WF
Kazuki Kamikawa Saki Sone
RONEE ZNil EONE = 7Nl

BOERTEH BOERTEH

YAMAHA MOTOR TECHNICAL REVIEW 56



2 7 #8 .

SMT Za77EAfblcmiTTc

L BEMEVVa—a bl

Automation Solution Technology Toward an Unmanned SMT Floor

XA H

Abstract

On production floors that use surface-mounting machines to mount electronic components and manufacture electronic

circuit boards (hereafter referred to as “SMT floors,” where SMT stands for Surface Mount Technology), several

challenges have emerged — including labor shortages caused by declining birth rates and a shift away from

manufacturing careers, rising labor costs due to global increases in wages and prices, and variations in work quality

caused by differences in worker skill levels. These challenges pose significant risks to customers not only in expanding

their businesses but even in maintaining and continuing them. To address these issues, Yamaha Motor Co., Ltd.

(hereafter, “the Company”) has been developing automation solution technologies aimed at achieving unmanned SMT

floors. This report introduces the envisioned future image of SMT floors that the Company aims to realize through

these technologies.
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Rapid and simple setup of system evaluation environment by the Cloud
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Abstract

At Yamaha Motor Co., Ltd. (hereinafter referred to as “the Company”), the IT Division is advancing strategic initiatives
in IT, digital technology, and data utilization under the long-term vision “Art for Human Possibilities” toward 2030.
Under the slogan “Yamaha Motor to the Next Stage,” the Company promotes three key digital transformation (DX)
programs: Y-DX1 (Reforming the Management Foundation), Y-DX2 (Strengthening the Present), and Y-DX3 (Creating
the Future)!.

Through new Yamaha experiences, services, and products that blend the real and digital worlds, the Company aims to
strengthen customer engagement, enhance brand value, and foster lifelong Yamaha fans. To realize this goal, the IT
Division’s role is to provide rapid and effective solutions that meet business needs promptly, while building a cloud-
native environment as the foundation of DX activities.

This paper introduces one such initiative — the development of a rapid and easy-to-set-up system verification
environment. This environment has already been adopted in several projects and is contributing as a core foundation

for Yamaha's DX initiatives.
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Creating New Value through Social Co-Creation: “Town eMotion” Vol. 2

—Practical Applications and Future Outlook of GSM Utilization and Collaborative
Development of Circular Vehicles in Urban R&D—
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Abstract

Yamaha Motor’s “Town eMotion” project, launched in 2020, promotes open innovation aimed at enhancing the well-
being of people and society through field-based urban R&D. This paper, following the introductory report, presents
the second phase of the initiative, focusing on the implementation and co-creation processes related to green slow
mobility (GSM) and the development of a novel “Junkan-sha” model — a mobile co-creation hub that serves as a
center for circulating resources and human connections, generating moments of serendipity through unexpected
encounters and discoveries enabled by mobility — within local communities. From 2021 to 2025, eight PoC tests
have been conducted in four regions, including Setagaya, Kamakura, Iwata, and Ueno, to test the hypothesis that
mobility can foster community engagement and help solve local challenges. Building on this, the Kamakura Creative
Field initiated a co-creation process in collaboration with local stakeholders and the COI-NEXT program, resulting in
a new prototype designed not only as a means of transport but also as a mobile hub for dialogue, circular economy
practices, and social engagement.

Through agile development from versions V1 to V4, and a transition to public-road-capable models, the circulation
vehicle has evolved to support various community functions. The project also established partnerships with local DAO
initiatives to co-develop materials and services, demonstrating the vehicle’s potential as a scalable platform for
regional co-creation and social innovation.

This study positions the*Junkan-sha” as a tool for redefining mobility—not merely as a means of transport, but as an enabler
of new social interactions, resource cycles, and collective creativity. The findings suggest a scalable model for localized

innovation aligning with the project’s vision of “Art for Human Possibilities” while supporting long-term social value creation.
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Development of a Power Management System for Fuel Cell Vehicles (FCVs)
Aimed at Application in Small Mobility Vehicles Requiring High Power Response
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Abstract

In recent years, the introduction of small electric mobility vehicles equipped with fuel cells has been proposed as part
of efforts to realize a carbon-neutral society 2. Compared with BEVs (Battery Electric Vehicles), fuel cell vehicles
offer advantages such as longer driving range. On the other hand, fuel cells degrade under load fluctuations, leading
to reduced output performance.

Therefore, Yamaha Motor Engineering Co., Ltd. (hereafter “the company”) has developed a hybrid system combining
a fuel cell and a LiC (Lithium-ion Capacitor) for application in small electric mobility vehicles requiring high power
response. This system suppresses load fluctuations on the fuel cell while achieving approximately 53% reduction in
size, 50% reduction in weight, and 23 % improvement in acceleration performance compared to systems using LiB
(Lithium-ion Battery) as the secondary battery.

Although LiC is compact, lightweight, and provides high output, its discharge capacity is small. Accordingly, we first
built a prototype hybrid system combining a fuel cell and a LiB to verify the load-fluctuation suppression function.
Next, we developed a system in which the LiB was replaced by LiC, obtaining favorable results in both the suppression
of fuel-cell load fluctuations and the improvement of driving performance.

This paper introduces these technical development efforts and presents the evaluation results.
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Integrated forming development of new “NMAX” and “YECVT” components
using the plate forging method
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Abstract

In the pursuit of carbon neutrality, it is essential to reduce not only COz emissions generated during product use but
also those produced in the manufacturing processes of component parts. In the field of plastic forming, continuous
technological advancements are required to achieve lightweight, high-strength, high-precision, and low-cost
manufacturing, while maintaining a balance with COz reduction.

The plate-forging method enables a reduction in material usage, near-net shaping, and process simplification through
the integration of multiple components into a single part, making it one of the most suitable manufacturing methods
for achieving carbon neutrality.

Yamaha Motor Engineering Co., Ltd. provides plastic-forming technologies based on fuel-tank press-forming expertise
and engages in the development of various plastic-forming methods, including forging, as well as the design and
manufacture of the dies and equipment that make these processes possible.

In this project, the core component of the “YECVT unit” — the continuously variable transmission mechanism installed
in Yamaha Motor Co., Ltd.s small premium scooter “NMAX" — was redesigned. Instead of the conventional method of
welding together individual parts, the new approach forms the entire component integrally from a single thick plate
using a cold-forming process. This enables the creation of a lightweight, compact, high-strength, and high-precision
part. By fully leveraging material properties and combining advanced analysis and die technologies, a new hybrid
plastic-forming method called the “YEC Plate Forging Process” was developed. This process creates new added value
through the integration of multiple forming techniques and has been successfully implemented in mass production.

This paper outlines the development and key technical features of this forming process.
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components using the plate forging method
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Development of a Hydrogen Direct-Injection Engine and Hydrogen Boat System
for Marine Applications
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Abstract

The energy required to power a pleasure boat is estimated to be approximately ten times that of an automobile, and
achieving carbon neutrality through electrification presents numerous challenges, including the need for significantly
larger battery capacity.

In this study, we developed a hydrogen direct-injection engine system for pleasure boats with the aim of realizing
carbon neutrality.

In the course of engine development, we successfully suppressed abnormal combustion, ensured reliability, and
achieved performance suitable for cruising with a naturally aspirated hydrogen direct-injection engine.

Furthermore, the hydrogen boat system maintains the packaging of a conventional pleasure boat while incorporating
a hydrogen supply system, including hydrogen tanks, and features a hydrogen-specific fail-safe mechanism designed

to ensure safe operation.
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Maximum power 450 HP

Bore X stroke 96 X96mm
Compression ratio 12.3

Number of cylinders 8
Displacement 5560cm®

Fuel injection method Direct injection
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Developing a Journal Load Prediction Method for Crank Knock in
Outboard Motors
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Abstract

To enhance the market competitiveness of outboard motors, reducing noise has become an important requirement.
One of the primary noise sources is “crank knock,” which occurs when the crankshaft strikes the main bearings.
Accurate prediction of this noise requires estimating the dynamic loads acting on the main bearings. However, due to
the high difficulty of direct measurement, sufficient verification has not been achieved to date. In this study, we report
on a measurement method for main bearing loads during actual engine operation, the obtained results, and the
development of a predictive model validated using these measurements. For load measurement, we focused on a
method that estimates bearing loads from strain measurements, thereby enabling estimation of loads during actual
engine operation. In constructing the predictive model, we developed a dynamic analysis model that treats the
crankshaft and engine case as elastic bodies. By comparing measured results with analytical results in both the time

and frequency domains, we confirmed that dynamic loads on the main bearings can be predicted with high accuracy.

@ @

LBl 3
IMET Y o IS BB R EO T IR bearing - “
B LGABTEN BB, ZDIERAROEN TS, TYIY o
B KR 5 LSRR R OB A R ) 2 0% Crankpin

AN R LGB D3 B, T R BRI O

FHHTHB 5 IR 2565 (LR, 252 74T Crank shatt =
EONCHEHT B, 770741313 KUIRT IS, QT8 with deformation
TR M, @257 o T IS L ® @

B2, @7 OB L 25 12 (RO HHTZZT, @ — st o
IV V=R v —F IV EDMEE SN, T —ADRT) & Crank shaft

B THELUTHEENB LS AN = X LTRSS, —

ABFETIE. 75 TS TNOE ATy TE LT 5% [ J"““"lb‘*”i“gj pdiation noise
W% 2% ERRZO Uy — F VAT PRI B LT, #JW

ACH, WAL (F425 1SS T VBT OV B L, -

x— VTR P BN ET L OREEE  FTsE R 0 Vibration ofthe case

e FlgE Ui —F U R O d2il e J2i Ui, oy d B S5V EREDAN L

YAMAHA MOTOR TECHNICAL REVIEW 90



IMNBEDIS I TEFADHDIv—FIVIFEFAFEDHE

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

T, O HREM D SRR 52 #EE 35 Fikic
AU WP FiZ LA O O3 HIE D 5, KE@H o
D — AR HEE U T, HEE IS KR U Tl 2 g
HENSIHEZ O T B2 2RI U7z BR o 04
AT =27 ET DL THRUIRIEAZRIH Uz, /2.7
TVUMB X O LYYV =R AL LTBIfti £ 7V 72
REERL ., FEMRE R L AT 7z Ll 9 % T & TRNTE T )L DR
FERGEZT T o720

Jr—FILEEDEN

2-1. &

FHSZALEADIEREO 3 A OREMZ I RICA T 5L
T Iy —H)Ui O 2, K2I0R g 70 —Fv— kD
WO FEHC I L FAR BRI K ORIE R Z BSL, oy
VIR DO ARPERER TIHSN I MO T AT — 2210
HACEHU Tz EABUCER LT, DL FOIREZ W Tz,

« BZFLAARD RFTATEE— Ri&. GH S0 B980T

ICBWTETE%,
- RBEIRFOIEHHO T A DATEADLEHUL, KIEFEE
HWWIZEBETELE NS,

Strain gauge attachment
around bearing bore

! v

Strain measurement test Test for obtaining
during actual operation calibration coefficient

- Compression strain data
+ Calibration coefficient

Derivation of equations for calibration
from strain to load

Compression strain data

during actual operation Equations for calibration

Actual journal load measured during actual operation

K2 SRATvy—FIVEEREO7O0—Fv—F

CCTRIBITIE . WU L0837 — Y o it
B L IR 05357 L K43 & CIRISIC BT L
FOFHYT =Y O TR, D% BRI 3IC R § 7 2
ZHE5 . BUEAHIEZALOTDE L, SV K87 O
% X 51, 25 PN TS A 1 Y A, X e T
BT % Z LS %, T2 V0 r—2ADMZILIE. &
VY RT O TR (TIVI Y L) ERT YA F— NG
I HhNTWB,K3DEINC WZLDT A KA — IVl
(a (D BET RS AT (b i) Z N ZENDII I T, FLE
BRCIF I 1-C30deg BIRHIC 1 20D O-$ 37 — Vit

9 1 YAMAHA MOTOR TECHNICAL REVIEW

L. 32577 MO O 9 A2 fE TEH LI LIz, # 0
AT =Y OAER KB @ISR SRS n=1.2, . 12IC
FOERTE.K0THT =T (TIT14T77 =) DERHICIE

IV WL T T4 T IR KD 2

{rote B

g Cylinder

Cylinder block
_—T1 (Aluminum)

_ Strain gauge

~ (Can measure radial strain)

Bearing metal

~~_Bearing insert
(Steel)

ﬁ 8
"10 ‘9

(a) View from the flywheel side

Cowl

Engine case

X

Crank shaft

/‘/ Drive shaft

/ Propeller
—1

Tﬂ

(b) Overall view of outboard motor from the Z direction

Lower

Flywheel
| |
- L |
a side .
(Flywheel side) Cylinder
Bearing insert 7 x block
(Steel) (Aluminum)

b side
(Drive shaft side)

Crank shaft :

é Drive shaft

| l_l ]
N

(c) Detailed view from the Z direction

M3 BEIERDERLVTHT —VITOBIER

Cylinder

Propeller




MNBEDIS /I TEFADHDIv—FIVIFEFAFEDME

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

f"l!'n'i

I -
75 | 75 deg | [105 deg,

Cylinder block
(Aluminum)

12 Bearing insert
(Steel)

5 aflicREILIcOT R — (EiRIREER)

2-2. RIEFER

K6l Rg &I, Dt DFHEREZ RV h TR LR
H7% B2 LY T B E F, ZHIINUIZBRO LR O
AR LTz I E O MR R 2 NEL DT
MTNENEEELTED, RIVMllNCE> TEEM LY
THNBTET AEDHIMAATREL 755, )V Ml 113 1A
WKSHRIL 72O A — DI K0EHAIL FIfaf RO K E 25
WUz IEA T n=1.2, -, 12ICH L TZENF IR EERIL
YT BN B HIINUTZBR DR O Ml A sl gk U7z,
KTITRT KT, BB LTI n lfaf BZEIIU TS D
WL HII R F,, %2 fA)E n- 1, non+ I0EEO a 3L T b
{1, FHE AT D IERGTT S P i a1 €51 €aps € Camyr Epa 2
WCTAy T4V T Ul CTTHRAT a b iFZFNZFnafll bl
U, eI FTE B 10O D EIINE NIZBRO 4 m i1 iE
WCBIBEHMOT AZET,

n n n n
F, =K, {Cn_l (eanfl +ebn71)+Cn (ean +€b,,)

+ Cn+1 (Eaerl +5bz+1 )} (1)

Cylinder block
(Aluminum)

Strain gauge

Bearing metal

Bearing insert

(Steel)

X6 MRIEFERDOBIER

n

n,.n !
€an €by |

30 deg

n—1. n+1

n n
€ €

an—1’bn-1 n n
" " €ant1 €bnt1

Strain gauge

Bearing metal

'F,

n

M7 RIEFBREDT(vT4VJ TERIDVT H

CTTCK, BRIEGREL. C, (EHR R T IS 4 2 09 B —
VOMEE 2T 2R THBMTEF,, Z T4 T 42T %
B, Cyq =Cpiy =1/ cos30°.C,=1& LTz Fie Ml n-1,
non+ IPEICB T, VR T 0y 7o XTI T A o —]k
G COME (F, , Foy, Fop  Fo ) ZT 4y T4 275 %
BRi&. V2T ay s (/ Jb\ﬁ'ﬂ\) ENTVTA Y —1
FD) DOV T HROLHREEZ, Cyoy % Cyuy ZHlIE LTz B AT
F. 274074279 2B f)% n=5, 6hLETIIMEN TV
YL AE=THNETEMEAI S THS7D. C5=
1/c0s30°. Cs=1. C;= (1/c0s30°)*210[GPal/70[GPal &L
TAAE n=THEDIEMO T Az T IV I =T LY DA
TR T Ty T2 T "l To T 5B, YT RId 7z
210[GPal . 7)V2 =T L &ZT0[GPal & L1z,

KL O EZ R (IICFHE DT Ty T4 2T Uikl
RO—HFIZZ X8I~ ARIEAER T, R ORI O
fiif 72 BB NS BN & B 7z B R D ETANAAf IS LT T ¢
T4 T EGEN RN IR B KT AIE T =12, 12IC
WUTRIEREL K, 22 T NRH LTz, KIBDRERM S, F2BE
DTN E 2K K R RTREAA EAR I K, 2135 28T
Tl

YAMAHA MOTOR TECHNICAL REVIEW

92



IMNBEDIS I TEFADHDIv—FIVIFEFAFEDHE

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

Load 4

— Actual applied load

—— Fitting result

E8 TrvFa RO,

K DITEDL6HAFIDIERHO T A2V T 1071427 (6
T4 T4 INHNA AL n iED a fill-b MlD2H 5D FH 7%z
HOTT4y T4 T RT40T740)  BROMAE n-2~n+2
DOHFPNICIST S a fil-b fIFHLOAFTDIEHED T Bz F 7z
T4 T47 107109 T4 27) BEMUT, LHROFE R, I
MRS BT 1w T4 VT ARG NE D> 2D, X
(DIEHD6 T4 T4 2T TH T, LIz T RN D
JEMEO ' A2 af IS BB, 6 70y T4 V7 Fi R
Hdazkell,

2-3. RBEAO T HBELFHELHR
T RS 3 KT lE A A — 775 (Ray MVBHE S
FDICBVT. O T HT — Y DERTOT Bt IS Uiz,
TESH RN O REANTD /A R bR B8, BFLIRE
EICE B — AT 0 )V 2P [l LTz,
FRRE P D HAEO 3 Al FRR b Ofif IS 57
&, (D) ZHEER U Tz ERRICER L TR DL R D22 B8 LT,
) WEENB0F A, WEHEAORERIEDORE 22
F 2728 KRGO A2 B MEEBAL T A9 L
BRI 8T 3L RS RV, e, RO
TRT— VDM TTINNEI T 5550558 24
ENH B, ZTT AL n=1.2, . 12ICBF 51
H F, OFANCEKD X, Z F T DO FERBE 2 HEE S 5,

() FEEERHICIE, EsZAMBIC X0 IS 2 Tiilie X d
M RIERER TRz N R LD & MEOBER 2
U T [EAREL 72, 2T, KINTRT &
I, Al 2 I U7 & CR RO -3 A O FE ik
MR BTEHEEIN D Ko T MO T BRI LR
DEWIC KB B2 i T A58 FRIEICH AL
ekl

93 YAMAHA MOTOR TECHNICAL REVIEW

Distribution of
compression strain

) Bearing metal L% f
{ Crank shaft

= Force

i

= Force

(a) Test for obtaining calibration coefficient (b) Test during actual operation

H9 REREEBEBIIOEROTHIHDE FE)

Duplication

En+2

Bearing metal

10 RLEDLEDRDER

WDITDWT, HAIFL i1 B XTI D IR BT 5 Fy (1),
Z JT I OFRRMMTE F (1) (&, SFASET 0 n=1, 2, -+, 12IC
B BEBEM@AE F,¢) OMEICED L FOXTEENS,

Fx(t)=3" F,(t)sin(30°2-15°) )
Fy (=37 F,(t)cos(30°n-15°) (3

K@), RIEBOTE,)ZIMAT BEHIE K107 T &
S EEDWE BN T 20N H 5, KIFRERTliE, (1)
WD E TR A DIEMD S H (HL 0T ) &2 D
BEDHARD 3 A A0 § H) MO EZFE LTS, Lz
Mo T TP DML n- 1, n.n+ LAEDIEHTO T P,
e &ny @ MDD ZZDFEX(DITRALTE,()ZEHL.
Chzel(2), ITRALTA. &, WHULTS A1, JEI
U H2IDOF3FIRICH WSS LD, EEMNVELS,
ZZT. XK@, (5). (6) VT, SASENEIC IS 2 IR5E)
REDIERED T Fre, 2, HID O T BB 76 B KT iDL O
T RIKG ey e N RLTZ, TTT. e 3 ITREMIFOIEHH O3
P IR RRBRRE D AR O T AR LT,

n-1
33—1(“)=[M}"n(” @
n + n +67L
e::(t){w}n(t) (5)
€, TE, TE€,



MNBEDIS /I TEFADHDIv—FIVIFEFAFEDME

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

e:“a):{,m]en(t) ©)
e el +e,

R(4). (5). (6)I2kD. AL n (I HHREMIEGHO T
T (1) KRIEFRBRVEIZ A - 1. mon-+ LA T A
UFBsic. fa i 1 R R B IO 3 3 lier . e )
AT, B FO3HENC R,

« F,()OBPEHIMENTHI S ORI T 3 21 (1)
« B (D OBDHIIE NI SO RO T H 617 (1)
+ Fyu(OOBDEMENTHI S OO TR £1(¢)

CORHCED. BB HICBIT BB n=1.2, .
120G BEEE, ()25 T 57 ORIERIZ R TEE
Nz,

Fo(£)= AK, {Cy 1 (2a) () + 2, (®))
+Cy (a4 2550+ Cuaa (20 O+ 251, ®)} (D)

CTTRELA X, Gi) TRl AR IERRBRI & SRR BRI I
BIEARO T HFRAETBOMEOE N ZHIET 272D DR TH
%0 FRELA &, X9 (@ IR T RIEFBRIE O O § Al S
ROTAIERHO T F & (BN ERATINHYS) &, X9 (b) 1<
AN AT U SCRFE N TO B IR EIRAE T, BT fof
EAHIME NGB 2 E L TR BN PO 3 e, D
HRICKDERENS,

A=%,/%, €)

2-28NCBWT, 6AFDIEAHO T A2 W67y T4 27
P 2740 T4 T BRT10T 40 T4 7 LU T RS
ThiEZ I CE e B E 2 MBI T 0l
FEZHIMUTZBROIEHEO T Aok, A1 n-1~n+10i
PICAAET LT T %o COREITHEDE, K9 (@ISR HE
IERRBRINHS A4 5 18] o (i B 2 FNIN U 72 D P e O 9
FENF FE n- 1, n, n+ INIED MO T RO Tl LT
EFT B, EBIC, K (DITR T T SCRRRIEIC IO T ]
EAHMENTO S5O MO T B, &, HififE 7z
TAZREE AT CRR U2 P e (H 2 LTS NBIE
DB NS RBHENZOFTHEL, A FORICKDRIT S,
TTT, WIEHNfr L, L (3208, D (2N E vy
RKTH B,

&,=W /(LDE) ©)

75 TNIRBIEDMER U i KT AEE I 2 BRIz

i RS FEICHEE 3 5728 X7V VT A 8 — MY
TEAEn=9BXT 100 BRI A K H Uz £ KKIE
FRERINIC 3510 BIERHD 9" (egh egh ey) DT &0 2L,
ThZEMOTR (), (DITHDEMAE n=0NEDOIRE A %
KDz [FIRRIC, FAIE n=1001EICDVTEIREA ZH L
P20 IRAKINIC TNH2DDIREN A DOFiE  HiEFREE LT
PR L7,

BEFAELL

3-1. I

0 D iOBZET) 2 2 %) 2 LfiftE EIAEH T
N7 S BN T IV R U Tz RHTE T )L OREERICIE,
IV VR RN 7 N7 27 T % EXCITE Power Unit
R2023.1 (AVL #H) 1% Z i L7z,

3-2. ®7)VLEH

RERLICBTE 7 L OBANZX L LR S, e [ET
VAT ARREEZRET )V (FEM) ICKORBIL I 2 X 12,
13RS BT LRI MR AL L, 75 > ZiiliEhic
AHTBBUIN D 7T T AES BT — AWITEZ
FraLlz, BRRNCE, =090 — A PRE HARLF
V=AM 2SRV )y RETIVEUTHERL ., 51, T
DY DS [ B T2 iSO <D > Ml ik
U7z T 2 Ml <o > FRAO IR ERIC K D15 Nn
TeIEMI 2 BRI ROE LT T Dy (iR T —) 1, &
DL, Ea, HIEE— AV FOARZERLIEMRELTET
JUEL MHAERZ N UTHA RZFY — AR Liz, 75
YO T IARA—IVDST S Ul E T )y RET
JLELT, % FEM 3BHHLEZ i L 725 A CHIfffr €7 VIC
FAIAATE

Crank shaft Case
(FEM )
Connecting rod ) - (FEM)
(Flexible body) Engine case
'\Nv\ 5 Exhaust
C i
force '\NV\ :
-\NV\ I:: Mounting
'\N\/\ |—g spring
/" Guide exhaust
Spring element ’/
(Journal bearing) ! Lower (mass element) | Constraint
Spring element point

(Thrust bearing)
Spring element
(Small end, connecting to cylinder)

B BELISHBRITE T IV ORKE

YAMAHA MOTOR TECHNICAL REVIEW 94



IMNBEDIS I TEFADHDIv—FIVIFEFAFEDHE

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

Flywheel

/

Crank shaft

12 FEM TETIUELIS> 7%

7z Journal bearing

X (Flywheel side)
Y

Exhaust
pipe

Engine Case % |

Guide exhaust

Rigid element

& Lower (mass element)

13 FEM TETIUELT —AERS

FhsZ, Kbz, A5 A MlSZ I3 IR ER 2 v
THIPEREZ N 5L ISV 7l — 2o YV r—AMB LT
>y RREi— 277 7z i Ulz, CNSDIRRERD
RIPEAELE K1 40DA XA— P BN &S RIERE IR K0
BTz I KRR R B K OAUE SN A I Kl E B350
BffEZ KT EEDOKEE oy TR BT L THIMEAR ks, 2
R U7z, E5IC, Hefih —imifis] Gl Lz imi) O 9 EH00L
ZACIVEAE kyyy &75 2 KHVCHHUE S22 30E LTz, Hefil —imif o
FTEEWRKTEE oy 7% TS O, Ry, DFEEL
a(O<a< DL UTEHZ, TO M IEHE S %W 5 JERUE K
(T ZEA/NENZEMIMED R <72 2 BIE0 Z MR EE LTz,
a> ey BN — 2 R NGB IR AR E R TR L. Z D
LREEE[SIIAR e UEE LIl s iy e N 1) A SR O &2 34
V752 KD TIRE LTz,

95 YAMAHA MOTOR TECHNICAL REVIEW

\| Reference point

Clearance

H14 BAEHZRIMEDAA—D

EARCDWTIERDAZHELBTIC XS 18X
CEANEBICK DM 12 A TH S a2 1y RN
G- Uteo BRBEIEICIE . SERRIB) O3 A iy D 2k
EMHA Uz, MR LT E T L2 VT, o P YA
JWTCEYA IV DYIaL—a rZEML, IR UT-Ri&2
YA OT—2EACTRAKSRE DA -7z,

SR L TRl B L8

4-1. BRI T DLEER

G505 Lz DS55, 1 DOHIZICBE S % iR
WR g MDDV TE AR DBGEEZT TV, FIERDRE R
WMEONZ 2R LTV 5, FB X TitTIc I ELN
TP TG TR (F () = Fy (1) Fy(®)] ONT L%
FRFZIEIC Ty Uz D) E U T LTz (REHIE LT E
H#M52,100rpm, 3,900rpm, 5,500rpm IZF4F 5%, 191 7)L
53 O FEIEH O LLIAE 2 X 1518779, K151 BV T,
TRTDTFTICBOTHEDKEED AT — L EH—LT
W2, WINDOIY YV EHBICIN T, TR R IS
REFICHIRIB /T EOE—7% R L, ZDMEDKE
TOAFZFPFERISHUTE1.5 [dB] UINE > Foo THTE
WOIRHTREIRIE I E REF B ZRL TS LD HRET
Xz,




MNBEDIS /I TEFADHDIv—FIVIFEFAFEDME

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

2100 rpm 3900 rpm 5500 rpm
Fx Bl T Simulation F
result 10 kN
0 0 0 ¢ -
7 % % 10 kN
0 Fy 0 F; 0 F;
IFx Fy
0 of—=4 0
\
0 Fz 0 Fy Fz
®15 REHBOLEESR
4-2. BRI T DL

4-1§i& [ —DOWIZICBIL T, s A A — 7 %4 R TilleL
T I 35 K O B D WL KB BT (F— & — b
T F ) TR T, MR ELE, 100rpm fE0E H bl
SAFITTIRMTZ2 17O SR B S % JEl A D faf FEL R
U TREGI TR L Uz, NI KTt O AT IC B
TV —ADONBREINERIED R E N TV AllE]
R, A% PR gl Utz $50iE /5 T O faf 8 Fy, FZ 1DV,
T2V VMR IRI KT ARDREGTH G« REMmREBIC
B EOKEE A T Y R0 O Lk R 21X 16
WORT s Ml BT AR — 77283 .2 2 s
DU, TS R O TS IR 57413 £8[ % 1 AN E 5
oo R — ZEICBIL T, ARG RO RS RIS 3%
7213 £3.5 [dBI LANE &0 | fiEHTs S TEMIRG R L Bbr R HHE
WRUTWATEW R TE,

1st Order 4th Order

Force Force

$1kN
Fy A\///

2000 3000 4000 5000 6000

$1kN

2000 3000 4000 5000 6000

Speed [rpm] Speed [rpm]
Force Force
o o
F, r/\/ff
Measurement
result

2000 3000 4000 5000 6600
Soeed [rom]

2000 3000 4000 5000 6000
Speed [rpm]

H16 REDITRAZDLLBHER

Bbylc

ABFE TR ST VBT T o7l E L
THET BTV ITEICEH L 2O FRONI ATy 7L LT
T — )R TS AT E T VKR LT, RETE TV
DORERREICERUTIE, OF BT — 22 WYy —F )V E
DIEMZA T TSR D Hlie e iUz, Feie /i LT,
o EERC KB I KRB TIc K B iz SR Uiz, Z
ORI, FEIfE L TSR L ORI BEFRMHBIDE SN T
WAL R LTz, CHUCKD, T2V — AL BT BRI S
PR XU — AL B O T TEE ] AT REZR Fiks
&7 AT DS ARBIFIC K DIFDN D KSR T2, 5%, i
H P TFEOMGELZEC T, 7o T EO TN IfEL 55,

WEE3TH

(1] Smidtsl, “sEml o #re O T RERY T o o Vs aF
By EE, BN 2328, Vol. 44, No. 4, pp. 1051
1057(2013).

(2] ILIFERRAR, /R, 1 —, SRR EHRE DTz D
BETPAICK S T2 Y VB 50 b7, EVBh BBl i
4, Vol. 53, No. 6, pp. 1227-1232(2022).

(3] KHIFIF, ATLEE, AHg, KR, FRIAR, AT
I T T e T Y YT 0y D O RIREIGE K O
SRR D T, HAKSIR 2230 HECi, Vol. 68, No. 671, pp.
1966-1971(2002).

[4]) KPuFii, ILIBSCH, KRS, 1EEIBIRAA —Uicxs
B0 HT =T 2 N6 J AT, HABIR A i
Afi, Vol. 75, No. 759, pp. 1460-1467(2009).

(5] FHFBOK, v I, £2) 18K, R FF, 09" Hatiihic sk
DLEN I HREHN R — R VICBT 578 CGE 1 JIlERE
A BUES 22 L—a2)”, HARKEHR A 2 S AR, Vol.
72, No. 713, pp. 69-76(2006).

(6] FER T, <O BT =2 LTV PlER”, FHNE HIEE, Vol.
45, No. 4, pp. 323-328(2006).

(7] LR, O Bt O SEREL IS, K 1242538, Vol
73,No. 7, pp. 772-775(2007).

(8] MAVEXR, “YEO#Z (1), Z— R, Vol. 10, No. 6, pp.
366-372(1982).

(9] FIAIESS, Bt bTA Ry — EEEOREE TR,
IR (2007), p. 177, HAI T &R0 ¢k

[10] “AVL EXCITE™ | AVL":https://www.avl.com/ja-jp/
simulation-solutions/software-offering/simulation-tools-
a-z/avl-excitem (7772 AH:2025/5/14)

YAMAHA MOTOR TECHNICAL REVIEW 96



ARSI EFADLHDIv—FIVEEFAFEDRE

Developing a Journal Load Prediction Method for Crank Knock in Outboard Motors

mEE

Y
HLEHA =R A &M Xz

Yuto Inoue Takuto Takahira Hideyuki Fujita
ety DA ety DA ety DA

TV RIS HrFER R TRV
MBSE #titEH IRVF=S XY AV MRS MBSE e

{

1k ] G 4 B M

Koji Kobayashi Taku Kondoh Toru Takahashi
Bty AR BRI EENS XV HEAA
iRt iR AT FRFEHRAR
NGl TaY ) M TR

97 YAMAHA MOTOR TECHNICAL REVIEW



FRP 7—)b S0FDRFELIEERFHICEATS

i OWRE

Report on 50 years of FRP pool achievements and structural characteristics

BHER ALCTF HHMEN SERE RKIIE IHFARE

12 iy 5/ 3 .

LEsE WA LR T 2100 FRP EARNE FERIC T2 VR T L (20244E 1 DISTHRESNIZED
T, [ARDFF A Z21F TR L 72 £ D THD A L DENFHER DS ETEN IAERTBUE T, MR - il 2 A UXd,

DS

Y NNFEEREE AL 19T AFEICENFIOA— )L FRP B — )L 5E L, —— AR B ZRICIE U T2 MR T — LD
F IR DT D OB Fe T E Tz BITEX TICRE16,50011 L 0D FRP 87— )L Z A L, 7 —)L D L8R & LT FRP
MR HENEETICE ST,

YN FRP 7 —)UE T =)Wl D D L=y M #E|UT TG TS L, i THHCTOE DD T —)Uliicd 5 1=
S ZERHI LT %, FRP DIt BTEHCEN TO SRR TH 2 WD T —I)VOMRIE LTHRITH 25—/ mRED I
LU E FRP ICK DA LA EH D GG Tk, RN T2 MR 21T TE T RS TV <N FRP 7' —)L Ok
TGRS i TH 0, FRP 87 —)L O F| s 0ii 7z | 504E DI it 3%,

Abstract

Yamaha Motor Co., Ltd. sold Japan’s first all-FRP pool in 1974, and has continued to develop a variety of pools in
response to needs and social changes, and to take on the challenge of expanding its business. Up to the present,
Yamaha Motor has delivered a cumulative total of more than 6,500 FRP pools, and FRP has come to be recognized as
a major material for swimming pools.

Yamaha FRP pools adopt a unit structure in which the pool tank is divided into several units, manufactured at the
factory, and assembled into a single pool tank at the construction site. While FRP’s superior corrosion resistance and
light weight make it an advantageous material for pools, there are also problems caused by FRP, such as chlorine
reaction and temperature shrinkage, and improvements have been made to the structure, construction method, and
materials. This paper reports on the structural characteristics of Yamaha FRP pools, construction techniques, and the

advantages and challenges of FRP pools, along with 50 years of achievements.
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Abstract

With growing global concern about climate change, the challenge is to achieve carbon neutrality (CN) in motorcycles
(MCs) as well, and various approaches are needed to achieve CN. For powertrains using internal combustion engines
(ICEs), CN can be achieved by adopting CN fuels such as e-fuel and biofuel, but considering cost and supply, it is
important to develop COZ reduction technologies for ICEs. Compared with 4-wheel vehicles, MCs are required to be
powerful, lightweight, compact and capable of travelling long distances, the CO2 reduction technologies that can be
adopted tend to be a trade-off between dynamic performance and CO2 reduction, and a challenge is to achieve a high
level of both requirements. We decided to focus on middle-class sports MCs, which require particularly high dynamic
performance, and to develop CO2 reduction technologies. As a technology development target, CO2 emissions were
set at 65 g/km in the worldwide-harmonized motorcycle test cycle (WMTC) class 3-2, while maintaining the dynamic
performance required for sports MCs. The combination of technologies required to achieve the target was simulated
and a concept was selected for technology demonstration. As a result, the downsizing concept with electrically assisted
turbocharger (E-Turbo) was selected and CO2 emissions and dynamic performance were verified on a dynamometer
using a prototype engine. This paper describes our approach to selecting the technologies based on these simulations

and the demonstration results using the prototype engine.

equipment industry, CN compliance is also a major

INTRODUCTION

challenge. For vehicles using ICEs, CN can be achieved by

In recent years, global concern about climate change has
increased and efforts are being made in various fields to

reduce CO2 emissions to achieve CN. In the transport
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adopting CN fuels such as e-fuel and biofuel, but there
are also issues in terms of cost and supply!'?, so not

only replacing fuel types but also improving fuel
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consumption is important as a value provided to
customers. To maintain and improve the value provided
to customers while meeting social demands for reducing
environmental impact, it is necessary to develop ICEs
technologies to reduce COZ emissions. Various COZ2
reduction technologies are also being researched and
developed for MCs, with the use of electric components'¥
and the adoption of turbochargers to reduce CO2
emissions'®. On the other hand, sports MCs with medium
to large displacement engines tend to require dynamic
performance such as high power, light weight and
compactness. Figure 1 shows the relationship between
power weight ratio (PWR) and CO2 emissions for MCs,
four-wheel vehicles with ICEs and four-wheel hybrid
electric vehicles (HEVs), showing that MCs are a product
group with a smaller PWR than four-wheel vehicles.
However, CO2 reduction technologies tend to require
various additional devices for existing conventional MCs,
which do not directly lead to improved power
performance or impair this. We have recognized that the
compatibility between low COZ emissions and
competitive dynamic performance is a major issue in
sports MCs and have conducted technical verification of
COZ reduction technologies suitable for sports MCs,
which can achieve a top-class CO2 emission of 65 g/km

for four-wheel vehicles.

25
20
=
%40 15
~ L 4-wheel vehicles
; 10 4-wheel vehicles ICEs onl
= HEVs only Y
A
5
’- sports MCs
0 i
50 100 150 200

CO2 emission [g/km]

Fig. 1 PWR as a function of CO2 emission

CONCEPT.RESEARCH

To narrow down the technologies required to achieve a
CO2 emission to 65 g/km, a driving simulation was used
to calculate the COZ emission level. The driving
simulation used was a one-dimensional (1D) simulation
by Gamma Technologies’ GT-SUITE. An overview of the
calculation method is shown in figure 2. The main input
parameters are driving pattern, gear position schedule,
gear ratio, vehicle weight, displacement, brake specific
fuel consumption (BSFC) map, friction mean effective
pressure (FMEP) map, cooling loss map, FMEP increase
factor at cold-start, and fuel injection increase factor at
cold-start. The engine operating points are calculated
from the driving pattern and gear position schedule to
obtain fuel consumption, which is converted into CO2
emissions during WMTC mode driving. The oil and water
temperature are calculated from the cooling loss map to
determine the amount of heat received and is reflected in
the increase in oil and water temperature. The FMEP
increase factor at cold-start and fuel injection increase
factor at cold-start are used to calculate the fuel

consumption deterioration at low engine temperatures.

For the input parameters, a virtual BSFC map created
with reference to data from previously developed engines
and high thermal efficiency engines for four-wheel

vehicles®718!

was used. The specification table for each
calculation model is shown in table 1 and the BSFC maps

created are shown in figure 3.
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Input
Driving pattern

Gear position schedule

Gear ratio

Vehicle weight

Displacement

BSFC map

FMEP map

Cooling loss map

FMEP increase factor at cold-start

Fuel injection increase factor at cold-start

v/

Calculation

Fuel flow rate [kg/h]

600 1200 1800

(=]

Time [sec]

v/

Output

1111

Part 1 Part 2 Part 3 Total

CO2 emission [g/km]

Fig. 2 Outline of calculation logic

Table 1 Specifications of calculated engine model

Base | Engine | Engine | Engine
engine A B C
Displacement 689 cc | 689 cc | 412 cc | 689 cc
CR 11.5 13.6 13.6 13.6
High tumble port v v v
VVT v v v
Cooled EGR v v v
Lean burn v
DI-Turbo v
Cylinder deactivation v
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The Base engine is a middle class general sports MC
naturally aspirated (NA) engine; the BSFC best point
indicates 250 g/kWh around an engine speed 5000 rpm
and a crank torque 50 N+m. The engine operating points
during WMTC mode driving uses engine speeds up to
5500 rpm and crank torque up to 33 N+m. The engine
operating points are same for Engine A, Engine B and

Engine C as they have the same gear ratios.

Engine A is a NA engine aiming for high thermal efficiency
as combustion enhancement technologies such as high
compression ratio (CR), high tumble port, variable valve
timing (VVT), cooled exhaust gas recirculation (EGR), and
lean burn. The BSFC best point is around an engine speed
3500 rpm and a crank torque 50 N+m, which is on the
lower engine speed than the base engine. The main
concept is to increase the required throttle opening at low
loads and reduce pumping losses through lean or dilute
combustion, and the engine is characterized by a wide low

BSFC range centered on the BSFC best point.

Engine B is a downsized turbocharged engine with
displacement downsized to 412 cc, high CR, high tumble
port, VVT, cooled EGR and turbocharger. The fuel
injection system adopted direct injection (DI) to counter
knock caused by boosting and to suppress fuel blow-off
during intake valve and exhaust valve overlap. The BSFC
below 10 N+m is improved compared to Engine A. The
main concept is to reduce pumping losses like Engine A.
Turbocharger adopted in engine B is able to supply a
larger mass of air than the same displacement NA
engines by compressed air and that enables output
targets to be achieved with a relatively small
displacement compared to NA engines. In the low-load
range, where a large driving force is not required, the
required throttle opening can be increased, and the
pumping loss can be reduced compared to a large-

displacement NA engine.

Engine C combines a high CR, high tumble port, VVT,
cooled EGR and cylinder deactivation with the base
engine and operates with a displacement of 344.5 cc

during cylinder deactivation. The dashed line indicates

the cylinder deactivation on and off boundary. In the
analysis, cylinder deactivation is mechanically switched
on and off with reference to the boundary line,
irrespective of the operating conditions. The cylinder
deactivation used in Engine C is a mechanism that
operates at a cylinder number with high engine efficiency
according to the required driving force. In general,
cylinder deactivation is used in the low-load range to
reduce pumping losses by increasing the required throttle
opening by operating with a smaller displacement than

the actual total displacement.

The COZ emissions in the calculation results are shown
in figure 4. According to the calculation results, engine A
showed COZ emissions of 78.8 g/km, falling short of the
target value of 65 g/km. Engine B achieved the target
value of CO2 emissions of 64.3 g/km. Engine C showed
CO2 emissions of 66.1 g/km, which was short of the
target value, but confirmed its potential to achieve the

target value.

110

100
90
78.8
80
70 64.3 66.1
60
50
40

Fig. 4 Calculated CO2 emission

CO2 emission reduction ratio [%]

Engine C

All concepts aim to improve BSFC overall, and reduce
pumping losses especially at low loads, but the analysis
results show that mechanisms such as Engine B and
Engine C, which run at low displacement at low loads, are
effective in significantly reducing CO2 emissions. These
are concepts that can be called displacement-on-demand,
and it was found that a reduction in displacement at low
loads is necessary to reduce CO2 emissions to the 65 g/

km in sports MCs.
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ENGINE,DESIGN

Based on the results of the concept research and our

B we decided to select

previous development experience
downsized turbocharging as one of the technology
options to achieve CN for verification. In conducting a
detailed study of the downsizing turbocharger, the target
values were set in table 2. In addition to the CO2
emission targets, these target values were set to ensure
the dynamic performance of the sports MCs. The CO2
emissions in the demonstration were only measured in a
hot-start due to the workloads required engine
calibration. The difference in CO2 emissions between for
a cold-start and a hot-start was calculated and 61 g/km

was set as the target value for the demonstration.

Table 2 Target value

65 g/km (simulation at cold-start)
61 g/km (demonstration at hot- start)

CO2 emission
in WMTC class3-2

Maximum crank power 62 kw
P 7000 rpm
. 93 N*m
Maximum crank torque 3000 to 6400 rpm
. . 210 kg
Vehicle weight PWR = 3.39

Less than 1000 msec

Throttle response at 3rd gear Road load

From 6.6 sec
Acceleration | 80 km/h | at 6th gear Road load
performance | From 5.8 sec
Time to travel | 100 km/h | at 6th gear Road load
200 m From 5.2 sec

120 km/h | at 6th gear Road load

3-1. Selection of displacement

To select the displacement, the CO2 emissions for the
combination of displacement and gear ratio were
calculated. The BSFC map of the engine for the study is
shown in figure 5, which is the previously prototyped NA
engine with high CR, high tumble port, VVT and cooled
EGR. The fuel supply system for this engine is port fuel
injection, but the demonstration engine is adopted DI
based on the concept of the engine B in Table 1. The BSFC
best point indicates 220 g/kWh around an engine speed
3500 rpm and crank BMEP 9 bar, and a wide low BSFC
area centered on the best point is characteristic. Driving
simulations were conducted by changing the combination

of displacement and gear ratio based on this map.
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Figure 6 shows the CO2 emissions in the analysis results.
The analysis results show that there is a CO2 emission
target limit between 470 cc and 560 cc depending on the
combination with the overall gear ratio at 6th gear.
Further downsizing is expected to further reduce CO2
emissions, but excessive downsizing increases the
required higher brake mean effective pressure (BMEP)
and there are concerns about pressure and reduced
thermal efficiency due to the reduction of compression

ratio as a countermeasure will increase”!.

T00
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Owverall gear ratio [-]

Fig. 6 Calculated CO2 emissions for combinations of
displacement and Overall gear ratio at 6th gear

In this study, downsizing is kept to the minimum necessary
to minimize the impact on dynamic performance. The bore
was set at 70 mm in consideration of fuel adhesion to the
cylinder from the DI penetration. The stroke bore ratio
should be around 1.0 to ensure turbulence flow in the
cylinder, so the stroke was set at 70.2 mm and the total

displacement was downsized to 540 cc.
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3-2. Turbocharger matching

Selection was conducted by creating an engine
performance analysis model using 1D simulation with
Gamma Technologies” GT-SUITE. Result of conventional
turbocharger analysis showed that it was possible to
achieve maximum power output, but there were concerns
that low end torque (LET) would not be achieved and
acceleration performance would deteriorate due to
insufficient exhaust gas volume in the low engine speed
range. As a countermeasure, it was decided to adopt an
E-Turbo provided by Garrett Motion as shown in figure 7.
E-Turbo has a permanent magnet synchronous motor as
motor generator (MG) integrated in the center housing
between the turbine and compressor stage, and by
supplying power to this MG, driving force can be applied
to the turbine shaft, which can assist in driving the
compressor. As supercharging is possible without waiting
for an increase in exhaust energy, an increase in torque
and improved throttle response, especially in the low
engine speed range, are expected. The E-Turbo also has a
harvesting capability, which was not part of these
investigations. In line with the adoption of an E-Turbo,
the power generation system is based on the 12 V
alternating current motor-generator used on existing
motorcycles, with modified magnet and winding
specifications and a 48 V - 2 kW class MG.

Garrett

Fig. 7 Structure of the Garrett E-Turbo

The results of the wide-open throttle (WOT) performance
analysis are shown in figure 8. It was confirmed that the
crank torque at engine speed 3000 rpm did not reach the
target value with the conventional turbocharger, but with
the addition of 0.88 kW of electric assist (E-assist) by the

E-Turbo, the target torque was achieved. The results of
the rapid throttle opening response analysis conducted
using a same calculation model are shown in figure 9.
The calculations were conducted with the engine speed
fixed at 3000 rpm and the waste gate actuator (WGA)
fully closed. As WGA control is not implemented, the
torque continues to increase after the target torque is
reached. In this paper, time to torque is defined as the
time from the start of acceleration until 90% of the
maximum torque is reached, and this is evaluated. By
performing E-assist, the torque rises more steeply than
without E-assist, and the target time to torque of 1.0 sec
can be achieved. As shown in figure 8, w/o E-assist, the
target LET is not reached even in the steady state, so the

target LET is not reached in the transient analysis.

100
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=z 60
8 o =
£ 5 40 2,
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£ 220 5
= 8 s 0.88 kW 5
SO [ 1.0 7
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Engine speed [rpm]

Torque w/ E-assist
----- Power w/ E-assist
--------- E-assist energy

Torque w/o E-assist
----- Power w/o E-assist

Fig. 8 Calculated crank power and torque as a
function of engine speed
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Fig. 9 Calculated crank torque of acceleration
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3-3. Selection of gear ratio

The COZ emission calculation results in figure 6 show
that for a displacement of 540 cc, over all gear ratio at
6th gear of 2.993 to 4.240 satisfies the CO2 emission
target. From this range, over all gear ratio at 6th gear
was selected to 3.972 by balancing the vehicle’s
acceleration performance. Together with the Automatic
transmission (AT) mode, this setting allows the selective
use of a low engine speed, high engine load region with
good thermal efficiency in WMTC mode. Figure 10 shows
the calculated overtaking acceleration performance from
the driving simulation. The overtaking acceleration
performance is evaluated in terms of the time to travel
200 m after starting acceleration at 80, 100 and 120
km/h. The results of the simulation showed that the
target acceleration performance could be achieved with

an over-all gear ratio of 3.972 or higher.

7.5
—e—80km/h
7 —e— 100km/h
—o— 120km/h
6.5 | o Lo T T T T T

6 m--‘——_.

5.5 | Target line of 100km/h

5 Target line of 120km/h
4.5

31 33 35 37 39 41 43 45
Over all gear ratio [-]

Overtaking acceleration time [sec]

Fig. 10 Calculated overtaking acceleration time

Figure 11 shows the electrical energy used for E-assist
during acceleration. The smaller the overall gear ratio,
the more electrical energy is required. An overall gear
ratio of 3.972 used around 4 k] of electrical energy for
all acceleration conditions. E-assist is assumed to be
powered by external power supply such as a battery or
capacitor, but it may also be possible to generate the
power using an MG mounted on the crankshaft and use
it immediately as assist power without charging the
power source, which is called “on demand assist”. The
feasibility of on demand assist will be tested in

demonstrations.
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Fig. 11 Calculated electric energy consumption

3-4. Decision specifications

Specifications of the demonstration engine incorporating

these design concepts are shown in table 3.

Table 3 Fixed specifications

Displacement [cc] 540
Cylinder number 2
Bore [mm] 70
Stroke [mm] 70.2
Stroke/Bore ratio 1.00
Compression ratio 13.6
Intake system E-Turbo
Injector type DI
Maximum power [kw]/[rpm] 62 / 7000
Maximum torque [N+m]/[rpm] 93 / 3000 to 6400

Primary 1.681

Ist 2.667

2nd 1.833

3rd 1.421
Gear ratio

4th 1.200

5th 1.037

6th 0.879

Secondary 2.688
Final gear ratio at 6th gear 3.972

Tumble port

VVT

Other items Cooled EGR

48V MG

AT
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An example vehicle layout for the demonstration engine
is shown in figure 12. As an example, a mass-produced
sports MCs frame was used, the demonstration engine is
certified to be able to mount on an existing motorcycle
body. The vehicle weight was 207.7 kg at the designed
value, including the exterior, and the target vehicle

weight was achieved.

Fig. 12 Example of a vehicle layout

DEMONSTRATION

The engine investigated in the section “ENGINE DESIGN”

was prototyped and evaluated. The turbocharger was
prototyped at Garrett Motion. An overview diagram of the
prototype engine and evaluation system is shown in
figure 13. The evaluation system used a virtual real
simulator (VRS) dyno, which enables the engine to be
evaluated as a stand-alone unit simulating vehicle driving.
The prototype engine has equivalent to those assumed to
be installed in a vehicle except for a cooling system and
a power supply system. The cooling system is connected
to an external heat exchanger for water temperature
control, and the power supply system is connected to an
external power supply for testing under various power

supply conditions.

o 150
B =100
=
i o 600 1200 1soo | FOWer Power
Time [sec) Supplier Supplier
| speed profile l2v Jasv
VRS system o ECU E-Turbo
controller | Accelerator CAN | controller
+ Speed signal
feedback 1 .
Dynamometer :EDZI EG E-Turbo
14 ti
Measurement Water il :
signal cooler || cooler Fresh
+ air
CVS S K———————] Catalyst |
analyzer Exhaust gas

Fig. 13 Outline of dyno system

4-1. Static performance

The BSFC map for the demonstration engine is shown in
figure 14. Compared to Figure 3 (a) base engine, the low
BSFC region has expanded: the best BSFC point indicated
approximately 220 g/kWh around an engine speed 3500
rpm and crank torque 50 N+m, which is equivalent to the
best BSFC point in figure 5. Due to the vibration of dyno

system, BSFC was not able to be measured below 2000 rpm.

100
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Fig. 14 Measured BSFC map of prototype engine

Figure 15 shows the power performance. The crank
power and crank torque achieve the target value, the
target torque is not reached in the low engine speed

range without E-assist as mentioned in turbo matching.
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Fig. 15 Measured WOT performance

The knock index and exhaust gas lambda are shown in
figure 16. The knock index is within the threshold
throughout the all engine speed range. The exhaust gas
lambda is measured at the exhaust pipe collective area
and is adapted to target stoichiometry for all engine
operating points. At engine speed 2500 rpm, the exhaust
gas lambda is leaner because the intake and exhaust
valve overlap section is enlarged by the VVT and the

scavenging effect is used.
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£ 3
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—— Knock index
------- Knock index limitation
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Fig. 16 Measured knock index and exhaust gas lambda

Figure 17 shows the dynamic CR and mass fraction
burned 50% (MFB50%). The CR adopted is 13.6, which
is a high setting for a supercharged engine, but by
adjusting the dynamic CR with VVT, MFB50% could be

1 1 3 YAMAHA MOTOR TECHNICAL REVIEW

set to a maximum of about 25 degree crank angle
(degCA).
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Fig. 17 Measured MFB50% and dynamic CR

4-2. Throttle response

E-assist which uses an external power supply and on
demand assist which utilizes the MG were evaluated. On
demand assist was assisted by an external power supply
due to the number of workloads required for engine
calibration, and the generating loss was reproduced by
increasing the driving resistance. Figure 18 shows the
results of the rapid throttle opening test. Without E-assist,
the torque rise was slow and increased with increasing
engine speed, with a time to torque of 3.08 sec. External
assist, the torque rise was steep above 45 Nm. The time
to torque was 0.91 sec, which is close to the analysis
results shown in figure 9. In on demand assist, the
throttle response improved to 1.12 sec compared with no
E-assist, although it did not reach the target value. Figure
19 shows the electric power and energy used by E-assist.
External assist gives a maximum power output of more
than 2.5 kW and uses 1.81 k] of energy when the torque
is reached at 90% of the maximum torque. On demand
assist gives a maximum output of around 1.8 kW and
uses 1.38 kJ of energy when the torque is reached at
90% of the maximum torque. The electric power for
E-assist of on demand assist is fixed by the MG
specification, so a higher capacity MG can increase the

electric power for E-assist and shorten the time to torque.
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Fig. 18 Measured crank torque of acceleration
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4-3. CO2 emission

The CO2 emissions in WMTC mode are shown in figure
20 and the engine operating points on the BSFC map in
figure 21. The CO2 emissions target for demonstration of
61 g/km was achieved. According to the simulation
calculations, the CO2 emissions deterioration due to cold-
start is 3.8 g/km, which means that the cold-start target
of 65 g/km is also expected to be achieved. As in the

simulation described in the previous section, the AT is

used to actively use the high thermal efficiency area with
low engine speed and high engine load, and the shift
schedule is programmed to use as high a number of gear
steps as possible within the range where engine vibration
is tolerated. In this demonstration, regeneration and assist
by crank-mounted MG, harvesting capability by E-Turbo
and idling stop have not yet been implemented. Further
reductions in CO2 emissions can be expected by

incorporating these systems.

100
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g 20 >
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Fig. 20 Measured CO2 emission in WMTC
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Fig. 21 Measured engine operating points on BSFC map

4-4, Overtaking acceleration

As in the throttle response evaluation, external assist and
on demand assist were evaluated. Overtaking acceleration
times are shown in figure 22. The time of external assist
was achieving the target time, and on demand assist was
almost on target; the difference between external assist
and on demand assist is greater at lower initial vehicle

speeds at the start of acceleration. As a representative
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example of time continuous data, data at an initial speed
of 80 km/h is shown in figure 23. The torque of external
assist increases more quickly after 50 N-m than on
demand assist. At this time, external assist is assisted by
the allowable transient electric power in about 1 sec from
the start of acceleration, and then the allowable steady-
state electric power is continuously assisted. The crank
torque is controlled by opening the WGA, as the setting
is such that the assist continues to be applied even after
the crank torque reaches the upper limit. On demand
assists at a maximum of about 1.8 kW, as the assist
power is limited by the MG specifications. After the crank
torque is reached to upper limit, the system is set to no
E-assist. The electric energy for E-assist used at the end
of overtaking acceleration was 13.45 kJ for external
assist and 4.79 kJ for on demand assist. Although the
overtaking acceleration time can be reduced by
continuing to E-assist with external power supply, the fact
that the target value can be satisfied almost entirely with
on demand assist means that an electric energy around 5
kJ is sufficient to achieve the effect of the E-assist. In
addition, because the electric power for E-assist is output
from the crankshaft in on demand assist, the electric
energy is less than 4.79 kJ when aiming for a time
equivalent to the target value with external power supply.
Acceleration from 80 km/h is the condition under which
the engine speed at the start of acceleration is around
LET, and therefore the most benefit from the assist can
be obtained. At 100 and 120 km/h, when the engine
speed is higher at the start of acceleration, the turbo
drive power from the exhaust gases increases, so the

effect of the E-assist becomes relatively small.
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Fig. 22 Measured overtaking acceleration time

SUMMARY/CONELUSIONS

The COZ emissions of 65 g/km are achieved by
downsizing engine with turbocharger or cylinder
deactivation, making it clear that displacement-on-
demand concepts are effective to 65g/km level of CO2

emissions reduction.

The concept of a highly thermally efficient downsized
turbocharged engine combined with E-Turbo has proven
that the engine can meet CO2 emission and dynamic

performance targets and can be installed in MCs.

An evaluation of the prototyping engine has
demonstrated that the selected concept can achieve the
target values for COZ2 emissions and dynamic

performance.

The downsized turbocharged engine with E-Turbo
enabled an elevated level of compatibility in terms of
both COZ emissions and dynamic performance and
demonstrated one of the directions in the evolution of

MCs towards achieving carbon neutrality.
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Fig. 23 Measured driving data of overtaking

acceleration from 80 km/h
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DEFINITIONS/ABBREVIAGIONS

CN Carbon Neutrality

ICEs Internal Combustion Engines WHES Bt Bt
WMTC Worldwide-harmonized Motorcycle Test Cycle Naoki Makita Masaki Torigoshi
E-Turbo Electrically assisted Turbocharger 7SI —PLAV A 7SI —RLAV B
PWR Power Weight Ratio %?ﬁﬁ@ﬁﬂ%fﬁ%ﬁ% ?E??ﬁ@ﬁﬁ%ﬁfﬁi‘ﬁ%ﬁ
HEVs Hybrid Electric Vehicles JEATTRHES JEATIHE
1D 1 Dimensional

BSFC Brake Specific Fuel Consumption

FMEP Friction Mean Effective Pressure

NA Naturally Aspirated

CR Compression Ratio

VT Variable Valve Timing

EGR Exhaust Gas Recirculation

DI Direct Injection R
BMEP Brake Mean Effective Pressure BiE g B &R
LET Low End Torque Toshihiko Takahashi Hiroki Takase
MG Motor Generator RT—bLA VRFA RT—bLA VRFA
WOT Wide-Open Throttle f‘ﬁ?jr’kﬁﬁﬂiﬁjﬂééﬁﬂ f‘ﬁ?jr’kﬁﬁﬂiﬁjﬂééﬁﬂ
E-assist Electric assist JTRAED JTRAED
WGA Waste Gate Actuator

AT Automatic Transmission

VRS Virtual Real simulator

MFB50 Mass Fraction Burned 50%

degCA degree Crank Angle
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Abstract

The possibilities and challenges of adding a rider model to the motorcycle dynamics simulation were investigated for
the future planning of a full virtual test.

The human model was added to a multi-body dynamics model that reproduces the equations of motion of a
motorcycle, called the 10 degrees of freedom (10-DoF) model. The human model is composed from multiple masses
and joints, and the steering angle can be controlled by determining the angle of the arms and shoulder. To study the
effect of this model, three distinct simulations were carried out: ‘the eigenvalue analysis’, ‘the steady-state circular test
simulation’ and ‘the slalom running simulation’.

In the eigenvalue analysis, the eigenvalues of the wobble mode shifted to a stable side in the root locus when both
hands were fixed on the handlebars.

As a result of the slalom running simulation, the response of the handlebar control through the human model
produced a more convex trajectory than a direct control of the steering angle.

For a full virtual test in the future, the human model has some effects to the vibration and trajectory modes of a
running simulation. Hence, depending on the purpose of the simulation, the parameters of the human model should

be calibrated to fit that purpose.

INTRODUCTION characteristics from a conventional engine, which also

affects the kinematic characteristics of the vehicle. To

The electrification of vehicles, including motorcycles, is  design motorcycles that take advantage of the
an effective way of achieving a carbon-neutral society.  characteristics of electric power units, simulation and

However, an electric unit is a power source with different  drivability evaluation technologies that consider the

YAMAHA MOTOR TECHNICAL REVIEW 1 18
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kinematic characteristics are necessary. In addition,
motorcycle customers use motorcycles not only for daily
use, but also for hobbies such as touring on holidays.
Such customers prefer gentle and smooth acceleration
and deceleration in their daily use, and in touring
situations they prefer vehicles that are powerful yet easy

to handle with no unnecessary body movements.

In addition, leaning and turning motorcycles that are
lightweight will have a large impact on the body of the
vehicle from the human weight transfers and steering
maneuvers. Vibrations such as chattering and shift shock
are also easily transmitted to the human body, causing

unpleasant feelings.

In order to develop products in a short period of time
while meeting these complex product requirements, it is
necessary to improve the level of simulation technology

at the planning stage.

Accordingly, considering prior research, a human model
generated with the Biomotion module was incorporated
into the motorcycle vehicle motion analysis model on
SIMPACK, a multi-body dynamics tool. This allowed us to
identify challenges associated with incorporating the

human physical model into the analysis.

METHOD

In this paper, motorcycle and rider models were prepared
for the simulation and assembled to form one model for
the calculations. The respective models and modelling

methods are presented as follows.

2-1. Motorcycle model

The motorcycle model is based on the 10-DoF equations

of motion.

The equations of motion for a motorcycle model with
10-DoF are referenced as follows; the 10-DoF model
includes the four degrees of freedom(4-DoF); steering
rotation, lateral displacement, vehicle body yaw, and

vehicle body roll, that are similar to Sharp’s 4-DoF model''’,

1 1 9 YAMAHA MOTOR TECHNICAL REVIEW

The frame consists of a front fork, main frame, and rear
swing arm. The degrees of freedom for torsion and
lateral bending are represented by lumped stiffness
elements. Therefore, six more degrees of freedom are
considered in addition to Sharp’s 4-DoF model as shown

in Fig. 1.

Lateral Bendint of
Rear Swing Anm Mpw

Lateral Bendmg of  pqp '
Front Fork u
Lateral Bending of
Main Frame

I

1 | S
Torsional Asis of  Torsional Axis of Torsional Axis of
Front Fork Main Frame Rear Swing Arm

Fig. 1 Geometry of 10-DoF Equations Model “Aoki, et al.;
Analysis of the effect of frame rigidity on the straight-
line stability of motorcycles, Japan Transactions of
the Society of Mechanical Engineers of Japan ©,
Vol. 64, No. 625 (1998-9) Paper No.97-1"99”

Aoki et al.””! reported the effect of frame rigidity on the
straight-line stability of motorcycles together with the

results of actual motorcycle verification.

Terayama et al.”®! reproduced a 10-DoF model with multi-

body dynamics, which is used in this study.

2-2. Rider model
The rider model consists of a human model and a
maneuvering controller that was created using the

Biomotion module.

2-2-1. Human model

The Biomotion human model is constructed from joints
and spring elements connecting several masses. This
model rides on the motorcycle model as shown in Fig. 2.

The connections are shown in Fig. 3.
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Hands-Handle bar: The hands are connected using joints
and by aligning the coordinates of the hands with the

coordinates of the handlebar position.

Pelvis-Frame: The pelvis is aligned with the seat position

coordinates on the frame and connected with a joint.

Legs-Frame: The legs are aligned to the step position

coordinates on the frame and are constrained.

The mass and spring characteristics of the human model
are shown in Tables 1 and 2. Table 3 shows the
characteristics of the connections between the human

body parts and the motorcycle.

The parameters in this study used the default values

available in Biomotion.

Fig. 2 Rider model and motorcycle model

r,.--R;u:ter-

—{Bush | --[Joint | - Constraint
! -
Rider: | | Rider: 7] Rider:Left Foot
Other Other | -
parts2 [ ] Rider:Right Foot |
\ Rider; Pelvis —[

| Rider:Right Hand [ parts1
1 : K.
(| Motorcycle:Fork i l :
| i |

Motoreycle:Frame |

| Rider:Left Hand

\{ Motorcycle |

Fig. 3 Relationship between motorcycle model
and the human body parts

Table 1 Mass properties of the humanbody parts

Part Mass Ixx lyy Izz
[kgl (kg m] [kg m?] (kg m?]
Head 4814 |2.730%X10%|2.452Xx102|2.030x 10?2
Neck 1.712 |6.387x107|6.387x10%|3.008x 107
Thorax | 15.78' | 1.760%x10"|7.242X10%|1.491 %10
Lumbus | 10.60 |1.324x10"!|8.468x10%|5.362x10™!
Upper arm | 2.056 |1.278x10%|1.145%10%|3.966x 107
Forearm | 1.262 |6.546Xx103|6.079x10%|1.299%x103
Hand 0.486 |1.326%x10°|8.840x10%|5.417x1073
Pelvis 9.658 |6.669x107|5.378x10%|6.060x 102
Thigh 7.700 |2.027x10"|2.027x10"|4.260x 10?2
Shank 3.215 |3.883%x10%|3.738x102|6.562x 1073
Foot 0.999 |4.444%x10%|2.346x10?|1.483x10?

Table 2 Spring constants and damping coefficients

between the human body parts

Spring Damping
Part constant coefficient
[Nm/deg] [Nms/deg]
Head-Neck 7.058 4.458x 10"
Neck-Thorax 9.849 6.220x10"
Thorax-Lumbus 34.47 2.176
Lumbus-Pelvis 47.60 3.007
Upper arm-Thorax 6.566 4.147x10"
Forearm-Upper arm 2.299 1.451x10"
Hand-Forearm 2.627 1.659x10"
Thigh-Pelvis 5.238 3.318x10"
Shank-Thigh 3.939 2.489x 10
Foot-Shank 3.283 2.074x10"

Table 3 Spring constants and damping coefficients

between the human model and the motorcycle

Human Sprin, Dampin,
model- pring .p. 5
constant coefficient
motorcycle
Translation | Rotation | Translation Rotation
[N/m] [Nm/deg] [Ns/m] [Nms/deg]
Handlebar- | ¢ 101 | 5236 1.0X10% | 1.745%10"
Hand
Frame- 30%x10° | 8727 | 3.0x10° | 1.745x10"
Pelvis
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2-2-2. Maneuvering controller

The maneuvering controller uses part of the Biomotion
module. It is equipped with acceleration and deceleration
controls in the longitudinal speed and the lateral direction,
which are controlled by steering angle. To assess the
impact of the human model, two distinct control modes

were prepared, the SAD mode and the HC mode.

SAD (Single Axis Direct): To match the target steering
angle, the steering torque is controlled by direct input to

the steering axis.

HC (Handlebars Control): To match the target steering
angle, the steering torque is input to the handlebar
through the human body elements, which controls the

angle of the forearm and the upper arm.

Both control modes use look-ahead models as shown in
Fig. 4. This model checks the trajectory and steers the
motorcycle towards the target trajectory in both the
steady state circular test simulation and in the slalom
running simulation. The rider model looks at the
estimated position after 1.1 sec from the present time. In
this study, this parameter was tuned to avoid falling, but

it has not been validated by any test or verification.

Target Tﬁjﬁlttl.'.}_"_ = 1] Roll Angle

Other
b Muotorcycle
e i Status
'“'HLI_ . ¥ Yaw hnqlfJ
.'Pf.
/ Trajectory Error |
: . ++ 1 | Vlocity-
Roll-Control Control

Tire Torque

HC : Upper Arm Angle, Forearm Angle
SAD : Steering torque

Fig. 4 Maneuvering image

The ‘Trajectory Error’ is the distance QP, which is the
distance in the normal direction between point P, which is
a point extended from the current position by the distance
of the look ahead on the ‘target trajectory’, and point Q,

which is the extension point of the ‘direction of motorcycle

1 2 1 YAMAHA MOTOR TECHNICAL REVIEW

travel’, as shown in Fig. 5. The steering angle of SAD or
the angles of human parts of HC are calculated by each
PID controller. As long as the human body model is
represented by a spring mass model, some of the response
delay will be included in the result of maneuvering model

or in the elements of the human body parts.

Direction of
motorcycle travel

.

+

0 Target Trajectory

*

Y
QP:Trajectory Error # =
H
L]

OP:Distance of look-ahead
*1.1 sec”™ means
OP=velocity * 1.1 sec

Fig. 5 Trajectory error image

2-3. Analysis and Simulation

To study the influence of the human model and the
maneuvering model to the motorcycle behavior, the

following is the list of analyses or simulations used.

Table 4 List of analyses and simulations

Target State Analysis/Simulation
Static characteristics .
. ) Static Frequency response
(Eigenvalue Analysis)
Dynamic characteristics | Steady | Steady state circular test
(Driving Simulation) | Transient Slalom running

To study the influence of maneuvering and dynamic
characteristics, the driving simulation was provided with
two types of maneuvering controllers, the SAD mode and

the HC mode in Biomotion.

The MF-Tire was used as the tire model for all

simulations.

2-3-1. Eigenvalue Analysis
To study how a rider influences the motorcycle vibration
characteristics, two motorcycle models were prepared;

one with a rider and the other without a rider. The
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wobble and weave modes are typical motorcycle vibration
modes with frequencies under 10 Hz. In the past study,
we know that the handlebar operation produced different
results from the no rider model. Therefore, the frequency
analyses were conducted on the motorcycle-only model

and the combined rider model.

+Handle-free: The rider’s hands are not connected to the
handlebars.

+ Fixed handlebar: The handlebars are connected to the
hands of the human model.

*STD 10-DoF: The rider was represented by a mass

property fixed to the motorcycle mass property.

2-3-2, Steady state circular test

The radius of the circle was set to 150 m, and motorcycle
speed was simulated from 80 km/h to 120 km/h in 10
km/h increments as shown in Table 6. Fig. 6 shows one

of the driving simulation cases.

Fig. 6 Driving simulation representing the
steady state circular test

To assess the impact of the human model, the two
distinct control modes, the SAD mode and the HC mode

were differentiated, as detailed in chapter 2-2-2.

2-3-3. Slalom running

The slalom test was simulated to study a maneuver
controller in a transient state. Fig. 7 shows one of the
driving simulation cases. Three rider models were
compared as shown in Table 5. The slalom course was
defined as sinusoidal, and the amplitude was gradually
increased until it reached 200 m. From 200 m to 500 m,

the amplitude takes a constant value is shown in Table 6.

54

Fig. 7 Driving trajectory in the slalom running simulation

Table 5 Rider models for the slalom running simulation

M .
Human model aneuvering
controller
Human model with SAD Human SAD
Human model with HC (Biomotion) HC
Rigid
TD 10-DoF with SAD AD
S 0-DoF with S (STD 10-DoF) S

Table 6 Driving simulation conditions

Steady state circular test Slalom Running

" TN : r |I| i| || || ||| |'|

N (]
Drivin r Lenl
courseg [ :{ CHNmY lll”l | “ |
ARl |||
- ., _,/" | I | I l
P S 1 rmm
b I I | [ e | L w i i e as
i -
Motorcycle 80~120km/h
speed (in 10km/h increments) 40km/h
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RESULT,

3-1. Eigenvalue Analysis

The wobble and weave modes in each condition are

shown in the root locus plot as shown in Fig. 8.

o km'h
Wobbls a ety
10 - o
o 40
&0
o o
8 o
o ]
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= I60[km'h|
= 60 ]
5 L]
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E
g 160[kmh])
Weaxe
A
s &
2 Handle-free &
Fined handbebar &
ST 10-Daf & E%EF 20{kmh]
. gge |
45 =30 1% o
Real [1/5)

Fig. 8 Root-locus plot for the eigenvalue analysis

The locus of the wobble mode shifted to the stable side in
the ‘Fixed handlebar’ model compared to the ‘Handle-free’
model. When a human body was attached to the handlebar
in the ‘Fixed handlebar’ model, the steering angle movement
was suppressed by a spring and damper system as
represented by the human body parts. In the previous
paper ¥, the force of a handle push increased the number

of wobble vibrations and moved the locus to the stable side.

However, in this paper, the results were calculated using
the default parameters of Biomotion. These parameters
need to be validated by test measurements for a more

accurate analysis result.

3-2. Steady state circular test

Under the steady state conditions, the criteria for the
orientation of the angle between the forearm and the
upper arm are shown in Fig. 9. The direction of each

arrow shows the axis of rotation.

The simulation results for the steering angle, roll angle,

steering torque, front/rear tire lateral forces and

1 23 YAMAHA MOTOR TECHNICAL REVIEW

forearm/upper arm angle at different motorcycle speeds
are shown in Fig. 10. The legend in Fig. 10 indicates the
maneuvering methods (SAD, HC).

Fig. 9 Reference axes for the Forearm/Upper arm
angles on the human model
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Fig. 10 Results of the ‘Steady state circular test’
simulation
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3-3. Slalom Running

The results of the travel trajectory as shown in Fig. 11
show that the motorcycle follows the runway with a
larger amplitude in the Y direction than the target
trajectory. It was found that sinusoidal running in
constant amplitude can itself be performed in the region
beyond 200 m of the X-axis distance, although it has
moved away from the target. In addition, the trajectory
did not shift even if the control method was changed in
the same way as for the steady state circular test. Since,
it was found that the trajectory was almost the same even
if there was a difference in the presence or absence of a

human model.
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Fig. 11 Results of the ‘Slalom running’
simulation in 40 km/h

The trajectory of the enlarged chart is shown in Fig. 12,
which indicates that the ‘STD 10-DoF with SAD’ was
tracing in the closest proximity to the target trajectory
because this had been directly connected to the

controller without any delayed movement and effect from

behavior of human parts. The trajectories of the ‘Human
body with HC’ and ‘Human body with SAD’ models
exhibited slightly more convex shapes, with the former

turning later than the latter.
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Fig. 12 Enlarged chart of the ‘Slalom running’ simulation
from 240 m to 250 m

Due to the delay in control through the arms, the
steering angle of the ‘Human body with HC’ was smaller
than that of the ‘Human body with SAD" at 242-246 m as
shown in Fig. 11. Also, the roll angle in HC mode was
smaller than in SAD mode at 244-248 m due to the delay

in the maneuver.

It was explained in chapter 2.2.2 that ‘Human body with
SAD’ determines the angles of the Forearm and Upper
arm by directly controlling the steer angle with respect to
the target steer angle, whereas ‘Human body with HC’
controls the steer angle by adjusting the Forearm and
Upper arm to the target steer angle and operating the
steering. These delays were caused by this control

difference.
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CONCLUSION mEH

By using Biomotion on SIMPACK, the human model could

be used in the motorcycle multibody dynamics

simulation.

The human model affected the eigenvalues of the wobble ﬂ‘ . W .
HEAR BA =L BB eSS

mode in the same way as in the previous paper. In the ;. :ohito Ueki Akihiro Takayama Noboru Yabe
slalom running, the human model caused a delay in the  fifi-Bf7eAl BURIEE B A

. . TV RVHFERHED TV RV TV RV
steering angle control and the trajectory convex shape. MBSE HEits MBSE HEits MBSE HtE5

In this paper, all parameters of the human parts were set
to their default values. However, the results indicated
that, depending on the purpose, the validation of a spring
constant and a damping coefficient is crucial for an
accurate simulation. Therefore, one solution is to use the
machine learning method™® to calibrate these parameters

in the short term.

REFERENCES s—

[1] Sharp, R. S. : The Stability and Control of Motorcycles,
Journal of Mechanical Engineering Science, Vol. 13, No. 5,
316-329, 1971.

[2] Aoki, A., Nishimi, T. Okayama, T., Katayama, T.
Analysis of the effect of frame rigidity on the straight-
line stability of motorcycles, Transactions of the Japan
Society of Japan Mechanical Engineers (C), Vol. 64, No.
625 (1998-9), Paper No., 97-1799.

[3] Terayama, T. Yamaguchi, S., Kitagawa, H., Yabe, N.,
Reproducing the Motorcycle Equation of Motion with
Lumped Stiffness on Multi-Body Dynamics Model, SAE
Technical Paper 2023-01-1828, 2023.

[4] Kageyama, 1., Kogo, A.: Human factors in the steering
system of two wheeled vehicles, JSME 28 (240), 1233-
1239, 1985.

[5] Mitsuhashi, Y., Takeshita, H., Momiyama, Y., Yabe, N.,
Study on Motorcycle Rider Model using Reinforcement
Learning—Basic Research to Represent the Behavior
according to the Rider Proficiency—, JSAE Technical
Paper, 559-564, Vol. 55, No. 3, 2024.

1 25 YAMAHA MOTOR TECHNICAL REVIEW



}% il & T I A Study of Path Prediction Algorithm
d  for Camera-Based Rider Assistance System

Shoma Hasegawa Takumi Takeda Taro Onoue Akinori Shinagawa

W sClE. TA Study of Path Prediction Algorithm for Camera-Based Rider Assistance System| & U, ifz (Institut fiir
Zweiradsicherheit) 34 %157 IMC (International Motorcycle Conference) IC THEINZEDTT,

Reprinted with permission Copyright © 2024 ifz (Further use or distribution is not permitted without permission from ifz.)

S

SR, R E RS RS AT LNOWTE - R DED SN TS, FHAZ LA THEANDHGEITH LT A A —\FEZ LT A
T HOTeY AT LOWIFICHDA A TO S WIFEH O AT LGk si ke, B el Ja0 dily O HE RS TR HE., R SsE i
AE. NI FIEBERE TR S %0 UL L Y470 2 iR AT O B RENTIS 9 5728, AL S Bl Q% 77 )L T XL
R LT UL L TNE TR VIV — N HE LIRHEE LI TETORW Z ST ARTIE 7 VIV X LOF L,
=AU E L7 )V 3 X LOVERERHIiZ 179,

7V A ALK FHE RS TR, J i it DR T IR, ht S PUERE TREK S 2. IS ODMERS T IIBREIS A A 5l
% L CHHEOERZ 9 %, LAl O T HIBEREIS A A Z WG b CRBAHRm O 2 Tl 9 % MEGEPRERER HH O
THERS & A L O FRERICEE D WTHER T N EWRZEINT 5,

PERERHE, 7L TV X LIZHAIRARA AT T AT LITFEEL IHBD B AN %7 A a—ZET T — 2R U ALETHE
LTz, el DFE R, IEAEH P FEm HNC e Tl 2 A GOSN T E TV B T DR S NI, 772U, HHARZE B e T oLl 2 X 5
BHRTEIRWRA IV T EHBHEDHERRE N, 5%, 7))V AV X L2 FEERBISE R 9 285550123 B E DN EHE R b i o E0H
Wi &AL S 25l COUHSENREE 55,

Abstract

In recent years, there has been a growing focus on developing rider assistance systems for powered two-wheeler
(PTW). We have been studying a camera-based system that informs rider when a preceding vehicle approaches. The
system under development consists of an object detection function, a path prediction function for the ego vehicle and
other vehicles, and an output judgment function. To address the unique vehicle dynamics of PTW compared to four-
wheelers, we proposed an algorithm for predicting the paths of both the ego vehicle and other vehicles. However, thus
far, we have only been able to confirm the effectiveness of this algorithm in limited, simplistic scenarios. Therefore,
this paper presents the proposed algorithm and evaluates its performance in more varied scenes.

The proposed algorithm comprises functions of the ego vehicle’s path prediction, the other vehicle’s path prediction,
and a target selection. The ego vehicle’s path prediction function and other vehicle’s path prediction function predict
and maintain the paths of the ego vehicle and other vehicle as seen in the camera image. The target selection function
selects targets to be observed based on the predicted path of the ego vehicle and other vehicles.

We conducted performance evaluation in a lab test environment, using an embedded camera system with the
algorithm implemented and recorded data from a test track with inputs from external sources. The evaluation results
revealed the system'’s ability to select the preceding vehicle as a target during straight and turning maneuvers.
However, it also identified instances where the preceding vehicle could not be selected as a target during lane
changes. In the coming years, improving algorithmic processing in more complex scenarios, including those with

multiple vehicles, will be crucial for real-world deployment.
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INTRODUCTION

The development and adoption of driving assistance
systems, similar to those used in four-wheel vehicles, are
now expanding to PTW!. Among rider assistance
systems, camera-based systems feature object recognition
and have the potential to respond more accurately to
traffic conditions. Consequently, the present research
focuses on a motorcycle riding assistance system that
uses a camera to inform the rider when the preceding
vehicle is close!?. The behavior of motorcycles differs
from that of four-wheel vehicles, which must be taken
into account during function development. One such
behavior is banking when cornering, which results in the
preceding vehicle appearing inclined in the camera
image. Accordingly, a function that appropriately detects
the preceding vehicle based on the bank angle has been
envisioned. Another motorcycle-specific behavior is the
high degree of flexibility with respect to the driving
trajectory within a lane. Therefore, relative vehicle
positions based on lane markings cannot be used to
distinguish the relevant preceding vehicle from other
vehicles. This has led to envisioning a function that
identifies oncoming or other non-preceding vehicles
based on the behavior of other vehicles. Both the ego
vehicle’s and other vehicle’s path prediction algorithms
required to realize those functions have already been
proposed”®. This study examines whether the proposed
algorithms select the appropriate object and avoid
incorrect selections in straight-line, cornering, and lane-

changing scenarios.

FUNCTIONAILOMERVIEW,

This section provides an overview of the path prediction
3]

algorithm functionality™.
2-1. System functional structure

Figure 1 shows the functional structure of the rider
assistance system used in this study. The system takes
camera images, as well as acceleration, angular velocity,
and vehicle speed as inputs, and uses a buzzer sound and

a flashing LED as outputs. The functional structure of the
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system consists of object detection, ego vehicle path
prediction, target selection, time-to-collision (TTC)
estimation, and human machine interface (HMI) output
control. Of the potential targets detected in the camera
images, only the one selected as a focus based on path
prediction is subject to TTC estimation and output
decision. This paper describes both the ego and other
vehicle path prediction algorithm functions, as well as the

target selection function.

1
Function

f'I"'"""""""- Ego vehicle
i Input ! L
! -Camera image ! path prediction
i . 1 Object Target
1+ Acceleration > X .
' . detection selection
i *Angular velocity ! Oth hicl
i +Vehicle speed | ther vehicle
[ path prediction
HMI ! Output i
t'TT(i' > Output 4>E *Buzzer sound |
estimation control | “LED flash i

Fig. 1 System functional structure

2-2. Ego vehicle path prediction function

This function for the ego vehicle takes angular velocity
and vehicle speed as inputs, calculates the turning radius,
and then predicts the path of the ego vehicle on the
camera image. Figure 2 shows the predicted path of the
ego vehicle as it follows the preceding vehicle and goes
by an oncoming vehicle. Using the estimated roll angle to
correct the path enables appropriate prediction that
accounts for the banking of the vehicle body even during

cornering.

| Predicted path of ego vehicle

Fig. 2 Predicted Path of Ego Vehicle
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2-3. Other vehicle path prediction function

This function calculates the movement vector (direction,
magnitude) on the image based on the bounding box (BB)
coordinates of the detected object and its previous
coordinates, and predicts the path of other vehicles on
the camera image as shown in Fig. 3. Limiting the input
to the BB data makes it possible to predict paths
irrespective of white lines, and without depending on the

ego vehicle’s position.

| Predicted path of other vehicles

(==

- o

Fig. 3 Predicted Path of Other Vehicles

2-4, Target selection function

This function assigns a selection priority to target
vehicles along the predicted path in order of proximity to
the ego vehicle. It then calculates the probability of a
collision and of a change in path based on the predicted
path of other vehicles, and excludes vehicles determined
to present no risk of collision with the ego vehicle. That
process leads to selecting the target to focus on, as

shown in Fig. 4.

Select

0

Fig. 4 Selected Vehicle Based on Predicted Path

THE. ALGORITHMS

3-1. Ego vehicle path prediction algorithm

This algorithm involves calculating the path, converting it
to camera coordinates, and correcting the roll. As shown
in Fig. 5, the algorithm establishes a geographic
coordinate system using the position of the camera on
the ego vehicle as the origin, and setting the course of
the ego vehicle x axis, and the left side of the course
parallel to the ground as the y axis. In addition, (%, ¥,) is
used to indicate an arbitrary point in the geographic
coordinates. As shown in Fig. 6, the algorithm establishes
a camera image coordinate system using the top left of
the image as the origin, using the width direction as the
¥ axis and the height direction as the y axis. In addition,
(x5, ¥ is used to indicate an arbitrary point in the camera
image coordinates. The path of the ego vehicle is
calculated in the geographic coordinate system shown in
Fig. 5 with the equation below, which uses the
7[m] turning radius obtained from the vehicle speed and

yaw rate.

V=1 —\r'—xi (D

The following equation is used to convert that path into
coordinates in the camera coordinate system from Fig. 6

and calculate the predicted path.

W y W

Sy

2 2%4 tan[gj
2

Xs =

(2)

In this equation, W;[pix] is the screen width, and ¢ [deg]
is the horizontal angle of view. At the same time, the roll
angle 6,[deg] estimated from factors such as the roll rate
is used to rotate the coordinates to the center of the
screen and correct the predicted path. The coordinates

after correction are indicated by (x,’, y;).

1o X 10 M
Xs 13 cosf, sinf, 0 13 Xs
v/ |1=|0 1 ==| -sin6, cosf, 00 1 —==| 9,
1 2 0 0 1 2 1
00 1 00 1
3
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In this equation, H;[pix] is the screen height. To avoid
being unable to capture the preceding vehicle due to
excessive variation in the path, the straight line state is
determined and the predicted path is fixed to straight
ahead of the camera when moving in a straight line. The

yaw rate is used to determine the straight line state.

| Predicted path of ego vehicle |

X

(¥, %)

y

Fig. 6 Camera image of Ego Vehicle's Predicted Path

3-2. Other vehicle path prediction algorithm

This algorithm involves calculating the movement vector
and deriving path coordinates. As shown in Fig. 7, the
direction and magnitude of vehicles are, respectively,
obtained by detecting the BB coordinates of the current
frame and from the difference with the detected BB

coordinates of a given previous frame.

A - tan! [MJ 4
Xt — XL
|A|=\/(xt —%L )2 +(=yer )2 ®
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In these equations, ZA is the direction of the movement
vector, |A| is its magnitude, L is the difference in the
number of frames, (v, y) represents the coordinates of the
center of the base of the detected BB at time ¢ [frame],
and (x.r, y1) represent the coordinates for L [frame]
earlier. In addition, the BB coordinates used to calculate
the movement vector cancel out the ego vehicle
movement component to extract only the other vehicle
movement component. The predicted path of other
vehicles is calculated on the premise that it will keep
extending in a straight line in the direction of the vector
on the screen.

9 =(xs—xc)—)+yc (6)
In the equation, (x., ¥,) represents the center coordinates
of the detected BB.

Predicted path of other vehicles
m \oVving vector

(ct—p)Ye-1)

Fig. 7 Movement Vector and Other Vehicle’s
Predicted Path

3-3. Target selection algorithm

This algorithm consists of determining target selection
priority based on the predicted path of the ego vehicle,
calculating the probability of collision based on the
predicted path of other vehicles, calculating the
probability of a change in the trajectory of other vehicles,

and selecting the target vehicle.

3-3-1. Determining the target selection priority

Figure 8 illustrates how target selection priority is
determined. After narrowing down potential targets in the
selection range, the target selection is set in order of the

smallest to largest values of P obtained from the equation



A Study of Path Prediction Algorithm for Camera-Based Rider Assistance System

below.

P =kpd, +(1-kp )d, ()

In the equation, d,[pix] is the distance in the x axis
direction between the BB base center coordinates and the
ego vehicle’s path, d,[pix] is the distance in the y axis
direction between the BB base center coordinates, and kp
is a weight coefficient that determines whether to
prioritize proximity to the vehicle or proximity to the
predicted path. The target selection range is defined as a
range consisting of the width of the ego vehicle centered
on the predicted path combined with a range extended
vertically from the end of the predicted path. Differences
in target vehicle sizes are taken into account by
considering objects that overlap with the target selection
range and the BB base to be within the target selection

range.

Predicted path of ego vehicle
Target selection area

Fig. 8 Target Selection Priority Determination

3-3-2. Calculating the collision probability

Figure 9 illustrates how the probability of a collision is
calculated. The Gaussian distribution obtained from the
predicted path and the integral of the W ego vehicle
width range are used to calculate the collision probability.
The average p of the Gaussian distribution represents
the x coordinates at the intersection of the predicted path
and the bottom edge of the screen, while the standard
deviation o defines the reciprocal of the magnitude of the

movement vector based on the BB center coordinates.

0 I3

Lo =1/1A]

D — K
w
Fig. 9 Collision Probability Calculation

3-3-3. Calculating the probability of a change in
trajectory

Two probabilities of a change in trajectory are calculated
based on the magnitude of the movement vector and on
the continuity of its direction. The probability of a change
in trajectory based on the magnitude of the movement
vector decreases according to the premise that a change
in trajectory is unlikely as the magnitude of the vector
increases. The probability of a change in trajectory based
on the continuity of the direction of the movement vector
decreases according to the premise that a change in
trajectory is unlikely while the variation in direction

remains withing a certain range.

3-3-4. Selecting the target

Vehicles requiring caution are selected in order of highest
priority among the vehicle inside the target selection
range. In addition, vehicles with both a collision
probability below the threshold and one of the two
probabilities of a change in trajectory below the

threshold are excluded from the selection targets.

TESTING

Table 1 shows the items that were validated for the path

prediction algorithm.

Table 1 Validation Items

No. Validation item

A The correct object is selected as the target vehicle.

No incorrect object is selected as the target vehicle.

YAMAHA MOTOR TECHNICAL REVIEW 1 3 O
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4-1. Test device

The experiment was conducted using a camera system
implementing all of the functions shown in Fig. 1. The
device was equipped with a camera and an inertial
measurement unit (IMU) and installed on a motorcycle,
enabling the real time execution of the proposed algorithm.
Individual video frames, angular velocity, and vehicle speed
can also be retrieved ahead of time, making it possible to
enter that information from an external source and validate
it analytically. In this experiment, the validation scenarios
were conducted by driving on a closed course and the

information retrieved was verified through analysis.

4-2. Test conditions
The validation scenarios, validation sections, index, and
collection method used as test conditions are described

below.

4-2-1. Validation scenarios

Table 2 shows the validation scenarios for validation

item A.

Table 3 shows the validation scenarios for validation

item B.

Table 2 Scenarios to Confirm the Correct Object Is Selected (Validation Item A)

Scenario No. AOO AO1 A10
, Approaching a stationary | Following the preceding Following the preceding
Details . . . . .
vehicle ahead vehicle vehicle while cornering
Overview
Scenario No. A20 A21 A22
, The preceding vehicle The preceding vehicle The ego vehicle cuts into
Details . .
cuts into the lane moves into the other lane the lane
Overview

Table 3 Scenarios to Confirm No Incorrect Object Is Selected (Validation Item B)

Scenario No. BOO BO1

BO2

Overtaking a stationary

Maintaining distance

Moving past a vehicle

Details . from the vehicle in the cornering ahead while
vehicle in the other lane ) . . )
other lane while driving driving straight
Overview -

Scenario No. B10 B20

B21 B22

Maintaining distance
. from the vehicle in the
Details .
other lane while

cornering

The preceding vehicle
cuts into the lane

The preceding vehicle The ego vehicle moves

moves into the other lane into the other lane

Overview
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4-2-2. Validation sections

The validation sections were defined as a frame in which
the ego vehicle drives in accordance with the conditions
and the target vehicle is correctly detected. However, in
the lane changing scenes, different validation sections
were set based on the driving state, as shown in Figs. 10
and 11.

Preceding vehicle
moves into other lane
-~

Preceding vehicle
cuts into the lane
P

Driving pattern

Validation section

for the scenario B20 A20

A21  B21

Fig. 10 Validation Section for the Preceding Vehicle
Lane Change Scenario

Ego vehicle
moves into other lane

Ego vehicle

Riding pattern cuts into the lane

End
position

Validation section B22 A22
for the scenario (5 seconds) (5 seconds)

Fig. 11 Validation Section for the Ego Vehicle Lane
Change Scenario

4-2-3. Index

The index represents the correct vehicle selection ratio.
That ratio consists of the proportion of frames where the
algorithm selects the intended frame within a validation

section.

4-2-4. Collection method

The correct vehicle selection ratio was calculated using
the number of frames in the validation section after
counting the number of correct frames. The number of
correct frames was counted by determining the correct
vehicle selection from the images output by the system.
The criterion for correctness depends on the scenario.
Table 4 shows decision examples for each validation item.
In the validation A scenarios where the vehicle is in the
same lane as the ego vehicle, correctness was defined as
the ability to select the preceding vehicle in the same lane.
In the validation B scenarios where the vehicle is not in

the same lane as the ego vehicle, correctness was defined

as the ability to select the ability to select the vehicle in
the other lane. The collection process was designed to

retrieve at least 10 seconds of data for each scenario.

Table 4 Examples of Correct Vehicle Selection Decision

No. Validation item A Validation item B
Stocacd M Sepleuind
Correct ﬁ

=y

Incorrect

=5

4-3. Results

This section presents the collected results for the correct
vehicle selection ratio. Table 5 shows the collected results
for validation item A. The AOO and AO1 results confirm
that the vehicle is correctly selected when driving in a
straight line, While the A10 results show that the correct
selection ratio drops during cornering when there is a lot
of distance between the vehicles. The A20 scenario also
demonstrated a drop in the correct vehicle selection
when the preceding vehicle cuts into the lane. In contrast,
the A21 scenario showed that when the preceding vehicle
moves into the, the system can continue to make the
selection while that vehicle is still in the same lane as the
ego vehicle. In addition, the A22 confirms that the target
vehicle is selected correctly after the preceding vehicle

has fully entered the ego vehicle’s lane.

Table 5 Collected Results for Selecting the Correct
(Validation Item A)

Scenario AOO AO1 A10 A20 A21 A22
Vehicle 50 50 50 50 50 50 50 50
speed km/h | km/h | km/h | km/h km/h | km/h | km/h | km/h
Distance 40
between = 12m 12m 40 m = =
. m
vehicles
Turning
. — — — 425 m | 425 m — — =
radius
Sg;’er;telz; 967 | 100 | 100 | 982 | 660 | 561 | 87.8 | 829
ratio % % % % % % % %
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Table 6 shows the collected results for validation item B.
The BOO and BO1 results confirm that the other vehicle in
the other lane is not incorrectly selected when driving in
a straight line, while the BO2 results confirm that going
past an oncoming vehicle in a curve ahead does not
incorrectly select that vehicle. In those scenarios, the
correct answer cannot be obtained using only ego vehicle
information, but using the predicted path of other vehicles
made it possible to exclude them from the selection. The
B10 results confirm that other vehicles ahead of the ego
vehicle are not incorrectly selected during cornering. The
B20 results show that the preceding vehicle cutting into
the lane is not selected while it is still in the other lane.
Similarly, the B21 results show that the preceding vehicle
moving into the other lane is not selected after it enters
that lane. In addition, the B22 results confirm that the
preceding vehicle is not selected when the ego vehicle

finishes moving into the other lane.

Table 6 Collected Results for Not Making an Incorrect

Selection (Validation Item B)

Scenario B0OO BO1 B0O2 B10 B20 B21 B22
Vehicle 50 50 50 50 50 50 50 50
speed km/h | km/h | km/h | km/h [ km/h | km/h [ km/h | km/h
Distance
between — 12m | 40 m — 40 m — — —
vehicles
Turning
. - - — 80m | 425m = = =
radius
sii’;;zz; 989 | 100 | 100 | 849 | 860 | 89.1 | 986 | 9656
S % % % % % % % %

4-4, Observations
This section examines the factors behind incorrect

selections and their impact on the system.

4-4-1. Scenario A10: Target selection during cornering
We consider the factors that lead to incorrect answers.
Table 5 shows that during cornering, the correct
selection ratio is lower at a vehicle distance of 40 m than
at 12 m. This is expected to be due to either the ego
vehicle path prediction algorithm or to the actual driving
during the test. The algorithm was assessed first. The ego
vehicle path prediction algorithm estimates the turn and

predicts the path based on the current turning radius of
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the ego vehicle. Consequently, the further the distance the
greater the span of variation, making it more difficult to
capture the preceding vehicle in the path of the ego
vehicle. The reason for the drop in the correct selection
ratio at further distances is thought to be that the larger
span of variation in the path of the ego vehicle relative to
the variation in the turning radio prevented the capture
of the preceding vehicle in the path of the ego vehicle.
Next, the driving during the test was examined. Sections
with an incorrect selected were observed to generally
involve driving at a smaller turning radius than the path.
Figure 12 shows the turning radius distribution for
correct and incorrect selections for the data from a single
trial on a road with a 425 m turning radius and a vehicle
distance of 40 m. The graph makes it clear that that the
ego vehicle was driving at a turning radius close to 425
m when correct selections were made, but at a turning
radius around 250 m to 350 m when incorrect selections
were made. The drop in the correct selection ratio is
believed to stem from temporarily driving at a smaller
turning radius to adjust the driving position, leading to

predicting a path inward of that of the preceding vehicle.

80
M Correct answer

Frequency
B [
o o

N
o

o
o
1S,
S
|

150 200 250 300 350 400 450 500 550 600

80
M Incorrect answer
60

40

20 “
0 N [

100 150 200 250 300 350 400 450 500 550 600
Turning radius [m]

Frequency

Fig. 12 Turning Radius Distribution for Correct and
Incorrect Selections in the Following while
Cornering Scenario

4-4-2, Scenario A20: Preceding vehicle cutting into
the lane

The A20 scenario was examined next. As seen in Table 5,
this scenario has a poorer correct selection ratio than the

other lane change scenarios. That drop is attributed to the
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path prediction algorithm for other vehicles. Figure 13
shows the camera images for the A20 scenario. The light
blue solid lines represent the predicted path of the ego
vehicle, while the orange solid lines represent the predicted
path of other. In addition, the green box around the
preceding vehicle indicates it has been selected as the target
vehicle, and the orange box indicates the other vehicle has
been excluded from selection based on its predicted path.

The number at the upper left is the frame number.

Predicted path of ogo vehicle
= Predicted path of olber vehicles
Selected bounding box
Bounding box nod selected hased on
the predicted path of the olher vehstle

Fig. 13 Target Selection when the Preceding Vehicle Cuts
into the Lane Cornering Scenario

The images demonstrate that the other vehicle was
excluded from the selection based on its predicted path.
The same phenomenon was observed in other data for
the same scenario. In the preceding vehicle lane change
scenarios, that vehicle only moves toward the side in the
image. It seems that the algorithm therefore predicts a
path that does not collide with the ego vehicle, and
excludes the vehicle from the selection. This makes it a

scenario that is not covered by the current algorithm.

Furthermore, the impact of this phenomenon on the
system was examined. The durations of the delay in
selecting the target were collated to assess the impact of
that delay due to the exclusion of the vehicle from the
selection. The selection delay was obtained using the A20
test conditions by collating the time from a stable
continuous full second until the first frame of the section
in which the vehicle was selected after the preceding
vehicle entered the ego vehicle’s lane. The results are
shown in Fig. 14, and indicate that the target vehicle is
chosen after a maximum delay of 2.2 seconds. There are
concerns that during that selection delay, the system
would not react to approaching the preceding vehicle and

fail to activate.

25
— m Selection delay time[s]
2]
o 2
£
_%- 1.5
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©
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0
1 2 3 4 5 6 7

Test number

Fig. 14 Duration of Target Selection Delay When the
Preceding Vehicle Cuts into the Lane

4-4-3. Scenario A22: Ego vehicle cutting into the
lane

The impact on the system of the delay in selecting the
target vehicle after changing lanes was examined for the
A22 scenario. The selection delay was obtained using the
A22 test conditions by collating the time taken for the
system to stabilize and select the target vehicle after the
ego vehicle finishes its lane change. The results are
shown in Fig. 15, and indicate that the target vehicle is
chosen after a maximum delay of 1.6 seconds. There are
concerns that during that selection delay, the system
would not react to approaching the preceding vehicle and

fail to activate.
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Fig. 15 Duration of Target Selection Delay When
the Ego Vehicle Cuts into the Lane

CONCLUSION

This study analyzed and examined the effectiveness of the

ego vehicle and other vehicle path prediction algorithms
that account for ego vehicle behavior in a rider assistance
system intended for two-wheeled vehicles. The following
results were obtained.

+ The proposed algorithm was confirmed to select the
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correct target object in six of eight scenarios HE&
involving straight-line driving, cornering, and lane
changes.

The proposed algorithm was confirmed to avoid
selecting an incorrect target object in all eight

scenarios involving straight-line driving, cornering,

and lane changes.

- . . . RANAE HEES E.E KBB

In the scenario involving the preceding vehicle ¢ ., Hasegawa Takumi Takeda Taro Onoue
cutting into the lane, it was found that the correct iR Bl BFEAHS B DA
, _ _ o L L L

selection rate of the preceding vehicle was limited s pizes WAL WAL

to 56% of the frames. At the same time, incorrect
selections ware attributed to the other vehicle path
prediction algorithm, and the current algorithm was
determined to be unable to address that scenario.
To achieve the eventual adoption of the algorithms in

rider assistance systems for two-wheeled vehicles, the

next step will be to address the issues brought to light in 21| S
this study and conduct evaluations in situations that  Akinori Shinagawa

i, Heffi- M7EA
resemble real-world usage conditions. R
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Verification Study toward Realizing a Decarbonized and Sustainable Mobility
Society on Okinoerabu Island
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Abstract

China Town and Wadomari Town on Okinoerabu Island concluded a partnership agreement on August 10, 2023, with
Nagoya University, part of the Tokai National Higher Education and Research System (hereafter “Nagoya University”),
and Yamaha Motor Co., Ltd. (hereafter “the Company”), aimed at building a decarbonized and sustainable mobility
society using Okinoerabu Island as a model.

According to 2018 sectoral COz emission data disclosed by the two towns, the transportation sector accounts for the
largest share, at 38 %, underscoring the importance of advancing decarbonization in this field. To achieve effective
emission reductions, policy proposals based on actual vehicle usage patterns are essential. Therefore, a vehicle
movement survey was conducted using Nagoya University’s Information and Communication Technology (ICT).

The survey made it possible to present COz emissions from the transportation sector as data categorized by vehicle
type and actual driving behavior. In addition, on Okinoerabu Island—where thermal power generation is currently the
main source of electricity—the project compared the emission reduction effects of vehicle electrification under the
current conditions with those that would result if renewable energy were introduced as the power source.
Furthermore, by identifying the island’s mobility challenges, the partners held discussions on strategies for realizing

a decarbonized and sustainable mobility society, and compiled a set of proposals based on these findings.

{EDHEEDFUEL TV B EDIERID D% WENMEHEZ VTS
FRUCHHRE 2T BT LIE, OIS IRV THRE
TH%,

AWFFETIE. BURREB L CELY T @O A HELT,

IZLBIC

HAD CO RO BRI 2ENI IR MICLZEDTH
o W B S5 2 I e > THRE EHRIC D b S

TEBIZHEHE T BRI R E WV, VYNFEBI S )L —T
& EREGEH 20507 ICBWT BBV T /N LB K UES)
ez iR T 7kt e LT RL TV 3 B, 05 EH)E
VT OHGEERBBUERTHY, PRI BT L)

JER SR DRERED—DTH MK REREZEEE LTz, i
KRB E LA O3B N THIZE 7 r—)VRELTEL T
%o Hi 1T, 202244 T ERBEE KOS5 1 mlBi ez et ribigic
FREENTHY, BHNOHART I K TR SeEr 2 bk

YAMAHA MOTOR TECHNICAL REVIEW 1 3 6



HkRBEDHRRE - HEAEEEC) T ERRNAIF - REHAZR

Verification Study toward Realizing a Decarbonized and

LIHINCRINR T 5. BRI AD—RFIE UT, 2022413
FAEINFIC “EVSA 2 IS K BMT N SEEF IR DA Il E h
Tzo KSNFIREEE DRI QEI AN I SR BB 1 lin i R L C
WABTEWE RIS B, TR E-Vino ) ZTF A LIZ & hY,
k& T & OBIERESRIC D A T2, 5 IS B TH 572
HIERGRT 7 NI EDABIEOI RN L G I ZH]
MEICEFRTES BT, T OFREEMFENAED—H LT
B TH 5, AT BT %201 SFEDERMH] CO Pkt ET—
UL ERI M OEIA D38 % b < B YEga
WU B R EHEE D FE B o AR A PR i
&, HEN OB HAEICHE D Wi IE RN R R TH S, F
o BEROHR T — 213 BV SR AR ORI A S OHE
72, 5N O BRI Bt (R SRS T LD FH
5NTV 5, BNORBEISEZHI 3 52T, KD IRICAIL
TP RO LTI REE 725,

Dot mz g A A Mk EEEZETIVE L
IR - R TRER E Y Tt 2 DM ZHINE L LT 2
mEHEE Uz,

1. BNOBHBGRRIC OB EIFEZEL. CO Pt =

OBLRZE X0 R %

2. BNOECY 7B XU EIEICE 3%z 1R
(BN I3 = Rl e A e S A e e T (6 | et - =S
L%

ARTEINI NI 7 < ICT OFE N K02 EAi A R,
MROENZEDTH Tz, TOTD, HIFNT - FIANT 41k 2
K2 Uk D AFICT K2 s i E O R, HEE AR Z B L 72
(KD 2t R AHE WicFi 2 8y M o 9236 H Ui N
1B (2019 81V 22T — 2 2 TR LI AR BN
#£(2020) ' 222 ICT I IZH LTV 5,

H1 EERERBORTF

Shik R E D ELp=s

MUk BABES I BE S IR S ERICE 2 A S RE S O B P

1 37 YAMAHA MOTOR TECHNICAL REVIEW

Sustainable Mobility Society on Okinoerabu Island

IS T B, B> THEMN SRR S 5T PEE I I
240m OKILM BB M, Z SN D TR H 7 e T
H%, BOFIMIREIZ93.6km* THY. A LS EE T
%L5155km &75:% (K12) . DO — ISR ENL N FICH
EENTHD. 81D B WEHEEDE RS KBIBR557L
TRERE S IREARDIADN>T0 5,

PSS HT ERIAET O 20T 3 D 20254E5 F RF 0D
AN INEHIAA M HY5,305 N\ HHFRT 735,905 AT % ALk
DMENCH D SR RAHEAIC K B BRI EE TH 5,

SOOI YETHD  TLHITT Lo 0d B B
SIS KB TR E D BB EY T H %o

S e DA MG AR LR O 5 R ATRETH % 22
Ik BERZSHE D S EERUE AN T H 30, 1.2 B3 KUIPREANI
LH DTSN TV B, HER IS VLD DA SRR 2 4%
R UIBBREIC NS 72— HAE LT 5, BN
HEH A KABED K72 E8 5, NABHEEEIRN DD 5
WZKB LI HETH A, EEIEHTE 1 HIARL D
TR0 FNIC 14235 2 EE VLIS IR Ik B s AR D EARE D9
DA FIEHETEE LTV 5,

SOOI NE FIBINTIES 2 I UNE AR D K15
BT SIHGEN TS, A TRET RV F— OEA L
THEDSN TS, ik 3 BEEERHAT OFNEIC KD Kz
PRI E>TORL,

’y

W LR
-
]
]
]

L]

R 1

2wy

LT S

X2 ik REBSHIX

B LB TP S D.CO,
B DR

3-1. BRADEEV T DB EEZTDRESE

AWFETIE, BNDECY 71 2B B FHEN RRB/ 0 —>
IC75 5 L HESE N B 8REIC ) BAL ., BRI LICHI B X T
BEhJReZ R L. ThSDNHRICEEDWT COHEtm DM
BERNMLT,




HkRBEDHRKRE - ARG EC) T ERRNAF - REHAZR

Verification Study toward Realizing a Decarbonized and

SYREIE N, B A B, V@ E B, BT B
B LY RA—" MR T DT, BT BRI R,
THIRRA T & UTeo s, /NVids KON 1 B B L i B
DV EMERM O AN T TR,

BEDZORAB B L O/ N - EE B HLO CO PR R
ORI, HiIci%iE L7z Bluetooth” Low Energy (LU F
BLE) 27 WVJ€9 %V ML, B R 2R 2\ %
A UTz, 2077, diiifllicid BLE 27 2% $ 2 DHR T
WO T, IV TIVBOMRDES TD S, Fio, AT
BE)m 720 Tr<BEip o BRI R L DT — 220
TAFTBHTENARETH S, COMBTCTNEDT — 2 7%Z1
9% LB BT A28 U, BN FHiZ DL T
1&. BLE 2% OBk 7 ERREIC TR B > T 7z 8, B B
OB FET — 2z UK Uz, HA A B TR O
g VNI B B s K O BRGSO 4E R
BN RENTHY . Z NS DR EA AT D RS
HOAERPEAES s IO TEIN L, LY 2 h—IcD0T
&, B SOKGAEIC K BT BOCRI T OB B I2iEZ il
§ %728, GPS A — & #iE LTl LTz 7 — 2 & i L7z,
BEODIEOEERNA, 27— Wb Ty 21ICD0 T B
SEFDVIEPLS 2 HUpliEL TR GETTEREE, MARNHER ) 22
U7z, SRR TIC DV TR, i FADOE 7Y J IO %
AETTHIBEZ R LT (K3- 1,

BLE 2% 5L U GPS I & 2B SREDHUR /5 L DFHNT D
W, Kifi3-21 Tadih 9 %,

®3-1 AELLEROER. 88ET—2EEHZE
FAE 25 BH BEEET-AREHE
[EAEEIE 7,650 Iy R
BN VST E ) | 2,526 BLE 27t (51,08817)
JREREH FliRd | 2,226 BEHEHT — 2 O
IR AT EA Loah— 68| GPSwH#—(E~N385%,123H)
LN S 112| $EHA 5106 0O THREET R

Byy— 22
1AV 11
RN 7

SR 3B O TR I
SR SRR T BT
JEEAE D B3H OET T I

ESNYEEH

3-2. ICT Z;EALEBEIREDRAES E

BREB) s KOV B B OB B FREREIC W T
L ICT KK BMEHHBRFIED—DTH B/ M ¥ 72tk
MU Oy e ol o rEm ¥ 228, 8o
YRAR =L T AV BEDEHERNRE T -7 T
QN T R R QN VAT [ ek S Co 1) e e e RN A
HTHb, TO—T VI T ANz e T 57T H D
R DR EEL TR B0, Ny MY IdU 7 IV 2 A L TORIHI

Sustainable Mobility Society on Okinoerabu Island

MHEETH S, BB A — T+ HREEINS T a—T)
JIANTHSMAC 7 FL AR, TV R A D58 22
%, T AIA R, CF 2V T BRUT T AN —
D kE HINE LT MAC 7 RLAB T VR LCHEENS 3
HTH%, LIehi>T AR — T+ 22 LTz Tld s
YV RREIE B e h S TH B, Z T T, 4
DIE T, TVRIA D582 52 7%\ BLE 27 ZFIH
L7z,

2Ty M RN IS E TSR E LTz, FaadE @i
7Sk, Wk WIS 7R E O R B iR I N A BB FERRICH D
COMFHER HZ HNE LT, FELERE FICHRE Uz FHC B
RAAF HTHEIT 2B AV E C A sz ulicidiE L
Teo BV DOFREICH 2> TEHIRFBIRD L ETH O | JEEH
HBhs ek OBz FViz (M3-1),

ROt — 1R ER

3 I,

i —RE

®3-1 /N7y b Y OREBEEFR-BREREBERR

B E B H I KOV N - @ E B OB B B2 R T B 7
HITIE BLE 27 72T RICHA 9 %6858 % BLE 2714, i
K EEB I THIMES N B KHIEIA Rk (B EE D0, H5R0 AE
KD ThUAT Uz, FIAHT B X ORIANT ChlfiEEha T hs
DANY MU, BROZ DABHTHRYT 5, BROKI %
A9 % 1,088 D27 7% B RO B I 3% Lz (143-2),
IS K OB FEN P B T M E NIz T28, COL Pk
RO 72> T AR PR, TR (FHAD | Hifdiz
BIZHO., oY M THSE NI T — 2SR U Tl R 21T
W, BEEEHI O B BB IS U TR KLz il L Tz,

YAMAHA MOTOR TECHNICAL REVIEW 1 38



HkRBEDHRRE - HEAEEEC) T ERRNAIF - REHAZR

Verification Study toward Realizing a Decarbonized and

(3-2 FAEAD BLE 27 DRELEHRDIRTF

BLE 27 W5V 7))V AA NI N7 — 2D B )
FHED % [X13-312 159 BLE 27 % @%@ Uiz i hd 2 > 4
fhEzmEUizBRIc T — 2 DIUEEh, Zh Sz ikid 528 T
Bl OB IR R B e WAl iEL /5%, 1212 L. 2T
ORREEFENIIRETE R W28, COPN ROBRHIC KR B
BIFHAECDWTIE, L YRR s EAE 2 TR U,

ot -l o Tt -
ERVINTOHREE (18]

215 T R S

[3-3 BLE 27 %R\ - BEE D BN

KT, LR H— OBEFEMEFICDONWTIENRS, L2
=D DEE A= TA T TV r—avzA
VA=V GPS B — (X3-4) Z LV B —ICiiE L, 7 —
ZOENG 27572, GPS B A —1&, B U LIHC I DA 2
D A THMSRIELIZEDTHY, FIHHIC K2 E%
HEE T WIRAE N2 IS 5 TH %, GPS 1
H—1&, Lo 21— DD SIRHE TOM, GPS 77— 2 Z ik
KRNI T %,

RSN T 7— 203 TR IBRE CHUS S 4, Hil 1D, #a - #%
JE£ 5], GPS RS, 3, B AR D FE bk im ThERE N %,

JEEENTZL 27— OB EIENI 1 T LIcidikE NS T
8, K3-51R T KA T —RIERIc Ry F 7T BT L
T. 1H1BTLOB Iz R T2 LN ETH 5, D
Bz e eI COHHNRZHE U,

1 39 YAMAHA MOTOR TECHNICAL REVIEW

Sustainable Mobility Society on Okinoerabu Island

FATOFEZ ok ks & T

AT=FPwF

B3-4 L22h—7—Z2INEDHE

B3-5 LEh—&KVIREENDT —ZIcED BENH

3-3. ICT Z/EALEBEIREDERIIFER

3-2MiDFFIEIC KON LT T — 272 iz, BB FLHEIC B
T DI HTE R O— T2 W5 T 5,

X3-61%. FERICH L7z BLE 27 DESNOE 3 TEDFRE
it NIz, 202598 HOHAT/RLI:EDTH S, T
DT, 15OH W (1DD BLE 27) WERRI AT FEh
THEIBELTHERIL TS, 3 hbb FHICBWT. ENFELY
OHENEGENZBHIL, LY ThifdE Nz 2 R 8IiT
H %, 8H3HIC1,0006%\ATHEEN TV DIk, 2OH
WCHEDODBMES N, BLE 27 2l LIz DB LT
2o



HkRBEDHRKRE - ARG EC) T ERRNAF - REHAZR

Verification Study toward Realizing a Decarbonized and

BLE# 7 THRE & nr- Bl &)
1,000 4

BOD 4

600

400 4

200 A1

mﬂ]EE(EIIIE% Emmmm el lonlualunlunlunloafi i ilialaifunlusliiiiiilan)
— i —_— -
S S o N 2 e B RN N AN RARS

HN25ERH

H3-6 BROEMHAHBICENISVLEINTLSDL

FHL Ot > Y RO AL HLE L COHEH LN
2.29kg/L1O A 12 9km/LIM 2 VT COHEH B2 R
U7zo THUCT, BLE 27 BiAilHC IR U i i i D < i
A SHER LIz il 5872 F U T, CO M Z kDI DD
X3-7CH %, AT, 20258 HOHBITEIL TS,
HIC &> THHED 2 20 BBIL T3 il 04 0k
L= b DENHFEF T MEN TS0 TH S,

e (kg-CO2/8)

I

3-7 BLEZJICED<EAENRA COHHE

Lo 27— OB B EREOFARRZK3-8IR T, Chid. 1
H1HB S0 OO N 2R LIcb D TH 5, Z<DL Y
ZF—&, 1 HOBEIHEED 100km LA K TH 5. Mk RESEN
ZVHETUIZSATER50km THBIEN S, TRTOF|
MENBNEAL TR LEE 21K ZLOFHEH
50km AT E > T BT DR ENT, £z, X3-9lk i
D — =y 7 THD AT B K THIMT O itz
HUDIC LTV BT D EREN Tz,

o

Sustainable Mobility Society on Okinoerabu Island

50
£y
i 40
30
20
1
0
10 20 30 40 50 60 70 80 90 100 110

18 &H1=Y DI ENERE (km]
K3-8 L>#2Ah—1B&Hi)DBENRERS

) ’
™ '/’
A
WMEE Mikhin
K39 L >2h—FBE&EDHEMEDH

3-4. ICT UNATOBBHREDAERZR

BRI D 15 7 DA PR E T2 423- 2105 9 B
B, NV YSE B EL, LY Z— 12DV T, 3-2fi TR
72 ICT IC KB AMEFERICHED E, 20248 AMNS11ADIH
B DTSR EIREED S A EET TRRERC AL
TR

K32 ERITEDISEY) HIFRETIERE

p— TS EITER SERHBEITIES
[km/ (&-5)] [km/%E]

LrSEED 11,013 84,248,991
NI« XS )y 14,922 37,692,341
ST B i 4,380 9,749,880
Lo &i— 25,877 1,759,636

L NN 5,850 655,200
Ry — 24,860 546,920
AN A 32,386 356,246
FEETT 41,229 288,603

SRR TR AER TR BT TERERC A O B AL
Z R UTHR U, SEMPFEET T R K E 0 DL
AT TH BN, BRI VIR T8 AFRIKET TR R <
55TV 5 BNEROEFDR > T B R A B H, V] -

YAMAHA MOTOR TECHNICAL REVIEW 140



HkRBEDHRRE - HEAEEEC) T ERRNAIF - REHAZR

Verification Study toward Realizing a Decarbonized and

3@ B L JEEREOT FR TR 2 OfhORER & LR L T HI
BREODIEFCE AEMBET TR RZ2MAICH 5,

3-5. BEIEEEICLT: COHHENT LS
CO M EDFMICH =0, LU ND3HEH Z vz, %EH
DEHFIECOVTIZFS 12 2@ L,

1. Tank to Wheel (L~ TtoW)
PN g (LA ICE) A BT 2B, i S e %
PEHENS CO0HEETH S, BRI FDELEBOTHS,

M TtoW — MyF e

T T T\ Mryow 1& TtoW[t/4E], 2 & HEH R EL [-COL/L).
Ly RAEREATHIME (km/4E], F, (&HAZE [L/km] TH %,

2. Well to Wheel (L1 F WtoW)

ICE D551, TtoW IS A B ER-4 « B3 « ik « it
FATHES COMHERZIMA T2 DTH S, HINAIILL F D&
BOTH%,

Mwow = nMrow

T T T Myow & WtoW[t/4E], 5 1& WTT £ £ [t-CO,/
t-COz] TH %, WTT FREUI. BRI RI-PHI T L ISR E
NIRUETH %,

WHN R OB E, BTSN E LTcE ) OFEE - 155
IHES COMRHERTH B,

Mwow=¢eLyE

e (3# ) COMRHEREYL [t-CO2/KWh), Ly 3 4F [ E bk
[km/4E], E ET TR T AL [(kWh/km] TH %,

3. Life Cycle Assessment (L4 LCA)

LCA 1 TtoW I A, Himg DJ5URkEHE, B, pEge, Vo1
DIVETDIATIA 7N 2KICE TS COHHERTH S,
Ff2UANS B2hct REn B K51, Bt PR Ridke
IS U TR TH B8, ST TIIELERF OO H 24
9 %, AL FDOEBDTH S,

Mmanu
Mica=Myiow + v

M & LCA[/AF ] Mg (G HIHTRLERFD COHEH R [t]
YV iZHmOE AR 4] THS.

FADTFEIC KR U ICE D CO Pk RS 52 43-3

14 1 YAMAHA MOTOR TECHNICAL REVIEW

Sustainable Mobility Society on Okinoerabu Island

WORT MUk BESSIC I 2 BE) dl O LR Lei, BEhgio
TELL L7z HHBBHEHETEZ1 %A THO . AR TS
RENOHGERM NS0 COMHEREEADIENTES, 5
WORHTIC KB 14ERID COPEH R, TtoW T21,399t &
T Tz, THUE, 20204EIC SIS AR L1281 oo 5
I CH 520,773t LU TR ERATUI R,

£3-3 ICEE@HLSDEM COHHE
ICE

el TtoW[t-CO./4E] | WtoW[t-CO,/2E] | LCA[t-CO,/%E]
B 13511 15,875 18,571
ZIVEL QS [ By 6,691 7,862 8,666
JEBREAS 1R 373 439 754
Lo BI— 116 137 153
LN NS 415 447 501
Bp— 97 114 123
S0 JAVS 150 163 168
HEEARA T 46 54 59
ol 21,399 25,091 28,996

- BT INCI

4-1. EEV T+ EELITES COHREIR

BAOECY T Z2EBHMLLIz55 D COLHRh Rz 241
RS s HHICER LTI, BINOFEE /1E2100% K15
e LTI - 7o, FHFEICIE, BNE T ORI 15 % DV EAEATHE
IRVFE—THDNTED, ZDELAL IR ERETH
% BRI BN O pEEhs— RPERETHY . il D 7o H Vit
EROENATONE I ZRE T HL, FEEE )12 KEH
BTHSITLIRIWHETH %, Lizh > T AR TIE A1 FEEICK
HE MR ERRE UTRH U, BEic kD, CO PRI
WtoW T13,917t #8/) (ICE Lt ~55%) . LCA T10,948t jikV>
(ICE kb -38%) BT e AR E NIz,

&4 EEVTAZEHLLIIBEDERM COHHE

EV

&5l WtoW[t-CO,/4E] LCA[+-CO»/%E]
LS 6,749 11,804
ZINIRY « S o) 3,376 4,884
BB F iR E 225 344
Lo &h— 59 98
WEis oy 443 559
R — 49 65
BERRI N 250 262
SULIR AW 23 32
&t 11,174 18,048
ICE D7 -13,917 -10,948




HkRBEDHRKRE - ARG EC) T ERRNAF - REHAZR

Verification Study toward Realizing a Decarbonized and

WiolW

35 000
S 000
18 15nm
sh gooa0
1
: £ (s
5] —

ICE EV [khRE EV [ ERX
X4-1 BEME-BIRMEICKD COHIRRIR

EHIT, BNENZ K EEBICIEZ A T80 COHE
iz WtoW TR U7z, T ORERZ X 4- 1SR g, dE ) sl
D TtoW [ZE T TH B, T 2HE N DFEEBKTILHEIC
&0 COMHEHEENS, LTchd> T EEkic & % COHRT B
JENIR%Z TtoW TR 2 i@ KRl L 722 728, AHITIX
WtoW 12 & D BN DHEH FRFIIEN R 2 il 9% . ICE & Ebi g
Be, HHZELY 7 OEHETE CODHEH R 2 K E <l
RTEBHTEDHERE NIz, LAL, MUEIMETH>TE, K
TIHERICEZENMIHE TR RN 215D, ZORARZ K
KET BT KIFEED S DI HED  fHE A RET %
IVF—=NOBATIHIAI R TH %,

7o B —IRANHiRIRAEORED H B, BN 1
JE#155km, BEHEIHO1H 4720 O FEET TR FI30km
THH, HEHIC K 2 RHEFE B O DRI Do
K BEBEE I EDHEAR LT VWEIGICH DLV RS,

4-2. TRIVF—LDiEE

BRI, HkEOFEIIG T 70 OFEHLLHD
B HEMREL VT — DAL AR TH B, — T H
BUTII KR E5ED B %, UNE IR 20 1 44E1 i
Utz AEVTRET 3L F— O3 1H33,224kW DB DY
Sal—rasERICEINE, FERRET L F—DFHE )
MR E 72 B IERiZ ORISR TSR DORAKH 1 & T
ENREL IV F— DB OGF N THFEZ LI 56EMEND
BTEMRENTVS 18, 202543 A ARE S TOMUK ELHES
BB HEAENRET %IV F— DO i 11133,639kW TH
o M TICENREEILDY AT ZZTOBIREICH B,
D78, TP, FOHRUIRRE T 221750, EHIC, EH)
{ED R LI25Eid, BN OB EN S %, 9T
DECV T MEILENTHE . #15,500MWh/FEDE S i+
WAL 75 % A Cld. BB HRNIC & OF MG TR
HE AR OE TR A B R 2 U TARIL . B &
ZEMUTz, ChEERNGFE IR T 5L81.8MW

Sustainable Mobility Society on Okinoerabu Island

TR 0 i, /N - X F B 3 K O A B s DR
Y IR, HEFEE T RINE3KW DFEEZ R 1>
7255, 15.3MW DE R E L 7%, TUT, 201 14ED Y 5
ICRLERE NI KE /1 13.2MW ZIZ 5L, 28 5MW &75D,
SN AT IFERR DR AN/119.1MW Z2 KEL EWl%,
COXSIC, BEMLOBETIE T )L F — E D HHIC
HRLTV2, TNHSDMEITH LTI, EEY T DR ST
TO—FENRETH B, ZD—HIN, FEEXA IV T OHilfET
H%o PIAX AHEDIFGED IS IC—FITEEM TN ST L
ZRiQHTENEF BN S, K4-21F BRSBTS KU/ VY - @
HIE OB EN & D 535N T2 1 HO HE) difs## 21
LTHEY, HPTHRI9RIDOHmAMEHL TV, T2 A,
FETRET )L F — OFER D L WIR B DI Fi A2
R ITEDNHNEE ZENS FEEHIEHT AT LOENIIZZ
HOBEDREL T2 BT28, FHT e TOFE R DR &
RO R SHIRZ R 202D H %,

3456 7TEINWMIZTIINISTETITIE 1920 21 22 23 24 25 26

BESE (W

1HDEEEHRER

X4-2

4-3. Bk RHMEDEE) TritREYIY

CNE T, ERNET =R DO THER MR TE .2
ROEOHERDE S I PO RITRETH B H, KB HER 2 5
192D EBR—ANUVEDTHY ATHEAZRLTNLTED
IR E O BRI, YT OFEEN LGB AA)E
REBRE R EICKOHEESNTE I, B DEATOEVD
NFERETH %, B HIFT MK BIBEDOECY T (2 Vs
v (X4-3) 2R E T BT TATHERIC DR B iRz N0 7
Fr AMCEDVIRTHTLE LI V3V DIERICH T, B
D200z HLITHERE N — G EEEN S Y AF L30T —
Doay T Iz 1 B2 TRIBDELEY T4 8D
2O, REOTEVEL, “FiE OB 8", 22, H IR IR
" DADDOEBIE T — I EBREE LTz, H3MRITiE, 2hHo
AHEE RO BDSFBLIEWEL Y T R Vg U1k
Uz, Wi B L EE 5T ENILD BT T T DEL
VTt LU, BOBARRIESE. NDWB IS T
T3 TATA T ZEDAE TRV T RELT VS,

YAMAHA MOTOR TECHNICAL REVIEW 142



HkRBEDHRRE - HEAEEEC) T ERRNAIF - REHAZR

Verification Study toward Realizing a Decarbonized and

B4-3 EEUT HREYIY

4-4, BRERFENRITITIRE

CNETOMTHERBLCER) T AR Y arv ZHE X,
R FIC NI T HE S 7 X 4-AT 8T, “SOB R ORE", BT
{RICHIT 287, T3VF—E0 | BUREANMT 7255 IR
JK” DADDRIINS, BEL iR 2 B U T,

AtFEcidR Lz BOEELEE O RET )L
F—LIRESOFMTH S, — /7T BV T 1L O8I
CYa Bt OIS MRS T BT A S— O BRI ]
RO IEASEER 72 E B2 IO AT OB, R
EOBGEC X ORI RE FH ST, AW Bk 2
RHCT 70— F BTN RETH B, TOXIHAHENRD
FEOEOMHAIEI IO EERMICOH N EHIHEL
Teo Ble AERDIELAGHSZHIRICS T & 2 B2 WK
WHAAATE, I 2, BRI HIC KD B ZFFBHATHZS
F2L7EB L R OURFRRATIHTZ WO ERARPOIKE T2 38 L
BN TED, RO THIKBDBTAT AT e PEd - Rk - FE(3
Ut e e E# b2 iS5 L TORELEHD1D
TH %, BIHHA—H—L U BIHSLOHT LN 7%
REL T HERREITH S,

Tﬂh e,
BT R el all f
5
\ e :
1 o T 1]
LI PO L REmendEEREE S0
o LR o S TR AR ;
n TNf-mm ) < m-muomaLzzae f TN
TR PRI T e s LT
w MLTEH] AR, WL, r W79 M DR
S i T - RN & ;5; o FIE R 1 R e A ,‘“-ld-l'l‘-
ATTGEE ;-“-}':;"ﬂ < U-PLRE o
 EMHUE OGRS

i 4 o RN R
"“""""'”"-"“""""*""“fq. + BTOIERERD N PR A M, NENs

LAl i
- NIRRT A el Y MRS
Hounamm - EVATRERE BT ek

PP T, ,&E.,:,P" » EVEL B, (eI RRSEDEEE  EETED
WL - A R, :‘:j” o IS - R, A A i T N

HLEET 4 - i,
~Asls ‘:{ O DL
- . ¢ B SRV LI 5, IO | 3 P
\W_‘ ] ¢ SF T PTEE L T RT %
T '35_5':'.. S G J0RAIE, Bk-R ) SRR, Tark tn Wheet T i1
L SACTR IR Lo, B L. P B

X4-4 BRERENEIARS

143 YAMAHA MOTOR TECHNICAL REVIEW

Sustainable Mobility Society on Okinoerabu Island

FE8

1. ICT OEHIC KD, BNOABHRERC L OB J2HEIC
DWW COMHN R ZHRET B M TET BADIH,
/N BB A B A E O AR HIC K AHHEROEIGH
REREERDBIED T ehRENT,

2. BEIFHERB KT COMH I mOHMRRERL | KN DR MR
BRI EZ USRI TR e S icohFsce
WT&E,

3. BEISERR A Cld BLE 27 Z1GH L., T ROB Iz 4tz
LTehd, 07— 2 IR AR E W& O4fise
TR EICRRED B D 51213 T DUGE 2 HED 5 B
5,

4. BEET — 23, TRV F—FIHRESHAGDES
CET KOBARNEBURENR ORI REL 755, R4
BIDFIRICED, 77— 2172 BN THEEL TV SH B
2R U,

g;%;f%%:&a&%m&%%u&%w

AHE TR UTEOR A & ok RIS OB IT B X T
FRAMT & 2 R, B R UM K 5202348 H 10 HIC Hif
fhE NI EICHE D ZRRE N8 D TH 5, e
&, MUk R EZET IV E TR « Rkt REREC ) 70
HEOMEZHNEL TV, CORDADBEICIBNT,
Y ERADREZ D 5 NENT LB E AR AR R L
HHE (JST) 1 COL-NEXT HAIDIGE KR 71 7'F L (i
LRI A4 (2022) AR EEBRR  Hits 2 R HRIC D7~ A
EEV T AR IS, Al R BRI A LR A
FINT, — AU RN AT F 7 VAR B HEME RS, kLD I
[ TINSEL, BRE N, ChUC KD, IHIREB K TEL) 77
I ZHOFHA DL R E D TV,

CTTIERECYTAICBET 2O ADS B, EEs) Hii D HE)
R TG H LI SRARS DWW TN G %, AT B2 RIFEL
- AENEI RN ORI E UT, BDEHIC I U 2B 8EE o
figr & MK Db WA 2 H LS BOCERPLIN T A w1 ds
W LR 0O F BRI 2 A6 (2024) 3 H 15H DS
6HIRICHIF TIHMEL Tz, A TR AIIE MM ENTE
0. BOERITH NS AL TR600m OFER0H R0z 45
WTHZREN D%, CORE)Z ABELEIR I I OE L,
Pl R K TR 2 2 I T e E RS AR L — 2 L7325
RITHEH LTz, FZRETIE Mtk 7)) — > Aa—E LU T+ TAR-




HkRBEDHRKRE - ARG EC) T ERRNAF - REHAZR

Verification Study toward Realizing a Decarbonized and

05 it B R O HBNE L7 125 L. TADENU | Z#5#K L.
EIEEH L (L)L 2) 1T 1 3km/h THRER IS A CEE
HiEETHI600m Z#570 TRiATZ (X16-1),

R - : Ay

H6-1 Ak RESEHAABTRICHSIT2EENELELEL

COFFHCED, V) — 20— T¢I HEE i %
BT BT LT B OB B EDOMRICE 59 5T LAY
FREHCTHERRE NIz, — /5 T R EIENE DRI A, BN
RDO—HTHHBUCAERELORBIE O ZXN570E, X
57220110 EOREPENREE UTERA R L 55T,

V)= An—ELCY T I KB BEABRD A B e —
MELIE & 75585, BORKEBREDHMZH AL, i
KBRS R DAL Bl L — D7 7Y AV Uz, Bl 72
FCaRLGEITZEME T A VL SRED IV T MR L
ek B S FH HLpl 2 i U e SIS, A HT 3 KO R
PRSI EDRIVF—ZEH LI L —Y OB ARG
L7z(1X16-2),

ARI7 (2025) £ A4t K% COL-NEXT [l 7z x [t
IO ALY T SR DHD A kL THE
HEENZTETHS,

FH 4 BT T

daAERNA

MIfiWNEAL-—TRBATES
BB B~ AT

BRELOBE@-HL—IDFFAY

Sustainable Mobility Society on Okinoerabu Island

&!I

i

ENIERES i1l UM el 74 LAY e AV ey S A LT
BRORRANT ORI L, DXOELZHRL 1%, £,
Vg ORFREICB O TE KA viz—i
FEEREANS R AFOERICE. b TREEILZ L LIP3,

WEE X

[1] 2@ A BRI https:/ /www.mlit.go,jp/sogoseisaku/
environment/sosei_environment_tk_000007.html

[2] Y= NFEEIE Y L — 7 EBER M 2050 - https://global.
yamaha-motor.com/jp/profile/csr/environment/plan-2050/

(3] J M7 bt 5 A SROE R 75 (2021) <https://
www.town.chinalg jp/kikakushinkou/kurasu/zero/documents/
kuikisesakuhen.pdf

(4] AT b BRI B AL B 1921 5T (2024) Thttps://www.
town.wadomari.lg.jp/documents/295/kuikisesakuhen.pdf
(5] KREF ¥0R1+, by f2.2, W B, TG s - Nt
DIcHDOWi-Fir 7y b 23—l & A I B 7%, 1A
e XHED3, Vol. 75, No. 5(2019)

(6] )11 = BE, Jan-Dirk SCHMOCKER, 78 fih, iiff {2

ENAOVZERIRRR DT — 2R 2 % 1 L IZODHERH Tk 1 5t
ABOCHIIRBENC I 2r —AAR T o1, T AR AEDS,
Vol. 75, No. 6(2020)

(7] —fAt A NHA BB H T3S R A B s Ol 5208
A (2024)

(8] — At AN HA B 1362 i B i A et
#(2024)

[9] PEH 1= Wi-Fir Vrw b Hg i ic 22 2 358 re iR
h — BRI E AT SSEIRENNTS AT L, TUR
WNTZ2074 X, Vol. 11, No. 3(July 2020)

[10] BRBE#y BN RA ARE LR O R — 5
https://policies.env.go.jp/earth/ghg-santeikohyo/files/
calc/itiran_2023_rev4.pdf

[11] B B, A ditn - 2RHEEH 25 R LTz CEV
Y Ialb—vay, EPAREEG DS, Vol. 70, No. 5
(2014)

(12] k& F5H, bk BRI, KA mR oA B O bR
GEELTD/S—Y FIVEEY T — )LV A I B KR
FNERE, T A 2R XARD3, Vol. 78, No. 5(2023)

[13] JUME SRR S B R G #E: https://www.kyuden.
co.jp/library/pdf/press/2014/wo8r9ykne.pdf

[14] JUMNFEI AR S BAZRNG# : https://www.kyuden.

co.jp/td/renewable-energy/remote-island-connection.html

s

G|

YAMAHA MOTOR TECHNICAL Review 144



HkRBEDHRRE - HEAEEEC) T ERRNAIF - REHAZR

Verification Study toward Realizing a Decarbonized and
Sustainable Mobility Society on Okinoerabu Island

mEE

F0EH AR o #sh it iz

Tomoki Wada Masahiro Kawaguchi Toshiyuki Nakamura

ety DA ety DA ERAEN

LLRI D X ABHFED LA HE X AR BB
ey g

BEEE  mRs— W 515

Shimpei Fukuda Junichi Inami Toshiyuki Yamamoto
BRI EIENS BRI EENS FERLRZFEN
A2 AR SO KB
E Vg
e
a =

&R &k B K
Masahiro Kuwahara Daiki Inui
ERAEN ERAEN
B R AR B R AR
Hi RS Hi RS

145 YAMAHA MOTOR TECHNICAL REVIEW



12 iy

% |

b

[NEDO B 5 K]

L RAFSGEFFYTAVIINFALIMES
3D FAEH S EiiFER

Development of Chip-on-Wafer Direct Bonding 3D Stacking Technology for Post-5G
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Abstract

“Yamaha Robotics Co., Ltd. (hereafter “the Company” or “YRC”)” carried out the Development of 3D Integrated Chip-on-

Wafer Direct Bonding Technology for Post-5G Applications as a project subsidized by the New Energy and Industrial

Technology Development Organization (NEDO). This report presents the development results of the key technologies

necessary to realize this technology: (1) foreign particle removal and surface pre-treatment technology, (2) non-contact

handling technology for semiconductor chips, (3) foreign particle inspection technology, and (4) bonding technology.
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Abstract

Effective Skin Lesion Segmentation is crucial for dermato- logical care, it enables the early identification and accurate
diagnosis of skin cancer. Denoising Diffusion Probabilistic Models (DDPMs) have recently become a major focus in
computer vision. Its applications in image generation, such as Stable Diffusion, Latent Diffusion Models and Imagen,
have showcased remarkable abilities in creating high-quality generative outputs. Recent research highlights that
DDPMs also perform exceptionally well in medical image analysis, specifically in medical image segmentation tasks.
Even though a U-Net backbone served as the foundation for these models initially, there is a promising opportunity
to boost their performance by incorporating other mechanisms. Recent research includes a transformer-based
framework for diffusion models, but the advancement comes with the challenge of inherent quadratic complexity.
Research has shown that state space models (SSMs), like Mamba efficiently capture long-range dependencies while
maintaining linear computational complexity. Due to these benefits, it outperforms many of the mainstream
foundational architectures. However, we found that simply merging Mamba with diffusion results in suboptimal
performance. To truly harness the power of these two advanced technologies for medical image segmentation, a more
effective integration is required, we formulate a novel Mamba-Based Diffusion framework, called Diff- Mamba for skin
lesion segmentation. We access its performance on the ISIC 2018 dataset for skin lesion segmentation, and our
method out- performs existing state-of-the-art techniques. The code is available at: https://github.com/amit-shakya-28/
DiffMamba

is achieved by visual examination through methods like

INTRODUCTION

the ABCD criteria®”’! (asymmetry, border irregularity,

Background Melanoma, the most fatal type of skin
cancer, results from the abnormal growth of melanocyte
cells due to the activation of mutation by unusual
Deoxyribonucleic Acid (DNA) damages. Melanocyte cells
create melanin, which is the substance responsible for
skin colour!". Melanoma cases have increased sharply
over the last 30 years, with around 10,000 deaths
annually in the USA®®. It is highly curable, if detected in

early stage!'!. In dermatology, early melanoma diagnosis

1 6 1 YAMAHA MOTOR TECHNICAL REVIEW

colour patterns, and diameter) and the seven-point
checklist®™. However, these methods are time consuming
and face subjectivity issue. Automated medical image
segmentation methods gained considerable interest
recently for their potential to diagnose the diseases
accurately. The effectiveness of these models in medical
image segmentation stems from progress in deep
learning technologies, ranging from widely used

convolutional neural networks (CNN)#BUI7 to the newer
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vision transformer architectures (ViT)®9,

Denoising Diffusion Probabilistic Models Recently,
the DDPM has gained significant recognition as a potent
class of generative models. The rising acknowledgment of
DDPMs has sparked significant interest and research,
fueled by their remarkable ability to produce high-quality
and diverse samples, as demonstrated by models like
DALLE2/?! Imagen®®", and Stable Diffusion®®”. Building
on these advancements, researchers have introduced
innovative techniques for medical image segmentation
utilizing diffusion models. By leveraging DDPMs, many
approaches have achieved cutting-edge results across
various benchmarks. The outstanding results of these
models arise from their built-in stochastic sampling
process?®. DDPMs can produce varied segmentation
predictions through repeated runs, with the diversity of
these outputs effectively reflecting the inherent
uncertainty in medical images. This is particularly
valuable for segments where organs or lesions often have

uncleared or indistinct boundaries.

Mamba Based Diffusion Framework However, it is
noteworthy that all these approaches are built upon
traditional U-Net backbone. Compared to the growing
trend of using state space models (Mamba), traditional
U-Net models compromised the segmentation quality, due
to which it generates a diverse but incorrect mask during
ensemble. Ultimately, this can introduce persistent noise
that permanently degrades performance. Building on this
momentum, we want to combine the Mamba-based U-Net

261 with the diffusion model.

model such as U-Mamba
However, we observed that a straightforward implementation
yielded inadequate performance. One of the main reasons
behind it is that the features produced by the Mamba are
not compatible with those from the diffusion backbone.
The Mamba extracts detailed semantic information
directly from the original image, while the diffusion
backbone handles features from a noisy and corrupted
mask, which complicates the process of combining these
features. To mitigate these shortcomings, we formulate a

novel Mamba-driven Diffusion Framework for skin lesion

segmentation, called DiffMamba.

in Diffusion Models for Skin Lesion Segmentation

The main concept is to combine conditional embedding
and diffusion embedding. To effectively link these two
embeddings, we proposed a novel Mamba-based Fusion
module for their integration. The feature fusion module
merges noise and semantic features using a cross-mamba
block (CroMB) and the merged features further in
succeeding Mamba block (see Section 3.3). To align the
noise and conditions at each step, CroMB utilizes cross-
input features to the mamba block to enrich features,
while integrated output of CroMB processed in further
Mamba block are refined features through selective
scanning and concatenation to produce the final fused
output. The proposed work provides the following key

aspects.

- We formulate a novel method that combine Mamba
and diffusion model for skin lesion segmentation.

- We introduce an innovative Mamba-based fusion
module that seamlessly merges conditional semantic
features with diffusion noise. As far as the authors are
aware, this is the first successful method to combine
diffusion and condition embeddings in skin lesion
segmentation.

- The proposed method is evaluated using the ISIC 2018

dataset for comparison.

The enhancement in Intersection over Union (IoU) and
Dice score relative to current leading medical image
segmentation methods demonstrates the efficacy of the

proposed approach.

RELATED WORKS

2-1. Skin Lesion Image Segmentation

Traditional Approaches Before the advent of deep
learning, image segmentation was predominantly driven
by classical methods and machine learning techniques.
These included approaches like adaptive thresholding!”,

support vector machines!®, ue,

[48]

region growing
unsupervised clustering!*®!, and active contours!"®!. These
methods were heavily dependent on manually designed
features, which were difficult to create and often lacked

the adaptability and effectiveness required for handling
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more complex datasets. As a result, they struggled with

larger and more intricate data.

Deep Learning Approaches This section offers a
summary of deep learning methods used for skin lesion
segmentation, with a focus on the U-Net model
introduced by Ronneberger et al.®?, which efficiently
leverages data augmentation to make the most of limited
labeled samples in biomedical imaging. Bi et al.’®! created
a multi-stage fully convolutional network for skin lesion
segmentation, which includes stages for both coarse and
fine boundary learning, along with a parallel integration

method to enhance detection. Yuan et al.l*”

proposed a
fully automated skin lesion segmentation approach that
employs a 19-layer DCNN and uses Jaccard Distance as
the loss function. Despite extensive parameter optimization
and testing on the ISBI 2016 and PHZ datasets, their
approach did not perform as good as state-of-the-art
methods, notably when handling low-contrast images.
The 2020s saw a shift in computer vision with the rise of
vision transformers, disrupting the dominance of CNNs
and leading to innovations like Swin-Unet!"®, which
integrates Swin Transformer'** blocks into U-Net models.
Hybrid architectures like UCTransNet"®® and MCTrans!*®!
combine CNNs and transformers, while all-transformer

47 utilize transformers

models such as SMESwin-Unet
throughout the entire U-Net structure. Despite these
advancements, challenges remain due to the limited
availability of annotated segmentation data compared to
classification data, which affects the precision and reliability

of segmentation algorithms.

2-2. Diffusion Models for Medical Image Segmentation

Building on recent advancements, researchers have
introduced innovative medical image segmentation
techniques that utilize diffusion models to address this
complex problem. For example, EnsDiff!*!! uses ground
truths for training and treats input images as priors to
create segmentation distributions, which aids in
generating uncertainty maps and an implicit ensemble of
segmentation maps. Kim et al.?®! introduce an innovative
method for self-supervised vessel segmentation. On the

other hand, MedSegDiff*?! utilizes diffusion probabilistic
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models (DPM) for medical image segmentation,
incorporating dynamic conditional encoding alongside the
FF-Parser helps to mitigate the impact of high-frequency
noise. The subsequent MedSegDiff-V2** improves upon
this method by incorporating a conditional U-Net, which
strengthens the interaction between semantic features

and noise.

2-3. Mamba in Computer Vision

Previous methods in semantic segmentation either use
CNNs'?!, which are scalable but constrained by small
receptive fields and weight-sharing limitations, or Vision
Transformers (ViTs)®®, which provide better global
context but suffer from quadratic complexity and
efficiency issues. To overcome these challenges, Selective
Structured State Space Models (Mamba) ®I' have become
increasingly popular for their ability to cover global
receptive fields and use dynamic weights while
maintaining linear complexity. Mamba has proven highly
effective in long sequence modeling tasks, particularly in
natural language processing'”. Its capabilities are also
being investigated in vision tasks like image
classification'®®, medical image segmentation®®®3 and

22 introduced a residual state

3D scene comprehension
space block that combines channel attention with Mamba
and a 2-D selective scanning technique for better image
restoration. Inspired from its success, we introduced a

fusion module in our proposal.

METHODOLOGY,

This part provides a thorough explanation of our
proposed Mamba-based Diffusion framework for semantic
segmentation. We commence with an explanation of the
foundational ideas of DDPMs and State Space Models.
Then, we provide a summary of the architecture we
propose, followed by a detailed examination of the fusion

module.

3-1. Denoising Diffusion Probabilistic Models
We offer a concise summary of the diffusion models as
described in''*!. These generative models are defined by

a Markov chain and consist of a forward process, in
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which the data undergoes gradual degradation by adding
Gaussian noise, and a backward process, in which the
degradation is progressively reversed by removing the
noise. The forward process, denoted as g, is given by the

following formulation:
T
q(rrlag) = [ [ el %) (1)
-1

Here, T are number of steps %, «2, ..., #7 are the latent
variables at each step, and ¥y is the initial data sample.
For every step in the forward pass, the Gaussian noise is

given as:

Q(xt|xt—1) = N(xt§\/1 = B %1, Bilpn) @)

where g; specifies the noise schedule with a constant and
I, is the identity matrix having size # X n, The forward
pass allows for sampling at any arbitrary timestamp ¢, is

[14]

described in ", which can be reparametrised to

X =Jax +1-ae, e~N(0,L,,) ©)

where
ar=1-p6
_ (4)
o = g
s=0

The reverse pass, parameterized with 6, is defined as:
T
Do (xoral27) = Hpo (%1l %,). 5)
t=1

Starting with Do (xp) = N (30,1, ) this process transforms
the distribution from p,(xr) to ps(%o). The reverse pass is

carried out by applying Gaussian steps described with:

Do (x4l 2) = N (%15 o (£:,1) , o (£:,1)). (6)

[14]

As shown in "%, we can then predict x;; from x; with

Xq = \/j;(xt - %q) (%, ,t)] +0,2, (7)
where z ~ N'(0,I), and o; represents the variance scheme
to be learned, as proposed in ', As seen in Equation 7,
the sampling process includes a random component 2,
resulting in stochastic behavior. Note that ¢, refers to the
U-Net model containing a Mamba-based fusion module we
train, with input x; =\/a7x0 +ﬂe. The model ¢ (x;,2)

in Diffusion Models for Skin Lesion Segmentation

that is subtracted from «; during sampling, as described
in Equation 7, needs to be learned by the model. This
U-Net with Mamba is trained using the loss objectives

specified in '],

3-2. State Space Models

State Space Models (SSMs) 19" are a framework used
for sequence-to-sequence tasks, characterized by their
time-invariant dynamics, also referred to as linear time-
invariant (LTI) properties. Because of their linear
complexity, SSMs are ideal for capturing the dynamics of
systems by mapping them to latent states, described as

follows:
y(t) = Ch(t) + Dx(t), h(t) = Ah(t) + Bx(t) ®)

Here, #(t) R represents the input, 4(t)e R" is hidden
state, and y(¢) e R is the output. N denotes the state size,
and A(¢t) refers to the time derivative of A(t). Additionally,
AeRM™N, BeRM, CeR™, and DeR are the system
matrices. Since the matrix D is considered a residual
connection between the input and output, State Space
Models (SSMs) are often represented by omitting D,

leading to the following simplified forms:

n'(t) = Ah(t) + Bx(t); stateequation

9
¥(t) =Ch(t); ©

output equation

This representation captures the global feature
dependency of SSMs, as the current output depends on
all preceding states and the input. While the above
equations assume continuous-time inputs, deep learning
approaches treat the input as discrete in time. To handle
discrete sequences such as text and images, SSMs use
zero-order hold (ZOH) discretization!'”. This approach
maps the continuous {xy, %2, ..., xx} (input sequence) to the
discrete {y1, y2, .., yx} (output sequence). To achieve this, a
time scale parameter A e R” is introduced, transforming

the matrices A to 4 and B to B as follows:

A=exp(ad),
B=(AA)"(exp(A)-1)-AB,
C=C,

yi =Chy, + D,

b, = Aly,_, + Bx,.

(10)
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In this context, the dimensions of all matrices remain
consistent throughout each iteration of the process. In

9]

addition, as detailed in Mamba'™, a first-order Taylor

expansion is used to approximate the matrix B:
B=(exp(4)-1)A'B~AB

where we simplify (AA) (AA) ™' AB to AB. This approximation
facilitates the analysis and implementation of the model
by reducing the computational complexity associated
with matrix exponentiation.

(exp(A)-I)A™'B to AB, we make the model more

By simplifying

tractable and easier to work with in practical

applications.

3-3. Proposed Architecture

Our approach utilizes the diffusion model*?

, comprising
a forward diffusion process adding the Gaussian noise
and the reverse process with neural network restoring
the original data. This process is explained
mathematically in Section 3.1. To ensure consistency with
forward process, the noisy image is iteratively refined
with the reverse process, progressively restoring it to
achieve the final clear segmentation (see Figure 1).
Similar to the standard diffusion probabilistic model
(DPM) setup, we use an encoder-decoder network for
training. For segmentation purpose, we enhance the

model by conditioning the noise prediction function ¢

on information from the original image.

¢ (x;,1,t) = DC(MambaF (F;,, F,, ),t) (11)

Here, F, and F, (see Figure 1), signifies the feature
embeddings of the original image (condition) and
diffusion input at the current stage ¢ respectively. These
two embeddings are merge together using Mamba based
fusion module (MambaF) and then fed into a UNet
decoder (DC) for the reconstruction process. The
complete process of DiffMamba is shown in Figure 1. To
explain this, we consider the single step ¢ in diffusion
process. Initially, the noisy mask x7 is passed through a
UNet, which is called the Diffusion Model. The model is
directed by semantic features of the raw images using a
separate UNet, referred to as the condition UNet.

Following this, the semantic condition is integrated into
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the encoder features of the Diffusion UNet, combining the
semantic segmentation embeddings from the condition
UNet. This integration is controlled by the Fusion Module,
which refines the representation by connecting noise and
semantic embeddings, utilizing the global and adaptive
features of Mamba. The proposed approach used a
standard noise prediction loss L, for training, analogous
to diffusion probabilistic models (DPMs)!"*l,

Features Fusion with Mamba 7

proposed a feature
fusion module that integrate multi-modal features using
two blocks, Concat-Mamba Block (ConMB), and Cross-
Mamba Block (CroMB). The CroMB enhances features
through cross-multiplication and selective scanning, while
ConMB combines outputs from CroMB using
concatenation and selective scanning. Inspired from this
approach®”, we propose the Mamba Fusion block to
merge the semantic (conditional) and noise features. The
combined features are then forwarded to UNet decoder in
the diffusion model for further processing. Let us
suppose the conditional features and noisy features are
represented by Fy and F; respectively, the complete

fusion process is formulated as:

F{,F. =CroMB(F,,,F,)

12
MambaFp,y,: = Mamba(Conv < Fy , Fy >). (12

where, <-> is concatenation, Conv is 1 X 1 Convolution,
Mamba is a mamba block (see Mamba in Figure 1 for
more details). Here, all the features remain in original
dimension. The Mamba block basically works as a gating
mechanism with the State space model. In Cross mamba
block we utilize the cross features for generating the
gating mechanism (see the inputs F;, and F, provided
differently to the two parallel mamba blocks in Figure 1).
The Mamba block uses the 2D-selective scanning
mechanism (SS2D)!"?! as shown in Figure 1. Furthermore,
refer to equation 11 to see how MamabaF ., features

are used to condition the noise prediction function.

EXPERIMENTS, ANDRESULT
DISCUSSION

This section provides details about the dataset used in the
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experiments, outlines the implementation process,

explains the evaluation metrics, and discusses the results.

4-1. Dataset
The ISIC 2018 dataset'®, from International Skin Imaging

Collaboration (ISIC), offers a diverse and extensive
collection of dermoscopy images. In which, Task 1 is
dedicated to lesion segmentation having a total of 3,694
images, of these, 2,594 images are designated for
training, consisting of 72% nevi, 20% melanomas, and 8%
seborrheic keratoses. Additionally, 100 images are
allocated for validation, and 1,000 for testing. The image
resolutions range from 0.5 to 29 megapixels, with
dimensions spanning from 540 X 576 to 4,499 X 6,748
pixels. Figure 2 illustrates sample images from the

dataset.

4-2. Training and Implementation Details

The proposed segmentation network was trained on
images which are resized to a resolution of 256 X 256.
The model was trained for 100k iterations, employing the
AdamW! optimizer with a batch size = 8 and a learning
rate = 0.0001. For inference, 100 diffusion steps were
used, and the ensemble of 5 times model execution is
considered, which is less than 25 runs performed in
MedSegDiff**l, The STAPLE algorithm™*®! was applied to
merge the samples. The experiments are implemented on
PyTorch framework and executed on an NVIDIA A100
GPU.

e

in Diffusion Models for Skin Lesion Segmentation

4-3. Evaluation Metrics
The proposed network’s performance was measured
using the IoU and Dice score to compare it with leading

medical image segmentation methods.

Dice Score The Dice coefficient is measured using the
recall and precision from prediction, evaluating the
similarity of the prediction and the ground truth. It also
accounts for false positives, which is generally useful in
datasets with significant class imbalance, such as those
found in medical image segmentation. Mathematically it

is defined as:

2 x True Positive
2 x True Positive + False Positive + False Negative

(13)

Dice =

Intersection Over Union (IoU) It evaluates the overlap
of the prediction and the ground truth by evaluating the
ratio of their common area to the total area covered by

both. In mathematical terms, it is defined as:

ToU — True Positive

True Positive + False Positive + False Negative

(14)

The difference between the two metrics is that the IoU
penalizes under-and over-segmentation more than Dice

score.

3k

Fig.2 Sample Images from ISIC 2018 dataset. First and second row represent the image
and Ground Truth respectively
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Table 1 A comparison of the proposed method with
existing state-of-the-art approaches for skin lesion
segmentation. Note: The best is indicated with bold,
and second best is indicated with underline

Dataset ISIC 2018

Metric Dice score IoU
UNet®?! 85.41 76.85
UCTransNet®®! 86.69 78.35
ACC-UNet!'® 86.57 78.81
Swin-UNet*®! 88.03 80.02
SegDiffl?! 87.30 79.42
EnsemDiff*!! 88.21 80.72
MedSegDiff!% 91.30 84.14
Ours 92.72 86.73

4-4, Result and Discussion

Table 1 provides an analysis of our proposed DiffMamba
on the ISIC 2018 dataset. We consider IoU and Dice
score (DSC) for evaluation. According to the results, our
method outshines both CNN and Transformer based
strategies, emphasizing its ability to accurately capture
boundaries on the ISIC 2018 dataset. In particular, our
proposed approach demonstrates better performance
compared to methods that rely on transformers such as
Swin-Unet, CNNs such as UNet, and hybrid models such
as UCTransNet, ACC-UNet, and diffusion-based
methods8I16I15I142] “Additionally, DiffMamba outperforms
the baseline model (Medsegdiff) with improvements of
+1.42% in the DSC score and +2.59% in IoU on the ISIC
2018 dataset. Moreover, Figure 3 shows that our method
excels in visually capturing detailed structures and
defining boundaries more accurately than other models.
This visual analysis highlights the superior performance
of the Mamba-based fusion module, which effectively
captures long-range dependencies while keeping
computational complexity linear during the learning

process.

CONCLUSION

This study proposed the DiffMamba diffusion network for

segmenting skin lesions. We improve the diffusion-based
framework for medical image segmentation by

integrating Mamba mechanism with the original UNet
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backbone. We introduced a fusion module to align noise
and semantic features. The comparative analysis is
carried out on ISIC 2018 dataset which shows that our
approach outperforms the existing SOTA methods.
Considering its effectiveness on ISIC 2018 dataset, in
future, the approach will be evaluated on the other
medical image segmentation datasets to verify its
generalizability. A Mamba-based diffusion model for skin
lesion segmentation is being introduced for the first time
as per our knowledge, we anticipate that DiffMamba will

set a new standard for future research in this field.
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Abstract

Effective management of high-resolution, and spatially wide contextual cues is fundamental to the accurate semantic
segmentation. Traditional approaches like multi-resolution feature maps, and skip-connection are effective but require
changes in the backbone architecture, restricting utilization of newer models and architectures for the problem. In this
work we propose an architecture-agnostic, two-stage, global-local frame- work, called GoLo, for the semantic segmentation,
which can use arbitrary semantic segmentation models within its two stages. We focus on segmenting cell nuclei in
histopathology image analysis, where accurate segmentation of cell nuclei boundaries is one of the key issues. The
proposed framework consists of first stage with Global and second stage with Local learning approach. The first stage is
proposed to process the image globally and provide the coarse nuclei segmentation map. In the second stage, to process
the image locally, coarse segmentation map and input image is first converted into patches. These patches are then fed
as input to the second stage to get the fine- grained segmentation map. Both stages are trained with a combination of dice
and binary cross entropy loss. To show the effectiveness of our approach, we test 4 state-of-the-art segmentation
architectures (ACC-UNet, UCTransnet, Swin-UNet, and Vanilla U-Net), on 4 different benchmark datasets (MoNuSeg, CPM-
17, CoNSep, and TNBC). We evaluate performance of each technique before and after using our framework. We report an

average improvement of 4.82% in mloU, and 4.52% mDSC score, across techniques, and datasets.

INTRODUCTION o A

A. Background

Cancer ranks as the second leading cause of death and “=.. — .. — . —. . . . — . —.. —.. -
disease burden worldwide, following cardiovascular .
disease!'. It emphasizes the critical need for early

detection to im- prove treatment outcomes. Changes in

LL) Inpent (2} Giroand Truth ;': | Coarse (1) Fine-grained

the shape and structure of cell nuclei are significant Seqneniion Segmentation

indicators in cancer diagnosis. Histopathological  fjg 1 The key idea of this work is to use a two-stage framework

examination is the primary method in which pathologists  for accurate segmentation. In the first stage, we use the full
image (which needs to be inputted at a lower resolution due to
memory constraints) with a state-of-the-art model (we have
cellular abnormalities under a microscope. This process experimented with ACC-UNet, UCTranNet, Swin-UNet, and UNet),
is time-consuming and highly reliable on human  which identifies all the nuclei but with inaccurate boundaries
(image 3). In the second stage, we crop each individual nuclei
based on the mask in the first stage (along with a small context
around the boundary), and give full resolution version which
average disagreement rate of 24.7%P!. This high leads to accurate boundaries (image 4)

diagnose cancer by visually inspecting tissue changes and

expertise?. Studies have shown significant variability

among pathologists in diagnosing biopsies, with an
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variability highlights the potential for computer-assisted
histopathology interpretation to improve diagnostic

consistency and accuracy.

B. Cell Nuclei Segmentation

One of the most important and fundamental task for
computer-assisted histopathology interpretation is cell
nuclei segmentation. It refers to the process of identifying
and delineating the boundaries of cell nuclei within
images obtained from microscopy. In traditional
approaches to cell nuclei segmentation, scientists
employed techniques such as Water- shed segmentation,
K-means clustering, and fuzzy C-means to delineate cell
nuclei within histopathology images'*. These methods
have limited performance for blurry images. So, scientists
are looking for better ways to do this job automatically

and accurately®

. Deep learning has emerged as a
superior solution for cell nuclei segmentation due to its
ability to automatically learn and extract features from
images, leading to more accurate and robust
segmentation results'®. Unlike traditional methods, deep
learning models can segment nuclei of different cells with
diverse image conditions”®!, This adaptability is crucial
in biomedical imaging, where nuclei can vary greatly in
size, shape, and intensity. Once trained, deep learning
models can process large-scale image datasets quickly,
making them suitable for high-throughput analysis. While
these methods have shown some performance gains, they
still suffer from issues like complex post processing and
excessive redundant computations. While traditional
methods have been effective to some extent, they often
require manual intervention and parameter tuning,
leading to subjective results and limited generalizability.
U-Net®®), an architecture built on Fully Convolutional
Networks (FCN), is widely used and has achieved
excellent results in medical image segmentation. Many
single stage approaches have been proposed, an

extensive review is presented in [10].

C. Two-Stage Approaches for Cell Nuclei Segmentation
Among the numerous studies aimed at improving the
original U-Net!!'"'¥l there has been considerable focus on

stacking or cascading multiple U-Nets. Sevastopolsky et

al.lld

combine two types of building blocks, U-Net and
Res- UNet, to segment images of the optic disc and cup
image segmentation. Christ et al.'? use a sequential
arrangement of two U-Nets to segment both the liver and
lesions in CT images. In [14], an ensemble of FCN-based
methods was introduced to distinguish overlapped
segmented nuclei. Although this approach achieved better
results than basic encoder-decoder models, it struggled
with more difficult cases''®. We observe that existing
methods are often dependent on specific architectures.

For example, Jiang et al.'®

proposed a two-step approach
using a modified U-Net model: initially, a simplified U-Net
variant generates a preliminary prediction, and then, in
the second step, the architecture is enhanced by adding
two decoding layers to refine the prediction. In contrast,
our approach is architecture-agnostic. It allows the use of
any arbitrary architecture in both the global and local
stages, providing flexibility and refinement for cell nuclei
segmentation without being tied to a specific model

structure.

D. Our Proposal

The key trade-off for an accurate segmentation is
managing resolution and context. While per-pixel
predictions can give a high-resolution mask, clearly
delineating the boundaries, the context at individual pixel
is often not enough to label. Giving context from a patch
helps predict the label accurately but sacrifices the
resolution. Our key observation is that the current two-
stage state-of-the-art techniques which give binary
segmented mask in the first stage do provide the
necessary context, but by providing the full image in the
second stage, doesn’t allow the model to focus on high
resolution which is crucial for accurate boundary
segmentation. Hence, in this work, we propose a simple,
yet highly effective technique which does coarse level
segmentation in the first stage by using the full image.
However, in the second stage, we crop the images
according to the mask generated in the first stage, and
then give high resolution images to the network in the
second stage for highly accurate boundary prediction.
Figure 1 visually describes our approach. Our main

contributions are:
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+ We propose a novel two stage global-local learning
approach for cell nuclei segmentation which effectively
combines contextual cues with high resolution features
for accurate boundary segmentation.

+ The proposed pipeline is architecture agnostic, and can
combine multiple latest evolving segmentation
techniques in the two stages.

+ Our proposed framework outperforms existing state-
of-the-art techniques on four publicly available datasets.

Oaginal D ige Crromd Trudh {GT)

Dilference (GT & M
2 A .

Fig. 2 Limitations in Nuclei Boundary Segmentation:
Implications for Disease Diagnosis

PROPOSED,ARRROACH

Nuclei segmentation is important in medical imaging be-
cause it helps to clearly identify and outline the nuclei of
cells in complicated tissue images. Several methods are

used for nuclei segmentation!* /0!

and while they
effectively locate nuclei, they often struggle with
precisely defining their boundaries (see Figure 2). This
limitation raises concerns about their overall
effectiveness. To address this critical aspect of biomedical
image processing there is a dire need of refinement. In
this work, we argue that providing localized features,
along with the entire image can enhance the boundary
delineation. The architecture of our proposed approach is
illustrated in Figure 3. In this study, we propose a novel
approach to nuclei segmentation using a two-stage
learning framework called Global-Local (GoLo). The first
stage is Global, and the second stage is Local. In a two-
stage learning framework, we use the same segmentation
model twice in sequence, with the second stage refining
the results of the first one. The pipeline is designed such

that the input image fed into the model and the resulting
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segmented binary mask are of same original size.

In Stage-1 (Global), a U-Net based model is employed to
globally process the histopathological images, aiming to
predict the coarse binary segmentation map. To train this
model, a combination of binary cross entropy and dice
loss functions is utilized, facilitating the optimization
process by penalizing deviations between the predicted
and ground truth segmentation masks. However, this
stage excels in accurately localizing nuclei, but have
limitations with accurately delineating fine boundaries. To
address this, the resulting segmentation mask from
Stage-1 is resized to match the original image size (N x N)
and then concatenate it with the input image. This
process creates a four-channels image, incorporating both
the original input image and the predicted segmentation
mask of Stage-1. The four channel image consist of
localization information into the input from Stage-1,
enhancing the model’s ability to capture spatial
relationships between nuclei and their surroundings.
Subsequently, this four-channel image is cropped into
patches of size 100x100, serving as preprocessing for the
Stage-2 model. In Stage-2 (Local), the same U-Net based
model is employed, receiving the cropped patches of
four-channel images as input. With the localization of cell
nuclei already provided from first stage output as one of
the channels in input, the primary focus of this model is
to precisely delineate the boundaries of nuclei.
Leveraging the rich spatial context encoded in the four
channels, the model works to refine the segmentation by
capturing fine details and accurately delineating
boundaries. The predicted segmentation masks, resized
back to 100X 100 patches, are then stitched together to
reconstruct the full segmented image (see Figure 3). This
stitching process ensures that the model effectively
integrates information from multiple patches to produce
a final binary segmented mask with smoother and more
accurate boundaries. This refined segmentation is
essential for enabling precise diagnosis and analysis in
medical imaging applications. Final binary segmentation
map is obtained by stitching together all the patches
generated by the second stage. Formally, let's define

some terms:
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Fig. 3 Proposed Approach: Two Stages, Global- local features extractions (GoLo)

Table T COMPARATIVE QUANTITATIVE RESULTS FOR CELL NUCLEI SEGMENTATION

Datasets MoNuSeg CPM-17 CoNSeP TNBC
Methods Approach | mDSC  mloU | mDSC mloU | mDSC mloU | mDSC mloU
UNet Existing 69.81 55.12 |83.55 7200 |74.21 59.18|70.77 54.35
Proposed |74.11 60.67 |87.05 7723 |77.31 63.14|74.08 59.39
Swin-UNet Existing 65.58 49.81 |79.08 69.60 |61.00 41.23|66.75 50.35
Proposed |73.79 60.17 | 8508 74.23 | 7691 62.64|7261 5727
UCTransnet Existing 7430 60.07 |85.67 7518 |67.86 51.68 | 7528 60.66
Proposed |77.38 63.80 |86.85 7694 |7458 59.68|74.67 59.85
ACC-UNet Existing 75.04 6241 |8394 7254 | 7403 5892|7335 58.18
Proposed | 7793 6593 |86.87 76.97 |7569 61.01|77.74 5751

« I; represents an input image. In our case, it belongs to  This stage takes the original image I; as input to UNet based

€ R**"3 where  model "M% generating a binary segmentation map S,

the RGB image domain, denoted as I;
w and . represent the width and height of the image, ~ which highlights the locations of the nuclei ignoring the fine
respectively. boundaries. 2. Second Stage (Local): This stage uses the

+ S; denotes the binary segmentation map obtained  patches of I; as input to U-Net based model, the output
from the first stage. It belongs to a set of possible  segmentation maps are stitched together to create the full
segmentation maps S; € {0, 1}?#4*##4*! It is resized to  binary segmentation map. The stitched segmented map has
wXhX1 more accurate nuclei boundaries.

« I, € R"*" 4 which is the channel-wise concatenation

of resized S; and I; both of size wXh. It is then THBC
e e e - =7 R i,
cropped into patches of 100X 100. T e o _‘-T__{H;“;.-‘_‘ 1

+ S, represents the binary segmentation map generated
from the Stage 2. It belongs to a set of binary maps
€ {0, 1}%24*#241 wyhich again resized to 100X 100. These
patches are then stitched together to form the final binary

segmentation map belongs to a set {0, 1}**"*!

In the two-stage learning framework: 1. First Stage (Global): Fig. 4 Samples from different datasets
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A. Data Processing and Network Training

1) Datasets Description: To assess the effectiveness of the
Global-Local training approach, we carried out
experiments using four publicly available datasets: Multi-
Organ Nucleus Segmentation!'”, CPM-17'?%, Colorectal

Nucleus Segmentation and Phenotype/!/,

and Triple
Negative Breast Cancer Dataset'??! each targeting different
types of cell nuclei. Multi-organ Nuclei Segmentation
(MoNuSeg)""" dataset contains 44 image tiles, each sized
1,000X 1,000 pixels. It contains Whole Slide Images
(WSIs) of 7 organs (breast, kidney, colon, stomach,
prostate, liver, and bladder) from various medical centres
(i.e., various stains) of high-resolution WSI of H&E-stained
slides from nine tissue types, digitised at 40X
magnification in eighteen different hospitals and obtained
from National Cancer Institute’s cancer Genome Atlas
(TCGA). CPM-172% dataset consists of 32 images obtained
from the University Hospitals Coventry and Warwickshire
(UHCW). These images were captured using
magnifications of 40 Xand 20X, with sizes ranging from
500X 500 to 600X600 pixels. Within this dataset, a
total of 7,570 nuclei have been meticulously annotated
and labeled. It offers tissue images with annotated labels
for nuclei segmentation and classification, sourced from
patients diagnosed with head and neck squamous cell
carcinoma (HNSCC), glioblastoma multiforme (GBM), non-
small cell lung cancer (NSCLC), and lower-grade glioma
(LGG) tumors. These nuclei span across four distinct
cancer types, providing a diverse set of cellular structures
for analysis and segmentation purposes. The CoNSeP
dataset®!! contains 41 image tiles, each sized 1000 X
1000 pixels, obtained from colorectal adenocarcinoma
(CRA) WSIs. These images were scanned at 40 X objective
magnification using an Omnyx VL120 scanner at the
pathology department of University Hospitals Coventry

122 introduced a

and Warwickshire, UK. Naylor et a
dataset called T7iple Negative Breast Cancer (TNBC). The
dataset consists of 50 H&E-stained images, each with a
resolution of 512X 512 pixels, and includes a total of
4022 annotated nuclei. These images are extracted from
histopathological samples of 11 patients diagnosed with
triple- negative breast cancer. Dataset includes various

cell types such as normal epithelial and myoepithelial
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breast cells, invasive carcinomatous cells, fibroblasts,
endothelial cells, adipocytes, macrophages, and inflammatory
cells, providing a comprehensive representation of the
histological features observed in TNBC samples. To train
the network on these datasets we utilized random flip

and rotation augmentation.

2) Training Loss: The proposed approach is dedicated to
semantic segmentation, and its loss function is
constructed using both Binary Cross-Entropy (BCE) loss
and Dice loss. These two are commonly used loss
functions in biomedical image segmentation. BCE
evaluates class predictions for each pixel individually,
while Dice loss quantifies the overlap between two
samples. To optimize performance and achieve early
convergence in our task, we utilize a BCE-Dice loss
function, which combines binary cross-entropy with Dice
loss, resulting in improved performance and faster
convergence. We formally define the loss function as

Overall loss, Lo

Lo =0.5Lgcx +0.5Lpcp (1)

N*K N*K

Lpcp =- %ZXiIOgY}+Z(1—Xi)log(1—K) @)
i1

i=1

2> XY e

ZN*KYi + ZN*KXi +e

i=1 i=1

3)

LDICE =1-

Within equation 2 and 3, X; represent the ground truth
mask and Y; represent the segmented mask. # denotes
total number of nuclear pixels within the image and N*K

denotes the set containing all pixels.

RESULTS.AND.DISCUSSION

The proposed approach is quantitatively compared with
existing approaches (UNet!!, Swin-Unet'®®!, UCTransnet!!?,
and ACC-UNet!"®) in terms of mean Dice Similarity
Coefficient (mDSC) and mean Intersection over Union
(mIoU) on the MoNuSeg, CPM-17, CoNSeP, and TNBC
datasets. Notably, our approach demonstrates superior

mean DSC and mean (IloU) metrics, in comparison to
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baseline methods indicating its effectiveness for nuclei  set split criteria as employed for the baseline methods.

segmentation tasks (see Table I). To ensure a fair

comparison, we adhered to the same training and testing  Furthermore, in Figure 5 we provide visual comparisons

- CoMNSep —

L 2

(D1Swin-UNet

(2)8win-UNet

UCTransNet

ACC-UNet (2IUCTransMet

Fig. 5 Comparative results of nuclei segmentation on MoNuSeg, CPM-17, TNBC and CoNSeP dataset.
Input image with their corresponding ground truth along with the segmentation results of
existing methods (single-stage (1)) and Proposed approach (GolLo (2))

YAMAHA MOTOR TECHNICAL REVIEW 1 78



Two-Stage, Global-Local Approach for Cell Nuclei Segmentation in Histopathology Images

between the segmentation results of our approach and
the existing methods for MoNuSeg, CPM-17, CoNSeP, and
TNBC datasets. For the MoNuSeg dataset, our approach
refine the boundaries in comparison to existing methods
(see box in Figure 5). Figure 5 show results on CoNSeP
dataset, our prediction filtered out the apparent nodule
region, which was predicted as a false positive by all the
other models (see green box which signify the
improvement in comparison to yellow box). In the CPM-
17 and TNBC dataset, we not only successfully predicted
the localization of nuclei but also identified fine
boundaries that were mostly missed by the existing
models. As clearly depicted in Figure 5 our Global-Local
approach effectively delineates nuclei boundaries,
outperforming the baseline models. Overall, our proposed
model achieves state-of-the-art accuracy in nuclei
segmentation by leveraging auxiliary information. This
approach holds promise for direct deployment in cell
pathology diagnosis systems, aiming to alleviate the
workload of pathologists. It is important to note that our
approach demonstrates a high level of generalization

across varying tissue and cell types.

Coars; Scgmentalion  Fine-grained Scgrmimtatios

Fig. 6 Limitation of our proposed approach

A. Limitations of Proposed Approach

Though the proposed architecture offers significant
benefits towards boundary delineation of nuclei, it
performs poorly for touching nuclei with the unclear or
blurred boundary (see the bounding box in the cropped
portion of Figure 6). A traditional approach to address
the touching cell nuclei problem involves applying a
distance transform to the segmentation mask, followed by
using a watershed algorithm. Although this method often

proves ineffective for highly overlapping cases, this
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observation will be considered as the future scope to
further improve the segmentation accuracy of proposed

approach.

CONCLUSION

In this study, we propose a novel two-stage learning

approach called GoLo for cell nuclei segmentation in
histopathology images, representing a significant
advancement in addressing the nuclei boundary
segmentation challenge. Breaking down the segmentation
process into two distinct steps allows us to leverage
global features for preliminary nucleus localization and
boundary detection, followed by the refinement of
boundaries using local features and additional
information obtained in the first stage. In the end, our
concept is architecture agnostic, universal which can be
readily applicable to various histopathology image

analysis applications.
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Abstract

Aquaculture production significantly influences overall fish production, yet it is often adversely affected by various
fish diseases. These diseases can be effectively identified by analyzing the condition of the fish’s skin. Consequently,
there is a growing demand for automated fish skin disease detection methods. By implementing such automated
approaches, the efficiency and accuracy of disease detection can be enhanced, leading to better management of fish
health and, ultimately, more sustainable aquaculture practices. In this work, we propose a novel Transformer based
modified YOLO approach for detection of five different fish skin diseases. We propose a Transformer feature
extraction module (TFEM) to effectively capture the long-range dependencies from input image. The proposed TFEM
is incorporated in the YOLOv7 back- bone for efficient feature learning. We assessed the performance of our proposed
TFEM by comparing it with various YOLOvX approaches to confirm its effectiveness. Both qualitative and quantitative
results demonstrate that our method is highly capable of accurately detecting five distinct fish diseases. The source

code is available at: https://github.com/shrutiphutke/Fish_disease_detection_YOLO_transformer

ecosystems!!!. This not only bolsters food security but also

INTRODUCTION

enhances the stability of global food systems. In aquatic food

With the world’s population steadily increasing, the demand
on traditional food sources is mounting, highlighting the
need for sustainable alternatives. Aquaculture emerges as a
key solution, offering a dependable source of high-protein

food while reducing pressure on marine and terrestrial

Hole i tha head

Epanooti uicarative syndnome

Cloudy ayear sy bulges

resources, fish food is considered as key resource worldwide
in turn becoming the most important factor of the economy.
The affected fish due to different diseases causes the limited
availability of good quality aquatic food and thus impacts the

financial outcomes.

Baciangl Gall CHsesse

Fig. 1 Sample images of different fish skin diseases
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There are various fish diseases caused due to poor water
quality, bacterial infection, anchor worms, improper-diet,
over-crowding of fish in the tank, etc. The diseased fish
generally shows different symptoms such as behavioural
or skin color/texture changes. The existing methodology

for fish disease detection use expert base system!*,

261 yltra sound

microscopic images“sl, fluorescent images
images!'*, body surface images®®, etc. Identifying the
type of diseases on the basis of skin abnormalities using
body surface images provides the high detection
efficiency as compared to disease detection based on the
behaviour. In this regard, researchers have proposed

different approaches for fish disease detection!'!!.

In addition to traditional hand-crafted methods, various
deep-learning approaches have been proposed for the
detection®”?81 and classification!"?* of fish diseases.
These methods encompass a range of techniques,
including those that focus on identifying abnormalities in
fish behavior and those that analyze skin abnormalities
for disease detection and classification. By leveraging
deep learning, these approaches aim to enhance the
accuracy and efficiency of diagnosing fish diseases,
offering more sophisticated and automated solutions

compared to conventional methods.

Researchers have primarily focused on the classification
of fish diseases rather than on the detection and
localization of these diseases!'®. Within this focus, there
are numerous approaches developed for identifying
various fish diseases!'?"?°! However, there are relatively
few methods dedicated specifically to the localization of
diseases®”. This emphasis on classification highlights the
importance of accurately identifying the type of disease
affecting fish, while the challenge of pinpointing the exact

location of the disease remains less explored.

Existing approaches for detecting fish skin diseases have
employed various YOLOvX architectures on fish disease
datasets to deliver detection results. These models have
been applied directly to the datasets, yielding insights
into the presence and extent of skin diseases in fish. In

this study, we introduce a modified YOLOv7 approach,
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distinguishing it from existing methods, with the
transformer based backbone foe efficient feature
extraction in turn helping for efficient fish disease
detection. We considered five different fish skin diseases
such as epizootic ulcerative syndrome, holes on the head,
cloudy eyes/eye bulges, bacterial gill disease, fin rot, etc.
The sample images for each type of disease are shown in
Figure 1. The contributions of our work are summarized

as:

- We propose a novel modified Yolov7 approach for fish
skin disease detection.

- A transformer feature extraction module is proposed
in YOLO backbone to extract the efficient features for
fish disease detection.

- The extensive quantitative and qualitative comparison
is performed to verify the effectiveness of proposed

approach for fish disease detection.

RELATED WORKS

In this section, we discuss the different approaches

proposed for fish skin disease classification and detection.

2-1. Fish Skin Disease Classification

Segmenting fish skin based on texture involves using
various clustering techniques to differentiate and
categorize different regions of the skin. This process is
followed by extracting features from the segmented
images, which captures important information about the
texture and appearance of the skin. When these extracted
features are analyzed using machine learning methods
like Support Vector Machines (SVM), it has been shown
to enhance the accuracy and effectiveness of fish disease
detection''?¥ This approach leverages the ability of
clustering to preprocess and organize data, and the
power of SVM to classify and identify potential diseases
based on the features extracted from the segmented
images. This combination has demonstrated success in
improving the detection of fish diseases, providing a
robust framework for analyzing and managing fish
health. In this regard, Sikder et all®® used a Fuzzy

C-means approach for clustering followed by Gray level



co-occurrence metrics (GLCM) based features for
classifying six different fish skin diseases. A similar GLCM
feature based approach is proposed in [2]. Mia et al.'*
used a K-means clustering as a pre-processing step and
extracted different features such as mean, standard
deviation, etc. to classify the three different fish diseases

using various machine learning approaches.

The convolutional neural networks (CNNs), with their
end-to-end effective feature extraction ability have been
widely utilized for fish disease detection. Gupta et al.”
proposed a 15 layer CNN approach for wound and lice

[5]

detection in fish skin. Chen et al.”' experimented the fish

diseased detection using different CNN approaches such

as ResNet, DenseNet, etc. Wang et al.’*®!

analyzed different
color spaces of the input image such as RGB, YCbCr, XYZ
and proposed a AlexNet and ResNet based approach for
classifying three different fish diseases. Further, Azhar et
al.®! used a GoogleNet like architecture to classify the
white spot fish disease. A similar, CNN based approach is
proposed in [8] to classify white spot, red spot and
healthy fish. a fine-tuning based approach is proposed in

[15] for fish disease classification.

2-2. Fish Skin Disease Detection

Building on the success of classifying fish diseases using
various machine learning and convolutional neural
network (CNN)-based approaches, researchers have
turned their attention to the localization of fish skin
diseases. This shift has led to the development of several
new techniques aimed at pinpointing the exact locations
of diseases on fish skin. Localization involves not only
identifying the presence of a disease but also determining
its specific area or region, which is crucial for accurate
diagnosis. These emerging approaches combine advanced
image analysis and deep learning methods to enhance
the precision of disease detection, providing more
detailed and actionable insights into the distribution and
severity of skin conditions. As a result, these localization
techniques represent a significant advancement in the
field, improving the management of fish diseases.
Yasruddin et al.?”! pioneered the use of Faster Region-

based Convolutional Neural Networks (Faster R-CNN) for
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localizing fish diseases. Yu et al.”® proposed a Modified
YOLOv4 based approach by considering different
backbones such as MobileNet, CSPDarkNet, etc. Wang et
al.’® proposed an improved YOLOv5 network consisting
of channel and spatial attention mechanism for
underwater fish disease detection. Given its effectiveness
in capturing global dependencies, researchers have begun
applying it to fish disease detection. In [30], authors
proposed an improved YOLOv5 based approach by
replacing on convolution module in backbone with
MobileNetVit (a single transformer block) for fish disease
detection based on abnormal behaviour. As seen from the
literature, there are very few approaches for fish skin
disease detection. Also, considering the existing YOLO
based approaches providing sufficient ability for fish skin
disease detection, there is a dire need of efficient feature
extraction module in the backbone of YOLOv7 for fish
skin disease detection. In regards to this, we proposed an
efficient transformer based feature extraction module for

fish skin disease detection.

PROPOSED,METHOD

From the existing literature, it is evident that YOLO-based
approaches have been employed for fish skin disease
detection. However, these methods often utilize the YOLO
models directly without accounting for the specific details
or characteristics of the input images. As seen from the
Figure 1, we can see that different type of skin disease
has unique properties such as for Epizootic ulcerative
syndrome (EUS) the fish may have wound covering only
a smaller region or while body, the hole in head disease
has many locations present on the head of fish, etc. The
existing approaches may fail at detecting these disease
efficiently due to their localized visual ability due to the
usage of convolution operation for feature extraction.
Also, this oversight may impact the accuracy of disease
detection and localization, suggesting a need for more
tailored approaches that consider these nuances. Taking
into account the ability of transformers to capture global

dependencies effectively?'7,

we propose the
transformer based feature extraction module in the

backbone of YOLOv7?4.
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Fig. 2 Proposed architecture for fish disease detection. This is a YOLOv7 based architecture consisting
of Backbone, Neck and Head. We propose a Transformer based feature extraction module (TFEM) for
efficient feature extraction while capturing long-range dependencies. Further, the architecture
consists of different blocks such as: MPSC- Maxpooling-strided convolution, ELAN- Efficient
layer aggregation network, UP- upsampling layer, RepConv- Represented convolution, etc.

The proposed YOLOv7 based approach consists of
different feature extraction parts such as a backbone, a
neck and the head (refer Figure 2). The backbone part
mainly contributes in extracting the efficient features
from the input image. This plays an important role in
capturing the textures, edges, structures, and the complex
details from the image. The neck part is mainly
responsible to refine and process the features from
backbone. With the efficiently extracted features from
backbone, the neck part contributed to better detection
and localization of diseased region. Further, the head part
converts the features into the bounding box co-ordinates,
disease class and the confidence score of prediction. By
considering the necessity to provide an effective feature
extraction module in the backbone, we provided the
Transformer feature extraction module (TFEM) in

backbone of disease detection network.
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3-1. Overview

The input image with size M xNx3 is fed as input to the
backbone of the network. This image is processed through
three consecutive convolution layers to transform it from
spatial domain to feature domain. Further, extracted
features are down-sampled using max-pooling and stride
convolution (MPSC) to a size %X%XSC and forwarded to
the proposed TFEM. The TFEM processes

The features and extract the features by capturing the long-
range dependencies with respect to the input. These features
are again down-sampled using MPSC to a size ¥x%xzc.
The successive four TFEM blocks with number of heads H €
(1, 4) are used providing the feature map of size %x%xSC
These features are then fed to spatial pyramid pooling cross
stage partial connection (SPPCSPC) block which deals with
the multi-scale feature processing (refer backbone in Figure 2).



The processed features from the backbone are then fed
to neck part of the architecture. The neck part has
up-sampling followed by efficient layer aggregation
network (ELAN) block. The ELAN block is responsible for
efficiently merging the features from the backbone to
learn the high-contextual information. The features from
last two TFEM module are merged and processed in the
neck using the ELAN block producing the feature maps of
size %x%xZC. After this, the features are successively
down-sampled using MPSC and processed in ELAN block
in order to forward them to the detection head. The
M_ N M_ N

—x—x3C, —x—x4C are
8 8 8 8

utilized to forward to the detection head.

features of size, %x%xza

The detection head consists of represented convolution
(RepConv) layers for generating the final detection
outcomes in terms of bounding box coordinates, disease
labels/type, and confidence score. These predicted
bounding box coordinates are then appended on the
input to localize the disease predicted by the detection
head with respective confidence score (see Output

Detection in Figure 2).

3-2. Transformer Feature Extraction Module

The architecture of proposed transformer feature

Do not look so locally to fish skins: Improved YOLOv7
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extraction module is shown in Figure 2 (refer TFEM).
After processing the features from a convolution layer,
they are fed to three different transformer blocks in
parallel. Each of the transformer block consists of a
multi-head attention followed by a feed forward network.
The multi-head attention deals with capturing the long-
range dependencies. The process of multi-head attention
operation is given as:

KT

Attention = o-(Q

Ja

where, ¢ is Sigmoid activation function, d is a scaling

W (1)

parameter, @ is query, K is key, and

Q,K,V = ¢(inputfeatures) (2)

where, ¢ is a 3X3 depth-wise separable convolution.
Further, the feed forward network in transformer follows

a gated attention mechanism as follows:

Y, = plinputfeatures)- Gelu(d(inputfeatures)) 3)

where, Gelu is Gelu activation function. This TFEM
process the input features efficiently by the use of
stacked Transformer blocks which successively captures
more receptive features with respect to the input. The
details of the Transformer block, MPSC, SPPCSPC, ELAN,

and RepConv are provided in Figure 3.
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Fig. 3 Details of Transformer (TF), Max-pooling and stride convolution (MPSC), Spatial pyramid pooling
cross stage partial connection (SPPCSPC), Efficient layer aggregation network (ELAN), and Represented
convolution (RepConv) used in the proposed architecture in Figure 2 for fish skin disease detection
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EXPERIMENTS,ANDRESULT,
DISCUSSION

This section details about the dataset utilized, evaluation
measures, training and implementation, results and
discussion, and limitations of proposed approach with

future scope.

4-1. Dataset

In this work, we utilized a fish disease detection dataset
collected from Roboflow. This dataset consists of 4419
images of diseased fishes which are then split into 3858,
381 and 180 for training, validation and testing
respectively. The dataset has different augmentations
such as horizontal and vertical flip, random rotations,
randomly cropping of 0% to 3% of original images, and
random shear, etc. This dataset considers five different
fish diseases like: Epizootic ulcerative syndrome (EUS),
hole/swelling in the head, cloudy eyes or eye bulges,
bacterial gill disease and fin rot. The causes of different

diseases are described as follows!'":

Epizootic ulcerative syndrome: are sores that arise from
inflammation of the external tissues. They can be caused
by a range of factors, including physical injury and
bacterial infections. Other contributing factors may
include parasites, poor water quality, high ammonia

levels, and low pH.

Hole/swelling in the head: The protozoan parasite
Hexamita infects the intestines of fish that are already
stressed due to overcrowding, poor water quality, or
shipping. Parasite infections can advance from the
intestines to affect the entire system. When parasites
move to the sensory pores on the fish’'s head, they cause
surrounding tissues to deteriorate and result in the

development of deep lesions.

Cloudy eyes/eye bulges: It is caused by fluid accumulation
behind the eye, but it is frequently the result of an
opportunistic bacterial infection triggered by stress or

poor tank conditions.
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bacterial gill disease is generally caused due to ammonia
poisoning in the new fish tank. Can be detected by red or

inflamed areas around the gills.

Fin rot disease is generally caused due to poor water
quality. This can be detected with the change in color of
fins or tail, deterioration of fins and/or tail, frayed edges,

inflammation at the base, etc.

4-2. Evaluation Measures

To assess the effectiveness of our proposed approach
over existing state-of-the-art approaches, we employed
several evaluation metrics: Recall, Precision, and mean
Average Precision (mAP). Recall measures the ability of
the approach to identify all relevant instances, Precision
assesses the accuracy of the identified instances, and
mean Average Precision (mAP) provides a comprehensive
evaluation by averaging precision across different recall
levels and multiple classes. Using these metrics allows us
to thoroughly evaluate the performance and robustness
of our method. In a multi-class imbalanced classification
problem, precision is computed by dividing the total
number of true positives across all classes by the
combined total of true positives and false positives for all

classes.

Table 1 Quantitative comparison of the proposed work
and existing approaches

Method Recall% Precision% mAP50% mAP50:95%
YOLOv3"®  90.7 85.9 91.1 69.9
YOLOv5"! 90.3 91.7 929 70.3
YOLOv7?4 92.8 86.6 93.2 70.2

Ours 94.2 86.4 934 71.4
TruePositives,
Precision = ZCEC ¢

ZCE o(TruePositives, + FalsePositives,)

In a multi-class imbalanced classification problem, recall
is calculated by dividing the total number of true
positives across all classes by the sum of true positives

and false negatives for all classes.

> TruePositives,
ceC

Recall = — :
Z .c(TruePositives, + FalseNegatives, )




6
mAP:lZAPC ®)
CCEC

where, AP is average precision, C total number of diseases

considered (in this work C = 5). The AP is given as:

th-1
AP =" [Recall, - Recally,]x Precision, (7)

k=0
where, th is confidence score (here we considered case 1:

th=0.5 and case 2: th=0.5 — 0.9), Recally,=0, Precisiong=1.

4-3. Training and Implementation

All the baselines and the proposed approach are trained

X i '3 b
Imput YOLOv3 YOLOvE

Do not look so locally to fish skins: Improved YOLOv7

for fish disease detection with Transformers

and tested on the images with 640 X640 resolution with
batch size = 16 for 200 epochs. The networks are trained
end-to-end from scratch and the parameters are

001 with an initial

optimized using Adam optimizer
learning rate of 0.001. A localization loss, confidence loss
and classification loss functions are used to train the
networks'®?, The Exponential moving average (EMA)
approach?!! with a decay of 0.999 is used to train the
networks. The training is carried out on NVIDIA A100
GPU. For fair comparison, we trained all the existing

approaches and proposed approach with the same

training/testing setup and dataset splits.

YOLOVT Ours Ground-truth

Fig. 4 Qualitative comparison of the proposed method (Ours) with existing state-of- the-art approaches
for fish disease detection
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Fig. 5 Limitations of the proposed and existing approaches for fish disease detection

4-4, Results and Discussion

Quantitative Comparison Table 1 shows the comparison
of the proposed approach with existing state-of-the-art
approaches for detection of fish disease. From this
comparison, we can see that the proposed approach
proves its efficiency for three evaluation measures out of
four considered. The proposed approach has an
increment of 1.4% in Recall which shows the ability of
proposed approach for correct positive predictions by
minimizing the false negatives. Similarly, there is an
improvement of 0.2% and 1.1% in mAP at 50% and 50%:
90% threshold respectively.

Qualitative Comparison The visual comparison of
proposed approach for fish disease detection with
existing state-of-the-art approaches is provided in Figure
4. The results shows that the proposed approach is
efficient in detecting the correct disease with a high recall
(refer row 1,2, and 4 of Figure 4). Also, the proposed
approach performs better in minimizing any false positive
detection as compared specifically with YOLOv7 (refer
row 1,3, and 5 of Figure 4). Further, as seen from the last
row of Figure 4, our approach efficiently detects the fish
disease with high confidence (0.74) whereas some of
existing approaches (YOLOv3, YOLOvS) fail at detection
and the other (YOLOv7) has incorrect localization of

disease (refer last row of Figure 4).

Limitations and future scope In this section, we discuss
the limitations of the proposed and existing approaches

for detection of fish diseases. All the approaches
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considered along with the proposed approach fail at
detecting the fish disease in case of camouflage condition
(refer row 1 of Figure 5). Further, as shown in row 2 of
Figure 5, the detection approaches fail at detecting the
fish disease when the image consists of localized part of
fish body. In order to overcome these limitations, in
future we can extend this work with more efficient
feature learning module such as Mamba models'®!. Also,
the work will be extended with the efficient performance
on different scenarios such as poor lightning, water

turbidity, etc.

CONCLUSION

In this work, we propose a modified YOLOv7 architecture
consisting of transformer feature efficient module (TFEM)
in the backbone part for fish disease detection. The
proposed TFEM based backbone allows the network to
learn long-range dependencies with respect to input
image in turn helping the effective disease detection
capability. The numeric and visual comparison of the
proposed approach is carried out with existing YOLOvX
based approaches proving its applicability for fish skin
disease detection. Further, the limitations of all the
approaches with future scope for reliable fish skin

disease detection are discussed.

REFERENCES s—

[1] https://www.fao.org/4/x5568E/x5568e09.htm
[2] Ahmed, M. S., Aurpa, T. T., Azad, M. A. K.: Fish disease



detection using image based machine learning technique
in aquaculture. Journal of King Saud University- Computer
and Information Sciences 34(8), 5170-5182 (2022)

[3] Azhar, A. S. B. M., Harun, N. H. B., Hassan, M. G. B,
Yusoff, N. B., Pauzi, S. N. B. M,, Yusuf, N. N., Chu, K. B.:
Early screening protozoan white spot fish disease using
convolutional neural network. Journal of Advanced
Research in Applied Sciences and Engineering Technology
37(1), 49-55 (2024)

[4] Chakravorty, H., Paul, R, Das, P.. Image processing
technique to detect fish disease. International Journal of
Computer Science and Security (IJCSS) 9(2), 121-131
(2015)

[5] Chen, J. C, Chen, T. L, Wang, H. L., Chang, P. C.
Underwater abnormal classification system based on
deep learning: A case study on aquaculture fish farm in
taiwan. Aquacultural Engineering 99, 102290 (2022)

[6] Gu, A., Dao, T.: Mamba: Linear-time sequence modeling
with selective state spaces. arXiv preprint arXiv:2312.
00752 (2023)

[7] Gupta, A., Bringsdal, E., Knausgard, K. M., Goodwin, M.:
Accurate wound and lice detection in atlantic salmon fish
using a convolutional neural network. Fishes 7(6), 345
(2022)

[8] Hasan, N., Ibrahim, S., Agilah Azlan, A.: Fish diseases
detection using convolutional neural network (cnn).
International Journal of Nonlinear Analysis and Applications
13(1), 1977-1984 (2022)

[9] Jocher, G., Stoken, A., Borovec, J., Changyu, L., Hogan,
A., Diaconu, L., Ingham, F., Poznanski, J., Fang, J., Yu, L., et
al.: ultralytics/yolov5: v3. 1-bug fixes and performance
improvements. Zenodo (2020)

[10] Kingma, D. P: Adam: A method for stochastic
optimization. arXiv preprint arXiv:1412.6980 (2014)
[11] Liu, C,, Wang, Z., Li, Y., Zhang, Z., Li, J., Xu, C,, Du, R,
Li, D., Duan, Q.: Research progress of computer vision
technology in abnormal fish detection. Aquacultural
Engineering p. 102350 (2023)

[12] Malik, S., Kumar, T. Sahoo, A.: Image processing
techniques for identification of fish disease. In: 2017 IEEE
2nd International Conference on Signal and Image
Processing (ICSIP). pp. 55-59. IEEE (2017)

[13] Mia, M. J., Mahmud, R. B., Sadad, M. S., Al Asad, H.,

Do not look so locally to fish skins: Improved YOLOv7

for fish disease detection with Transformers

Hossain, R.: An in-depth automated approach for fish
disease recognition. Journal of King Saud University-
Computer and Information Sciences 34(9), 7174-7183
(2022)

[14] Navot, N, Sinyakov, M. S., Avtalion, R. R.: Application
of ultrasound in vaccination against goldfish ulcer
disease: A pilot study. Vaccine 29(7), 1382-1389 (2011)
[15] Okawa, R, Iwasaki, N., Okamoto, K., Marsh, D.
Detection of abnormal fish by image recognition using
fine-tuning. Artificial Life and Robotics 28(1), 175-180
(2023)

[16] Park, J. S., Oh, M. J,, Han, S.: Fish disease diagnosis
system based on image processing of pathogens’
microscopic images. In: 2007 Frontiers in the Convergence
of Bioscience and Information Technologies. pp. 878-883.
IEEE (2007)

[17] Patil, P. W,, Gupta, S., Rana, S., Venkatesh, S., Murala,
S.: Multi-weather image restoration via domain translation.
In: Proceedings of the IEEE/CVF International Conference
on Computer Vision. pp. 21696-21705 (2023)

[18] Redmon, J.: Yolov3: An incremental improvement.
arXiv preprint arXiv:1804.02767 (2018)

[19] Sharma, M., Shrivastav, A., Sahni, Y., Pandey, G.
Overviews of the treatment and control of common fish
diseases (2012)

[20] Sikder, J., Sarek, K. I, Das, U. K.: Fish disease detection
system: a case study of freshwater fishes of bangladesh.
Int. J. Adv. Comput. Sci. Appl. (IJACSA) 12(6), 867-871
(2021)

[21] Tarvainen, A., Valpola, H.: Mean teachers are better
role models: Weight-averaged consistency targets improve
semi-supervised deep learning results. Advances in neural
information processing systems 30 (2017)

[22] Terven, J., Cérdova-Esparza, D. M., Romero-Gonzalez,
J. A A comprehensive review of yolo architectures in
computer vision: From yolovl to yolov8 and yolo-nas.
Machine Learning and Knowledge Extraction 5(4), 1680-
1716 (2023)

[23] Vaswani, A.: Attention is all you need. Advances in
Neural Information Processing Systems (2017)

[24] Wang, C. Y., Bochkovskiy, A., Liao, H. Y. M.: Yolov7:
Trainable bag-of-freebies sets new state-of-the-art for

real-time object detectors. In: Proceedings of the IEEE/

YAMAHA MOTOR TECHNICAL REVIEW 1 90



Do not look so locally to fish skins: Improved YOLOv7
for fish disease detection with Transformers

-5

CVF conference on computer vision and pattern recognition.  IZE#
pp. 7464-7475 (2023)
[25] Wang, Z., Liu, H., Zhang, G., Yang, X., Wen, L., Zhao,

W.: Diseased fish detection in the underwater environment

using an improved yolov5 network for intensive aquaculture.

Fishes 8(3), 169 (2023) t;i
[26] Yang, X., Nian, R, Lin, H., Duan, C., Sui, J., Cao, L. }' v
Detection of anisakid larvae in cod fillets by uv fluorescent ¢y, 4 Phutke Amit Shakya Chetan Gupta

imaging based on principal component analysis and gray Emerging Technology and ~ Emerging Technology and ~ Emerging Technology and
Innovation Lab, Innovation Lab, Innovation Lab,

value analy sis. Journal of food prOteCtion 76(7)’ 1288- Yamaha Motor Solutions India ~ Yamaha Motor Solutions India ~ Yamaha Motor Solutions India

1292 (2013)
[27] Yasruddin, M. L., Ismail, M. A. H., Husin, Z., Tan, W.
K.: Feasibility study of fish disease detection using

computer vision and deep convolutional neural network o e

(denn) algorithm. In: 2022 IEEE 18th International —
Colloquium on Signal Processing & Applications (CSPA). ﬁ ‘
o, ‘W ~

pp. 272-276. IEEE (2022)

[28] Yu, G., Zhang, J., Chen, A,, Wan, R.: Detection and  Rupesh Kumar Tsuyoshi Kuroda Lalit Sharma

. P . . Emerging Technology and ~ Technical Research and Emerging Technology and
identification of fish skin health status referring to four | =" Development Center Yamaha  Innovation Lab,
common diseases based on improved yOlOV4 model. Fishes Yamaha Motor Solutions India  Motor Co., Ltd. Yamaha Motor Solutions India

8(4), 186 (2023)

[29] Zhang, X., Fu, Z, Wang, R.: Development of the
es-fdd: an expert system for fish disease diagnosis. In:
Oceans’ 04 MTS/IEEE Techno-Ocean’04 (IEEE Cat. No.
04CH37600). vol. 1, pp. 482-487. IEEE (2004)

[30] Zhang, Z., Lu, X., Cao, S.: An efficient detection model
based on improved yolov5s for abnormal surface features
of fish. Math Biosci Eng 21(2), 1765-1790 (2024)

1 9 1 YAMAHA MOTOR TECHNICAL REVIEW



OSCMamba: Omni-directional Selective
. Scan Convolution Mamba for Medical

Image Classification

Shruti Phutke Amit Shakya Chetan Gupta Rupesh Kumar

12 7 5w X .

Lalit Sharma

This paper, titled “OSCMamba: Omni-directional Selective Scan Convolution Mamba for Medical Image Classification,”
was presented at CVIP-2024 (9th International Conference on Computer Vision & Image Processing), held at IIITDM

Kancheepuram, Chennai, India, from December 19-21, 2024.

Reprinted with permission. Copyright © 2024 CVIP and IIITDM.

Further use or distribution is not permitted without permission from CVIP and IIITDM.

Abstract

The advancement of various learning approaches has a great impact in computer vision applications specifically for
medical image analysis. Being the most important task, classification accuracy of medical images has been successively
improved using different methods such as Convolutional neural networks (CNNs), Transformers, etc. These models
have some limitations such as the CNNs perform poorly when the feature extraction considering long-range
dependency is concerned. Whereas Transformers perform well while dealing with the long-range dependencies for
feature extraction, leading to the quadratic complexity. The evolution of state space models (SSMs) deals with the
limitations of both the CNNs and Transformers. This has the advent of capturing the long-range dependencies and the
linear complexity. Further, the scanning mechanism in the SSM provides the advantage of focusing on the required
features while ignoring the rest. The existing Mamba based approach for medical image classification considers only
horizontal and vertical feature scanning ignoring the diagonal information. While the omni-directional selective scan
considers all of them. With this motivation, we propose omni directional selective scan-based convolution mamba
(OSCMamba) approach for medical image classification. The OSCMamba approach is applied on different medical
image modalities for image classification. The detailed experimental analysis with AUC and ACC on six different
datasets proves the efficiency of the proposed OSCMamba based medical image classification approach. The source

code is available at: https://github.com/shrutiphutke/OSCMamba

a second opinion that enhances accuracy, consistency,

INTRODUCTION

and reduces image analysis time. Recent contributions in

Classifying the medical images into various categories the field of computer vision and deep learning led to

depending on the clinical information present in an plt2esel

precise and quick CA of medical images.
image has a vital role in the field of medical im- age
Extensive research on Convolution neural networks

(CNNs)PYBIST and Transformers6141 has demonstrated

analysis. Different medical imaging modalities such as

X-Rays, Ultrasound, Optical coherence tomography (OCT),

Histopathology, etc. represent the information in unique
ways. Traditional diagnostic methods are often subjective,
and experiments suggest that the rate of disagreement
among pathologist for diagnosis is about 24%?%,
highlighting the need for more consistent approaches.
Computer-aided diagnosis (CAD) has emerged as a major

research focus, aiming to assist radiologists by providing

significant performance gain in CAD. Detecting
abnormalities in the medical images relies on the global
visualization of distinct features from each organ. CNNs
excel at extracting local features, but they have difficulty
capturing long-range dependencies needed for global
feature learning. The self-attention mechanism of

Transformers deals with capturing the long-range
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dependencies in turn providing the global feature ex-
tractions. Despite of providing high classification
accuracy, Transformers comes with high computational

complexity due to its quadratic self-attention mechanism.

Due to the limitations of CNNs and Transformers, state
space models (SSMs)?! have attracted research interest
for their capability to capture long-range dependencies
using a linear state space framework. The conventional
SSMs!19/20 have limited performance due to their limited
ability of focusing or ignoring specific input features. To
overcome this limitation, the advanced SSMs like
Mamba''® allows to attentively focus on relevant
information via selective scanning mechanism and the
hardware-aware algorithm allows linear data processing.
The Mamba models are consistently used in various

(38]

applications such as Language Modelling™”®, Speech

separation®”!, Classification®®, etc. Further, the Mamba

have also shown great achievement in different computer

vision applications like image restoration!®”!

[16]

, image super-
resolution!”, image deblurring"®, etc.

In medical image classification, efficiently identifying and
considering relevant features is crucial for achieving high
classification accuracy. The existing Mamba based

approach for medical image classification®*!

effectively
over- comes the limitations of CNNs and Transformers
while ignoring the efficient feature scanning approach.
With this motivation, in this work, we proposed a omni-
directional selective scanning convolution block (OSCB)
based approach for medical image classification. The

contributions of the proposed work are:

- We propose a novel Mamba based Medical Image
classification approach by exploiting the efficient
feature scanning mechanism.

- The omni-directional selective scanning-based
convolution block is proposed for efficient feature
extraction.

- The extensive comparison of proposed method is
carried out on the datasets with six different medical

imaging modalities.
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The consistent improvement of area under curve (AUC)
and accuracy (ACC) as compared to existing state-of-the-
art medical image classification methods shows the

effectiveness of the proposed OSCB approach.

RELATED,W.ORKS

This section gives a brief overview of the related works in
the field of medical image classification and the Mamba

approaches for computer vision applications.

2-1. Medical Image Classification

Classifying medical images is an essential task for
diagnosing a patient’s health condition. The use of
computer-aided diagnosis for medical images helps
doctors analyze them more efficiently and effectively.
Earlier researchers used machine learning methods for
medical image classification. In this, the features of the
input image are extracted with conventional computer
vision approach (hand- crafted features) which are then
used to train the classifier such as Support vector
machine (SVM)!*?, K-nearest neighbour (KNN)"*!, etc. The
widely used SVM classifier is applied across various

medical imaging modalities, including retinopathy!*’,

[49]

functional magnetic resonance imaging (fMRI)'*", ultra-

sound“*, and others. The KNN classifier is proposed for
computed tomography (CT) image classification in'>®.
Similarly, Iwahori et al.’® proposed K-means clustering
approach for endoscopic image classification. The manual
feature ex- traction followed by classification approach is
time-consuming and may miss important features in the
images, potentially resulting in less accurate or less
reliable classification outcomes. In comparison, convolutional
neural networks (CNNs) automatically learn and extract
hierarchical features from raw image data, allowing them
to identify intricate patterns and details more efficiently.
This capability often leads to improved classification

accuracy and better generalization®*!

CNN in Medical Image Classification In*? authors
proposed a CNN based approach for diagnosing the
diabetic retinopathy (DR) from fundus im- ages. Similarly,

Zhang et al.®" proposed a CNN based approach and
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compared existing CNN approaches for Pneumonia
detection from chest X-Ray. Further, in®®"¥! the authors
proposed a CNN based approach with minimal number of

11 authors

hidden layers for skin cancer classification. In
proposed the integration of CNN models with
illumination normalization techniques to achieve higher
classification accuracy. Balasubramaniam et al.'¥ proposed
a modified corrected ReLu activation based LeNet
approach for breast cancer diagnosis. Several transfer
learning-based methods have been proposed for medical
image classification to overcome the challenge of limited
datasets!*®!, In!*31126!
on VGG, AlexNet, DenseNet201, ResNet18, SqueezeNet,

etc. networks for pneumonia detection. Further, some
[22] [8

authors proposed a transfer learning

works I and B utilized the transfer learning
approach for Ultrasound and retinopathy image
classification respectively. Though CNN approaches
achieved improved classification accuracy as compared to
conventional machine learning approaches, they have
limited performance due to their localized feature
processing. This leads to limited ability of capturing the
long-range dependency with respect to the input. The
Transformers perform well in capturing the long-range

dependencies which further help in efficient classification

of medical images.

Transformers in Medical Image Classification Medical
imaging modalities have organ specific representation
that needs to be processed with highly efficient feature
representation!*®. The well known fact of the Transformers
of being able to efficiently capture the input dependent
feature representation makes them a suitable choice over
CNNs for medical image classification. Matsoukas et al."*"
provided the analysis of utilizing the Transformers over
CNN for medical image classification task. Multiple

approaches are proposed for retina disease classification!4®,

[10] [48]

tumor classification"™, etc. Sun et al.”"® proposed a

encoder with pixel relation and decoder with lesion-
aware transformer for diabetic retinopathy grading. In'?,
the authors proposed a hybrid CNN and Transformer
based approach for multi-modal medical image
classification. Gheflati et al."”! proposed a similar hybrid

approach with pre-trained model for breast cancer

for Medical Image Classification

detection using ultrasound images. These approaches

131 model as a

utilized the existing vision transformer ViT
plug-and-play module for classification task. Further, Omid
et al.®® proposed a hybrid CNN Transformer approach with
modified Transformer layer using an efficient convolution
operation for medical image classification. These Transformer
based approaches provide efficient classification accuracy

but with increased computational complexity.

2-2. Mamba in Computer Vision

Considering the fact that CNNs capture only the local
relationship of the features whilst the Transformers have
quadratic complexity, researchers come up with the
selective state space models called as Mamba!'®. The
Mamba models are efficient at capturing the long-range
dependencies unlike CNNs and have a linear computational
complexity unlike Transformers. With the success of
Mamba in Natural language processing tasks!*/IZ71I501(58]
it further achieved re-markable performance in vision
applications®72UTI 7heng et al. 5™ proposed a U-shape

Mamba approach for single image dehazing. In'?!

a
residual state space block is proposed with channel
attention and Mamba with 2-D selective scanning
approach for image restoration. Chen et al.'® proposed a
Mamba-in-mamba with 2-D selective scanning for small

target detection. Further, Yue et al.l®!

proposed a SS-Conv-
SSM approach consisting of a 2-D selective scanning-
based Mamba in parallel with the convolution path for
medical image classification. Shi et al.*”! proposed a omni-
selective scan by processing six directional information to
overcome the unidirectional scanning limitation of 2-D
selective scan for image restoration. Further, Zhao et al.'>®
proposed an omni-directional selective scan-based

approach for remote sensing image dense prediction.

Following the success of Mamba models in computer
vision applications and with the utilization of efficient
selective scanning mechanism, we propose a omni-
directional selective scan-based convolution layer for
medical image classification. The details of the proposed
approach and experiments on existing dataset are

provided in successive Sections.
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METHODOLOGY,

In this section, first we introduce the preliminaries of
Mamba approach and then give details about the
proposed omni-directional selective scan-based
convolution block based approach for medical image

classification.

3-1. State Space Models

The state space models (SSMs) are used to make the
predictions of next state (y(t)) depending upon the input
(%(¢)) provided in current state (%(t)). The SSMs assume
the inputs to be continuous in time and can be represented
by two ordinary differential equations (ODEs) as state

equation and the output equation.

W(t)=Ah(t)+ Bx(t); state equation

1
y(t)=Ch(t)+ Dx(t); output equation (1)

where, A is the state transition matrix describing how the
state k(t) changes with influence of the input x(f) through
input projection matrix B. C indicates translation of the
state towards output with respect to input x(¢) through
the feed-forward matrix D. As the matrix D is considered
as a skip connection between input and output, the SSMs
are represented by neglecting the matrix D and represented

as:

W'(t)=Ah(t)+ Bx(t);
(@) =Ch(t);

state equation
output equation

@)

This represents the global feature dependency of SSMs
since the current output is dependent on all the
preceding states and the input. Unlike above equations
where the input is considered as continuous in time, the
deep learning approaches assume the input to be discrete
in time. The S4"” and Mambal'® convert these equations
from continuous ODEs to discrete time representation by
utilizing zero-order hold approach. In order to achieve
this, a time scale parameter A is introduced and the
matrix A and B are transformed into A and B

respectively as follows:

exp(AA)

A
B =(AA) " (exp(AA)-1)-AB
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This discrete representation now allows to transform the
discrete input #; to the discrete output y, with & as discrete

time step by using following representation:

hy = Al + Ax,;  state equation

(4)
I =Chy;

output equation

The SSMs can be represented with Convolution kernel

(K) as:

K=(CB,CAB, ... ,CA*'B) )

where, x is input and y is output, L is length of input x. The
matrix A is build with HiPPO to memorize all the hidden
states in'*" called as structured state space for sequences
(S4). The SSMs are efficient for modelling the input
sequences but fail at filtering the irrelevant information
and the ease of parallel scanning. To overcome this

limitation a Selective State Space Models!®®

propose a
selective scan approach. Also to solve the issue of GPU
utilization, hardware- aware state expansion approach is

enabled in selective scan mechanism.

3-2. Proposed Architecture

In this section, we first give the pipeline of the proposed
classification architecture. Further, the details of the
omni-directional selective scanning convolution block

followed by scanning mechanism are provided.

Architecture Overview In the proposed architecture,
the input image I e R¥"¢ (C;, = 3 for RGB image and
Cin= 1 for gray-scale image) is firstly, converted into 4 X
4 sized non-overlapping patches in Patch embedding
layer to process them in Mamba block. These patches are
then fed to the first omni-directional selective scan
convolution block (OSCB) followed by the patch merging
layer in turn generating the feature map of size 2 XwXC,
where & = % W= % and C = 96 (see Figure 1). We call the
each OSCB in Figure 1 as an encoder layer and there are
four such layers with #; € [2, 2, 4, 8] repeated OSCB
where [ € (1, 4) is number of layers. Further, a global
average pooling followed by a fully connected layer is

used to predict the output class from the input image.
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Patch Embedding

QSCB(x n3)

for Medical Image Classification
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Fig. 1 Proposed Omni-directional Selective Scan Convolution mamba (OSCMamba)
architecture for medical image classification

Omni-directional Selective Scanning Convolution Block
Figure 1 shows the proposed omni-directive selective
scan convolution block (OSCB). Unlike!*®, we process the
incoming features separately in omni-directional selective
scan path and the convolution path. This helps the
network to learn the global and local feature dependencies
separately. These global and local features are then
added together followed by a convolution layer. Further,
a residual connection is provided to preserve the feature
information (see OSCB in Figure 1). The convolution path
(see Conv Path in OSCB of Figure 1) in OSCB processes
the image with Convolution — Batch Normalization —
ReLu to capture the local feature dependency. Further, in
the omni-directional selective scanning (OSS) Mamba path,
the incoming features are normalized and projected

linearly thorough linear projection layer.

The OSS Mamba block is integration of the Gated MLP
where the input features are first split into equal parts
along channel dimension®®. One path processes the
features with OSS mechanism (OSSM) and the other
projects the linearly convoluted features via an activation

function (see the left and right split in OSS Mamba block

of OSCB in Figure 1). In the first branch, the features are
linearly projected, and a depth-wise separable
convolution is applied on the features this helps in
reducing the number of parameters followed by an
activation function. These processed features are then
forwarded to the OSSM block where these features are
processed in omni-directional selective scanning
mechanism in order to capture the global dependency
from all the directions. These global features are then
linearly projected and multiplied with the activated
features from the other path (see OSS Mamba block in
Figure 1).

Omni-directional Selective Scan Mechanism The existing
selective scanning approaches such as Bi-directional,
Cross-Scan, Continuous 2D, etc. consider the feature
representation only in vertical and horizontal direction!>®,
The Bi-directional scanning approach considers only
horizontal direction for the forward and reverse scanning
(similar to first two columns of the first row of Omni-
directional Selective Scanning mechanism in Figure 1).
Whereas the cross-scan and continuous 2D scan

considers the horizontal and vertical scanning mechanism
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for forward and reverse approach (similar to the first row
of Omni-directional Selective Scanning mechanism in
Figure 1). Unlike these scanning approaches, the omni-
directional selective scanning mechanism (OSSM)
considers the horizontal, vertical, diagonal, and off-
diagonal scanning for both forward and backward scan
(see OSSM in Figure 1). These scanned features in eight
directions are then processed in state space model (S6)
separately!®®. Further the processed directional features
are combined achieving the global information. This
approach allows the efficient spatial directional feature

learning.

EXPERIMENTS,ANDLRESULT,
DISCUSSION

In this section, we provide the details of the dataset
utilized for experimental analysis, the implementation
details, evaluation metrics, and discussion on result

analysis.

4-1. Dataset

For experimental analysis, we considered the
MedMNIST!®? dataset which con- sists of set of multiple
medical image modality datasets. It covers different
medical imaging modalities such as Ultrasound, X-Ray,
Optical coherence tomography (OCT), Dermatology,
Microscope, fundus camera, etc. Due to wide variety of
dataset with different classification categories such as
multi-class, multi-label, binary class, etc. MedMNIST is

considered as the benchmark dataset for medical image

for Medical Image Classification

classification. Table 1 shows the training, validation and
testing splits of six different datasets used for
experimental analysis. The sample images from each
dataset are provided in Figure 2 and details of each

dataset are provided below:

BreastMNIST This dataset consists of 780 Breast
Ultrasound images from three different categories:
malignant, benign and normal with the original resolution
of 500500 In'>?), this dataset is again converted into
binary classification task with positive class consisting of
benign and normal images and negative class consisting

of malignant images.

RetinaMNIST This dataset has 1600 retina fundus
images with 3X1736x1824 pixel resolution from
DeepDRiD dataset'®!. It has 5 different severity ratings of
diabetic retinopathy. The total training dataset! is
divided into training and validation set with a 9:1 ratio.

The test set is the actual validation set from™*.

PneumoniaMNIST This is binary classification task
dataset consisting of 5856 gray-scale pediatric chest
X-Ray images with pixel resolution ranging in (384 —
2916) x (127 —2713)P4BY. The total dataset is divided
into training and validation set with a 9 : 1 ratio and the

test set is the actual validation set from®?1B!,

DermaMNIST This dataset is a large collection of
common pigmented skin lesions image from multi-source

dermascope®'¥!, Tt has seven different categories of skin

Table 1 Overview of different datasets in MedMNIST®2, BC: Binary-Class,
OR: Ordinal Regression, MC: Multi-Class

Dataset Data Modality m Clasgjsiabels) # Train/Validation/Test
BreastMNIST Breast Ultrasound BC (2) 546/78/156
RetinaMNIST Fundus Camera OR (5) 1,080/120/400
PneumoniaMNIST Chest X-Ray BC (2) 4,708/524/624
DermaMNIST Dermatoscope MC (7) 7,007/1,003/2,005
BloodMNIST I\ii:ﬁigj}i}e MC (8) 11,959/1,712/3,421
OCTMNIST Retinal OCT MC (4) 97,477/10,832/1,000
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Fig. 2 Sample images from different medical image classification MedMNIST dataset

lesions such as actinic keratoses and intra-epithelial
carcinoma, dermatofibroma, enign keratosis-like lesions,
melanoma, basal cell carcinoma, melanocytic nevi, and
DermaMNIST consists of 10015
dermatoscopic images with 3 X600 X 450-pixel

vascular lesions.

resolution having a 7:1:2 split ratio for training,

validation and test splits.

BloodMNIST The BloodMNIST dataset consists of
cellular images with 8 different categories such as
basophil, erythroblast, eosinophil, immature granulocytes
(metamyelocytes, myelocytes, and promyelocytes),
lymphocytes, monocyte, neutrophil, and platelet!"’. This
dataset is collected from the individuals that are free
from any pharmacologic treatment, without any infection
and hematologic or oncologic disease during the blood
sample collection. It consists of 17,092 images with a
training, validation and test split of 7:1:2. The images
have 3 X 360 X 363 pixels resolution.

OCtMNIST  This dataset is derived from®!! consisting of
109309 optical coherence tomography (OCT) images for
retinal disease analysis. It has 4 different categories like
choroidal neovascularization, drusen, normal, diabetic
macular edema. The image resolution varies in the range
of (384—1536) X (277—512). The training and validation
split for OctMNIST is taken from original training
dataset®" with a 9:1 split ratio and the testing split is a

validation set from original dataset.

4-2. Implementation Details and Evaluation Metrics
The pre-processing on the images from all the dataset is
carried out similar to MedMNIST!®?/, To train the proposed
classification network, we resized the images into 224 X
224 resolution and set the batch size = 64. The network
is trained for 200 epoch using the early stopping criteria
evaluated on validation accuracy with a patience of 50.
The network parameters are optimized using Cross-
Entropy loss and the Stochastic Gradient Descent (SGD)

optimizer, with a learning rate set to 0.001. The training
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is carried out on NVIDIA A100 GPU. For evaluation of the
performance of proposed network with state-of-the-art
medical image classification methods, we considered the
Area under the receiver operating characteristic (ROC)
curve (AUC) and Accuracy (ACC) as evaluation metric
similar to*?.

4-3. Result Analysis

The comparison of the proposed approach is done with

for Medical Image Classification

existing state of the art medical image classification
methods in terms of AUC and ACC as provided in Table
2, 3. We evaluated the proposed approach on six
different medical imaging modalities dataset. As seen
from the Table 2, 3 we achieve significant improvement
in ACC on five among six medical image modality
datasets. Where as there is significant improvement in
AUC on four medical image modality datasets. Though

accuracy (ACC) is more sensitive to class inconsistency

Table 2 Evaluation of the proposed method and existing state-of-the-art approaches

for medical image classification. Note: Bold and underline shows

the best and second best values respectively

Dataset OCTMNIST DermaMNIST RetinaMNIST
Metric ACC AUC ACC AUC ACC AUC
ResNet18/2% 0.943 0.743 0917 0.735 0.717 0.524
ResNet18/2% 0.958 0.763 0.920 0.754 0.710 0.493
ResNet502% 0.952 0.762 0913 0.735 0.726 0.528
ResNet50/2% 0.958 0.776 0912 0.731 0.716 0511
auto-sklearn*? 0.887 0.601 0.902 0.719 0.690 0.515
AutoKeras®®! 0.955 0.763 0915 0.749 0.719 0.503
Google AutoML™ 0.963 0.771 0914 0.768 0.750 0.531
MedVit-T%®! 0.961 0.767 0.914 0.768 0.752 0.534
MedVit-S®*¢ 0960 0782 | 0937 0780 | 0773 0561
MedVit-L1*® 0945  0.761 0920 0773 | 0754 0552
MedMamba'>?! 0993 0914 | 0907 0758 - -
Ours 0.995 0.927 0.948 0.794 0.741 0.573

Table 3 Evaluation of the proposed method and existing state-of-the-art approaches

for medical image classification

Dataset PneumoniaMNIST BloodMNIST BreastMNIST
Metric AUC ACC AUC ACC AUC AcCC
ResNet18/2% 0.944 0.854 0.998 0.958 0.901 0.863
ResNet 1823 0.956 0.864 0.998 0.963 0.891 0.833
ResNet50/2% 0.948 0.854 0.997 0.956 0.857 0.812
ResNet50/2% 0.962 0.884 0.997 0.950 0.866 0.842
auto-sklearn*! 0.942 0.855 0.984 0.878 0.836 0.803
AutoKeras'?®! 0.947 0.878 0.998 0.961 0.871 0.831
Google AutoML" 0.991 0.946 0.998 0.966 0.919 0.861
MedVit-T"¢! 0.993 0.949 0.996 0.950 0.934 0.896
MedVit-S1*¢ 0995 0961 | 0997 0951 0.938 0.897
MedVit-LI* 0.991 0.921 0996 0954 | 0929 0883
MedMamba'>?! 0965 0912 0.999 0984 | 0879 0872
Ours 0.988 0.962 0.999 0.985 0.899 0.885
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than AUC, we achieve remarkable improvement in ACC as
compared to state-of-the- art medical image classification
methods. It is observed that, on BreastMNIST and
RetinaMNIST datasets MedVit®® achieves notable
improvement. The reason behind this improvement is due
to the augmentation utilized in MedVit'*®!, since both the
BreastMNIST and RetinaMNIST have very few images in
training set. Whereas in our proposed approach we have
only considered horizontal flip augmentation unlike
MedVit®®, Apart from all the existing approaches, only
considering a recent Mamba based classification
approach®® for comparison, we achieve the remarkable
improvement on overall considered datasets in terms of
AUC and ACC.

CONCLUSION

This work presents a novel Omni-directional selective

scan convolution layer based medical image classification
approach. The proposed approach is evaluated on six
different medical imaging modalities such as Ultrasound,
X-Ray, optical coherence tomography, histopathology, etc.
The effectiveness of the proposed approach is verified by
the comparison with the state-of-the-art medical image
classification methods in terms of AUC and ACC. The
extensive result analysis of the proposed approach
verifies its effectiveness for the task of medical image

classification.
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Abstract

The growing demand for healthy food, driven by population growth and the prevalence of plant diseases, is a
significant concern. Farmers are increasingly forced to cultivate their fields continuously, often relying on pesticides
that degrade soil quality and contribute to the spread of various diseases. Disruptive technologies, such as automated
cassava leaf disease detection using deep learning models, can play a vital role in promoting agricultural sustainability.
While numerous deep learning methods have been explored, challenges remain, particularly in developing lightweight
models that can quickly and accurately identify disease class variations while also being suitable for deployment on
electronic devices. This research focuses on evaluating lightweight deep learning models, specifically CNN and
transformer networks, for cassava leaf disease detection. Based on our experiments, we propose an ensemble model
consisting of lightweight models (CNN and transformer) for automated early disease detection using raw images. We
have utilized the ResNeXt, EfficientNet-B5, and TinyViT lightweight models, optimizing the ensemble process through
brute force approaches. Additionally, we experimented with centre-crop and multi-crop image transformations to test
these models, aiming to enhance performance and classify im- ages based on the global information derived from the
whole image. Our combined approach achieved state-of-the-art results with an overall re- call of 90.35% on the unseen
test cassava leaf disease dataset. With high accuracy, fewer parameters, and low computation time, our model is well-

suited for deployment on mobile devices.

various diseases, including infections caused by lesser-

INTRODUCTION

known viral viruses. The four most common diseases,

Cassava is a widely cultivated staple crop in sub-Saharan
Africa, providing essential nutrition and energy. While the
leaves and roots are both suitable for consumption, the
roots are the preferred choice for their high energy
content and versatility —they can be eaten raw, roasted,
boiled, or processed in various ways!'?!. The leaves and
tender shoots are rich in protein and vitamins and are
used as vegetables in many regions. Farmers across
Africa grow cassava at different scales and under diverse
geographical and weather conditions, contributing
significantly to food stability and industrial development.

Although widely cultivated, cassava is highly prone to

each with distinct signs and symptoms, are listed below

and illustrated in Figure 1.

Cassava Bacterial Blight (CBB): CBB is one of the most
devastating diseases, causing the highest yield losses
among cassava crops worldwide. In the 1970s, it severely
impacted Africa, with countries like Nigeria, Uganda, and
Zaire suffering crop losses of 75% to 100%, leading to
malnutrition and starvation in some regions. The disease
thrives in moist conditions, affecting cassava plants in
such areas. Symptoms include black leaf spots and

blights, with affected leaves wilting, drying prematurely,
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Cassava Green Mite

Cassava Mosaic Disease

Fig. 1 Provide sample images of the four major cassava leaf diseases together
with healthy cassava leaf sample image from the dataset

and eventually shedding off.

Cassava Green Mite (CGM): CGM is a pest originating
from South America, was introduced to Africa in the early
1970s and has now spread to 27 countries. It creates
white spots on cassava leaves, beginning with small
lesions that progressively expand, covering the entire leaf.
This leads to chlorophyll loss and hinders photosynthesis.
In cases of severe infestation, mottling symptoms may
appear similar to those of cassava mosaic disease, making
differentiation between the two difficult. Infested leaves
commonly lose moisture, shrink, and break away from

the plant, contributing to further damage.

Cassava Brown Streak Disease (CBSD): CBSD, which
emerged in Eastern Africa in the 1930s, remains a major
threat to cassava production, causing root yield losses of
up to 70%. It is transmitted by whiteflies and is
characterized by yellowing along the veins, which may
expand into larger yellow patches. CBSD severely impacts
tuber roots, forming dark-brown necrotic lesions that

reduce root size and degrade the quality of the crop.

Cassava Mosaic Disease (CMD): CMD was first reported

in 1894 by War- burg in Tanzania. It remains a significant
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constraint to cassava production in Africa, contributing to
famine and, in some regions, even death. The disease
typically causes foliar symptoms like mottling, mosaic
patterns, leaf deformation, and a significant decrease in
both leaf and plant size. Affected leaves often display green
patches mixed with yellow or white discoloration,
diminishing the surface area for photosynthesis and

resulting in poor growth and crop yields.

Distinguishing between different cassava diseases is
challenging and often requires farmers’ assistance, which
is both time-consuming and resource-intensive'®. The
inability to detect infections early can lead to significant
economic losses, highlighting the need for automated
approaches to assist with timely disease detection and
prevention. While several machine learning models have
been explored in this area, recent deep learning models
have delivered state-of-the-art (SOTA) results. However,
these models typically require a large number of
parameters, increasing their computational cost, and
making them unsuitable for resource-constrained devices
like mobile phones. In our research, we focused on
lightweight deep-learning models that use fewer
parameters while maintaining high accuracy and

efficiency. We experimented with two architectures,
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namely, convolutional neural networks (CNN) and
transformers, and proposed an ensemble model that
combines the strengths of both types of networks in
lightweight constrained. During testing, the input image
is cropped at the centre for specific model (CNNs/
transformer) input requirements. To mitigate information
loss caused by centre-cropping when passing images
through the model, a multi-crop approach is utilized. In
this, each image is divided into five overlapping crops
based on the model's input size, ensuring the entire
image is covered. Each crop was then passed through the
model to predict individual scores, which were
subsequently merged to produce the final disease
classification. Collectively, our ensemble model, combined
with this image transformation approach, achieved an
overall recall of 90.35% and an F1-score of 0.902 on the
test dataset, setting a new state-of-the-art with fewer

parameters and reduced computation time.
The primary contributions of this work are as follows:

- Conducted experiments on various lightweight models
using two types of architectural, CNN-based and
Transformer-based networks, for multi-class
classification tasks.

- Analysis the performance of these models under two
distinct testing strategies on the test datasets, namely
centre-crop transformation and multi-crop
transformation.

- We propose a novel ensemble model optimized using
a brute-force algorithm, combined with multi-crop
transformation testing strategies, which achieved

state-of-the-art results on unseen test datasets.

LITERATURE,REVIEW,

In artificial intelligence, two prominent types of vision-
based frameworks—machine learning (ML) and deep
learning (DL), are utilized for plant disease recognition.
While ML-based models are generally lighter and less
computationally intensive than DL-based models, their
recognition accuracy often lags behind that of DL

models'. Consequently, recent research has increasingly

shifted toward DL-based approaches, particularly for
plant disease recognition. Among deep learning methods,
(CNNs)

demonstrated promising results in plant disease

Convolutional Neural Networks have
detection. This is evident in comparative studies
evaluating various CNN architectures, such as VGGNet
ResNet50', DenseNet-BC-121-32!"!, and InceptionV3®®/,
for cassava leaf disease classification. Among these
architectures, DenseNet-BC-121-32 achieved the highest
accuracy of 80.52%, followed by InceptionV3 at 77.25%,
ResNet50 at 75.76%, while VGGNet exhibited
comparatively lower performance. Further studies
highlight the impact of dataset imbalance on model
performance. For instance, experiments conducted on an
imbalanced cassava disease dataset from Kaggle!”
demonstrated a 10% improvement in accuracy when
employing Pulse- Coupled Neural Networks (PCNN) and
Deep Residual Neural Networks (DRNN) compared to
conventional CNN-based approaches. To enhance model
robustness, the CNN-based Plant Disease Detection (PDD)
framework incorporates data augmentation approaches
and applies multilevel and multiscale feature ex- traction
to establish a class- and scale-invariant architecture!'”.
The PDD-Net model surpasses baseline architectures,
achieving an overall of recall of 85.77%, precision of
86.41%, F1-score of 86.02%, and an accuracy of 86.98%
on the cassava leaf disease dataset. Despite their success,
CNN-based approaches are often computationally
expensive and require substantial parameters, posing
challenges for deployment on edge devices!'!!. To address
these limitations, an Enhanced Convolutional Neural
Network (ECNN) was proposed for real-time cassava leaf
disease identification!'?. The ECNN employs depth-wise
separable convolutions to reduce both computational
complexity and feature redundancy while maintaining

classification accuracy.

The cassava dataset presents several challenges for
training CNN models, primarily due to its small size and
class imbalance, with certain disease classes being
overrepresented. To address these issues and improve

[13]

performance, a comparative study"~ is conducted to

evaluate the Hybrid Ensemble Disease Detection Model

YAMAHA MOTOR TECHNICAL REVIEW 206



Automatic Early Classification of Cassava Leaf Disease with Ensemble of Lightweight Models

(HEDTM) against custom CNN architectures. This
ensemble model, which integrates InceptionV3, Xception,
and DenseNet-BC-121-32, achieved the highest accuracy
of 88.83%, surpassing other ensemble configurations
such as ResNet50VZ2 + DenseNet-BC-121-32 and
ResNet50 + ResNet50V2. The results of this study
highlight the potential of leveraging the strengths of
individual models within a unified ensemble approach.
Recently, researchers have also been attracted toward
vision transformer-based models to address the
limitations of CNN-based approaches. In the study by''¥,
the Vision Transformer (ViT) was employed instead of
traditional CNNs for classifying cassava leaf diseases.
Experimental results demonstrated that ViT achieved at
least 1% higher accuracy than popular CNN models like
EfficientNet and ResNet50d on the Cassava Leaf Disease
Dataset, highlighting its potential superiority in leaf
disease analysis. Building on ViT, proposed a deep
learning method for identifying viral diseases in cassava
leaves, achieving a classification accuracy of 90.02% on
the private test set after applying K-Fold cross-

validation!®!.

Training transformer models demands
substantial computational resources and large datasets.
While they achieve strong results, their deployment on

mobile devices remains challenging. Consequently,

B Training [l Testing

1751 1909

Number of Images

869
438 877
- I I
CBB CBSD CGM

lightweight CNNs have gained traction in plant disease
detection due to their efficiency on resource-constrained
devices like smartphones and edge devices. For example,
MobileNet-V2 enhanced using a class activation map to

achieve better cassava leaf disease classification!'®.

Thus, our objective is to propose a novel model that
integrates the strengths of both the networks, CNN and
transformer-based to achieve superior classification
performance with reduced computational complexity,
making it suitable for mobile and edge applications

through ensemble learning.

EXPERIMENLALSELUR

3-1. Dataset

This dataset was initially released for the Kaggle Cassava
Leaf Disease Classification Challenge!'”.. It contains a total
of 21,397 training images, divided into five categories:
CBB (1,087 images), CGM (2,386 images), CBSD (2,189
images), CMD (13,158 images), and Healthy (2,577
images). The dataset is allocated into 80% for training
and 20% for validation, as illustrated in Figure 2. In the
data processing step, the images were cropped to 512X

512 and normalized to minimize background noise and

17117

10527

‘2 &31
CMD

4280

2061

“\'6

Healthy Overall

Cassava Leaf Disease Dataset

Fig. 2 The bar chart displays the distribution cassava leaf disease classification dataset
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focus on critical features relevant to classification in
training and testing. For model training, various
transformations are applied to the training data to ensure
generalized and stable model training, including
transposition, horizontal flip, vertical flip, shift-scale
rotation, and normalization. Since resizing from 800 X
600 to 512X512 can sometimes remove infected parts
of the image affected by the disease. Therefore, we
adopted a technique that was used to create five 512 X
512 crops from each original image. To ensure the model
had a comprehensive view for accurate disease detection
during testing, five crops were taken from each image:
four from the corners and one from the centre, as
illustrated in Figure 3. The final prediction for each
image was generated by averaging the class-wise
probabilities across all five cropped regions. We
evaluated the model's performance using both cropping
strategies, which we refer to as centre-crop and multi-
crop. Furthermore, to maximize the use of the training
data, we implemented K-fold cross-validation using a
5-fold approach, dividing the dataset into five equal
subsets. In each iteration, one subset was designated for
validation, while the remaining four were used for
training. This process was repeated five times, ensuring
each subset served as the validation set once and as part
of the training set four times. This method provides a
comprehensive evaluation of each model’s performance

and generalization ability.

3-2. Models

In this research, we experimented with a lightweight
deep-learning architecture designed to use fewer
parameters while achieving higher accuracy in classifying
cassava leaf diseases. Specifically, we utilized two types of
models: CNN-based and transformer-based architecture,

as detailed below:

ResNeXt!'®: ResNeXt, short for residual networks with
external transformations, is a CNN-based architecture that
builds the foundational principles of the ResNet (Residual
Network) model. Unlike ResNet, which relies on multiple
smaller paths, ResNeXt introduces groups of parallel
paths. Each group contains multiple paths, with each path
learning different features. This structured grouping
allows the network to capture a broader range of
features more effectively, eventually enhancing its overall
classification of power. We fine-tuned ResNeXt50 using
two distinct approaches. In the first approach, we directly
added a classification layer, resulting in a model we refer
to as ResNeXt50 23M. This model contains 22,990,149
parameters (approximately 23 million) and requires 90
MB of storage. In the second approach, we extended the
fine-tuning by incorporating additional layers between
ResNeXt50 and the final classification layer to facilitate
more gradual transfer learning. This extended model,
named ResNeXt50 26M, comprises 25,676,613

parameters (approximately 26 million) and occupies 100

Evaluation

Ensanibla-Based

Bruta
1 | VWeighiad

Fig. 3 Pipeline of the proposed ensemble model with a unique image transformations technique
for training and testing images
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MB of storage. These models were employed to evaluate
the impact of parameter size on classification

performance and efficiency.

EfficientNet-B5!"%: EfficientNet is a CNN architecture that
uses a compound scaling method to proportionally adjust
width, depth, and resolution, achieving both high accuracy
and computational efficiency. The EfficientNet family
provides a spectrum of models that balance complexity and
accuracy, achieving strong classification performance with
fewer parameters and reduced computational demands,
while maintaining efficiency. Similarly, we utilized two
variants of the EfficientNet BS model to evaluate the impact
of parameter size on inference time and overall efficiency.
The first variant, similar to the fine-tuning approach of
ResNeXt50 23V, is named EfficientNetB5 28M. It contains
28,351,029 parameters (approximately 28 million) and
occupies 108.15 MB of storage. The second variant, similar
to ResNeXt50 26M, is an extended version named
EfficientNet-B5 31M. It features 31,037,493 parameters
(approximately 31 million) and occupies 120 MB of
storage. These models were used to assess the trade-off
between parameter size and the lightweight model’s

performance in terms of speed and accuracy.

TinyViT?’: TinyViT is a family of compact and efficient
vision transformers designed for high performance with
minimal computational resources. Pretrained on large-scale
datasets, TinyViT employs a fast distillation framework,
where a large pre-trained model (teacher) is scaled down
into a smaller model (student) while preserving its core
capabilities. This student-teacher distillation allows TinyViT
to transfer knowledge effectively across various
downstream tasks, delivering accurate results with fewer
parameters and reduced memory requirements, making it
ideal for resource-constrained environments. Similarly, we
applied the same fine-tuning approaches to this model. The
first approach is designated as TinyViT 20.6M, which
contains 20,607,989 parameters and occupies 78.61 MB
of storage. The second extended approach is referred to as
TinyViT 20.8M, featuring 20,788,277 parameters and
requiring 79.30 MB of storage. These experiments were

carried out to assess the effect of small changes in
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parameter size on performance and efficiency.

3-3. Proposed Ensemble Model

This research proposes an ensemble method that
integrates CNN-based models (ResNeXt, EfficientNet-B5)
with a transformer-based model (TinyViT) to leverage
their respective strengths and improve disease
classification accuracy as shown in Figure 3. Leveraging
multiple models typically boosts accuracy and robustness

over individual models.

In this work, each model was underwent trained on the
cassava leaf disease dataset and was fine-tuned with
different hyperparameter settings. Their classification
accuracy was analyzed, and performance-based weights
were assigned using the brute force algorithm'?!. The
brute force approach methodically explores all possible
combinations to determine the optimal weights for the
ensemble, ensuring accurate and fast results, making it

ideal for fewer model combinations.

The final predictions were made using a weighted
average of the base models’ predictions, with higher
weights assigned to more accurate models. This ensemble
approach mitigates the weaknesses of individual models
by combining their predictions, as illustrated in Figure 3.
Each model was trained separately, and their respective
weights were used for evaluation. The ensemble
prediction utilized various weight combinations to
identify the optimal set that maximized accuracy. By
incorporating the strengths of each model, this method
enhances overall prediction performance rather than
disregarding the limitations of any single model.
P:argmaxixiy (1)
i=1
Here, P represents the optimal prediction from the
ensemble model, where x; denotes the weight assigned to
each model's output, which is multiplied by the
corresponding weight vector y. The variable #z refers to

the total number of models included in the ensemble.

3-4. Evaluation Metrics

We evaluate the performance of the models for each
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class using various metrics such as precision, recall, and
F1-Score, which are calculated using Eq. (2), (3), and (4),
respectively. Where True Positives, False Positives, False
Negatives, and True Negatives are represented as TP, FP,
FN, and TN, respectively. For the overall evaluation of the
model’s performance on multi-unbalanced classes, we

employ the metrics from'®?!

, as described in Eq. (5) rather
than the previous average evaluation method!'?*3, Where
N refers to the total number of classes, and #; represents
the fraction of samples of particular class to the total
number of samples. M; denotes the value of the metric M
for class ¢, where the metric M could be precision, recall,
or F1-Score. To compare the performance of the different
model variants, we examined the overall recall value. This
metric is particularly important in this context, as the
cost of missing an infected leaf (FN) is critical, potentially

leading to the spread of disease to healthy leaves.

Precision = L 2
TP + FP
Recall = _ 1’ .
TP + FN
F1 Score = 2x L recision x Recall “
Precision + Recall
Z Zlni xM;
Overall ===, 5
n,

i1

We also measured the inference time of various models
using two test strategies: centre-crop and multi-crop on
the test images. The inference time, representing the
duration required for model execution, was recorded in
seconds. For the ensemble model, the inference time was
measured to be approximately equal to that of the model

with the maximum inference time.

Table 1 Comparison of the two ResNeXt50 model variants,
with 23M and 26M parameters, in terms of overall recall
(%) using two testing strategies on the multi-class
test classification dataset

Fold ResNeXt50 23M ResNeXt50 26M
° Centre-Crop | Multi-Crop | Centre-Crop | Multi-Crop
1 88.00 88.43 87.34 87.82
2 87.31 87.52 87.61 87.50
3 87.94 88.38 87.73 88.06
4 87.33 87.47 87.73 87.99
5 88.10 88.27 87.78 87.89

Table 2 Comparison of the two EfficientNet-B5 model
variants, with 28M and 31M parameters, in terms of
overall recall (%) using two testing strategies on
the multi-class test classification dataset

Fold EfficientNet-B5 28M EfficientNet-B5 31M
° Centre-Crop | Multi-Crop | Centre-Crop | Multi-Crop
1 87.32 88.24 88.48 88.80
2 88.00 88.43 87.96 88.17
3 87.82 88.43 88.57 88.83
4 87.59 88.48 88.36 89.10
5 87.25 87.85 87.96 88.31

Table 3 Comparison of the two TinyViT model variants,
with 20.6M and 20.8M parameters, in terms of overall
recall (%) using two testing strategies on the multi-
class test classification dataset

Fold TinyViT 20.6M TinyViT 20.8M
° Centre-Crop | Multi-Crop | Centre-Crop | Multi-Crop
1 89.00 88.99 88.50 88.76
2 89.32 89.32 89.00 88.41
3 89.27 89.51 88.78 89.23
4 88.69 88.69 89.29 89.00
5 88.85 89.15 88.71 88.41

Table 4 Comparison of various lightweight models and
their parameter variants in terms of inference time
(seconds) for the two testing strategies on the
multi-class test classification dataset

Model Inference Time (seconds)
Centre-Crop Multi-Crop

ResNeXt50 23M 1.05734 5.52274
ResNeXt50 26M 1.10840 5.56961
EfficientNet-B5 28M 0.94257 5.20375
EfficientNet-B5 31M 1.35552 4.81913
TinyViT 20.6M 0.95797 5.87840
TinyViT 20.8M 0.99867 5.22033

RESULTS.AND,DISCUSSION

The results of experiments conducted with various
lightweight models are detailed in this section. Table 1
compares the centre-crop and multi-crop classification
performance on test images using two variants of the
ResNeXt50 model with different parameter sizes. The
smaller variant, ResNeXt50 23M, achieved the highest
overall recall of 88.40% with the multi-crop strategy,
outperforming the larger ResNeXt50 26M. However,
when compared to ResNeXt, another CNN- based model,
EfficientNet-BS 31M, showed an improvement of 0.83%,
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achieving an accuracy of 89.10% using the multi-crop
strategy, as presented in Table 2. Moreover, despite
having more parameters, EfficientNet-B5 required less
execution time than ResNeXt, as shown in Table 4. This
demonstrates that EfficientNet-B5 not only outperforms
ResNeXt in terms of accuracy but also offers greater
computational efficiency for multi-class classification

tasks.

Table 5 Display the comparison results of the best-
performing lightweight models and our ensemble
models across different evaluation metrics for
each class and the overall testing dataset

Method Class Precision | Recall | Fl-score
CBB 06762 | 0.6544 | 0.6651

CGM 08112 | 0.7925 | 0.8017

CBSD | 08624 | 0.7443 | 0.799

ResNeXt CMD 09444 | 09738 | 09588
Healthy | 0.7344 | 0.7287 | 0.7315

Overall | 08822 | 0.8843 | 0.8827

CBB 0.7095 | 05853 | 0.6414

CoM 08271 | 0.7925 | 0.8094

. CBSD | 0868 | 0.7808 | 0.8221
EfficientNetBS |\, 09471 | 09802 | 0.9634

Healthy | 0.7319 | 0.7461 | 0.739

Overall | 08877 | 0891 | 0.8884

CBB 06652 | 0.6959 | 0.6802

CoM 0.7984 | 0.8134 | 0.8058

TigVIT CBSD | 08722 | 08105 | 0.8402
CMD 09581 | 09723 | 0.9651

Healthy | 0773 | 07326 | 0.7522

Overall | 08943 | 08951 | 0.8945

CBB 0.7198 | 0.6866 | 0.7028

CGM 0.8398 | 0.8134 | 0.8264

Ensemnble CBSD | 0.8909 | 0.8014 | 0.8438
CMD 09556 | 0.9806 | 0.9679

Healthy | 07713 | 07713 | 0.7713

Overall | 09019 | 09035 | 0.9023

On the other hand, the vision transformer-based model,
TinyViT, outperforms both CNN-based models in terms of
inference time and accuracy when using the centre-crop
testing strategy, as detailed in Tables 3 and 4. Using the
multi-crop strategy, TinyViT achieved 0.41% and 1.08%
higher accuracy than ResNeXt and EfficientNet-B5,
respectively, with an accuracy of 89.51% using only
20.6M parameters. These results indicate that the
lightweight transformer- based model for multi-class
classification tasks outperforms the lightweight CNN-

based models in terms of efficiency.
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Based on the above results, we developed an ensemble
model combining the best-performing variants of ResNeXt,
EfficientNet-B5, and TinyViT. Interestingly, our multi-crop
testing strategy consistently outperformed the centre-crop
approach. This can be attributed to the fact that the
diseased portion of the image may not always be located
in the centre, and relying solely on the centre- crop could
result in missing infected regions. To minimize the risk of
undetected infections, which could lead to disease
spreading to healthy plants, we employed the multi-crop
strategy for testing our ensemble model. As shown in
Table 5, our ensemble model achieved an F1-score of
0.902 and an overall recall of 90.35%, surpassing the
performance of the individual models and setting a new
SOTA on the test dataset. The enhanced performance is
attributed from the fact that different models tend to
make errors on different data samples. One model might
excel in learning certain features that others may not. This
diversity among the models enhances the robustness of
the ensemble, effectively reducing variance in prediction

errors and yielding more reliable results.

CONCLUSION

This research concentrated on building an automated

framework to detect and classify cassava leaf diseases at
an early stage. The existing methods ensemble either
CNN or Transformer models leading to gain in either
computational complexity or efficiency. To overcome the
challenges of high memory usage and computational
demands, we explored various CNN and Transformer-
based lightweight models, including ResNeXt and
EfficientNet-B5 (CNN), and TinyViT (Transformer). To
achieve the best results, we applied centre and multi-crop
transformation strategies to the testing dataset and
utilized a cross-validation approach to fully utilize the
entire dataset for training and testing. We optimized the
ensemble method by using a brute force approach to
determine the optimal weighted averaging of the models
ideal to ensemble few models. Our experimental findings
give a novel ensemble model that combines the strengths
of transformation strategies with both CNN and

Transformer architectures, delivering superior
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performance with minimal memory and computational
requirements. Although it involves a trade-off in
computation time compared to individual models, it
remains more efficient than earlier ensemble methods
that relied solely on CNN or transformer-based models
without considering computational complexity. In future
work, we aim to validate this approach on devices like
smartphones and agricultural robots for real-time

detection of plant diseases in the field.
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Abstract

Cell nuclei segmentation is essential for microscopic image analysis. It facilitates the detailed micro-environmental
insights for clinical studies. Automated nuclei segmentation can simplify the work of pathologists and address the
variability and subjectivity among them, thereby improving diagnostic consistency and accuracy. Although deep
learning (DL) techniques usually offer better performance than traditional methods for nuclei segmentation, they still
struggle with challenges especially when the nuclei are clustered and overlapped with each other. To address these
challenges, many effective deep learning techniques have been developed. Nonetheless, these approaches still exhibit
limitations, such as the tendency to overlook certain nuclei. To mitigate this issue, we propose a two-stage network to
boost accuracy by incorporating an enhancement network (second stage) on top of the widely used encoder-decoder
architectures (first stage). The enhancement network refines the results by utilizing the decoder’s output and original
image. The primary goal of this proposed method is to segment those regions that might have been overlooked by the
base model, by re-considering the original image within the network. The study employs popular models such as
U-Net, Micro-Net, and U-Net++ as base models. The results illustrate improvement of 0.841.8% in Precision, 1.5+3.0%
in Recall, 1.41+0.5% in Dice Score, and 1.610.7% in IoU across different datasets through the proposed method.

Traditional methods like Watershed segmentation!®,

INTRODUCTION

K-means clustering'”, and fuzzy C-means® have been

Cancer is the second leading cause of death globally
which make the early detection crucial for better
treatment!!. Morphological changes in nuclei served as
the biomarker for cancer diagnosis®?. Currently,
pathologists use microscopes to examine tissue samples,
a method that is slow, labor-intensive and dependent on
human skills”®. Recent Research shows that pathologists
often disagree on diagnoses, with a 24.7% disagreement
ratel’, Tt highlights the critical necessity for computer-
assisted pathology to enhance diagnostic consistency and
precision. Cell nuclei segmentation is the fundamental
task in computer-assisted pathology, involving the
identification and outlining of cell nuclei in microscopic

images!'®’.

used for this purpose but often struggle with blurry
images'®. As a result, researchers are seeking more
effective and accurate solutions. Deep learning has
proven to be a highly effective approach for segmenting
cell nuclei, as it can automatically learn and extract
features from images, resulting in more precise and
reliable segmentation outcomes!'®. Unlike conventional
methods, deep learning models excel in handling nuclei
across a variety of image conditions. This flexibility is
essential in biomedical imaging, where nuclei can differ
significantly in size, shape, and intensity. Although single-

stage training methods!!!M!l

are commonly used for
medical image segmentation, some researchers have
found the two-stage approach to be highly effective and

promising. Existing methods often rely on specific

YAMAHA MOTOR TECHNICAL Review 2 14



A Novel Two-Stage Deep Learning Method for Enhanced Cell Nuclei Segmentation

16l ytilized a

architectures, for instance, Jiang et al.
modified U-Net in a two-step process, where an initial
simplified U-Net provides a preliminary result, followed
by an enhanced model with additional decoding layers
for refinement. In contrast, our method is flexible and
independent of any particular architecture. It can
integrate with any model in the first stage, offering
adaptable and improved cell nuclei segmentation without
being restricted to a specific design. In medical
diagnostics, the structure and count of cell nuclei are
crucial factors for decision-making!'”. For a cell nuclei
segmentation model, one aspect is to accurately delineate
the region of interest (cell nuclei) and another is to
precisely segment the correct number of nuclei. However,
there remains a gap between the quality and quantity of
segmented nuclei. To bridge this gap, our paper
introduces a two-stage cell nuclei segmentation approach
falling under the category of representation
enhancement. The proposed method uses existing
encoder-decoder segmentation networks as the base
model (first stage), followed by an enhancement network
(second stage) to refine the initial prediction mask
produced by the base network. This enhancement
network is a lightweight model with approximately 77k
trainable weights that can be easily integrated with the
base model and produce better quantitative and
qualitative results, as shown in the results section later.
Notably, the proposed method not only captures initially
missed cell nuclei but also refines the pixels along the

boundaries of segmented nuclei. Our main contributions

are as follows:

- We propose a novel two stage deep learning approach
for cell nuclei segmentation which effectively enhances
the segmentation results of existing methods.

- The proposed pipeline is architecture independent,
allowing it to integrate various advanced
segmentation methods in the first stage, followed by
an enhancement network in the second stage. To
illustrate its effectiveness, we evaluated it using three
state-of-the-art segmentation models: U-Net!'?, Micro-
Net!"®, and U-Net++'%.

- The comparison of proposed method is carried out on

two publicly available histopathogical datasets.

The structure of the paper is as follows: Section 2
explains the proposed method, Section 3 details about the
dataset used, evaluation metrics, and implementa-tion of
proposed approach, Section 4 discusses the results, and

finally, Section 5 concludes the paper.

PROPOSED,METHOD

The proposed method, as shown in Figure 1, consists of
two stages that aims to enhance the performance of the
cell segmentation. The method uses an encoder- decoder
network, followed by an enhancement network that
improves the quality of initial prediction mask produced
by the first network. In this section, deep convolutional

encoder-decoder network has been explained that
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Fig. 1 Proposed method architecture. (a) first stage (architecture on the left side of red dashed line): an encoder-
decoder based segmentation network. (b) second stage (architecture on the right side of red dashed line):
enhancement network
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constitutes the first stage of the proposed method. These
networks take the original RGB image as input and
produce a raw prediction mask. Subsequently, in the
second stage, the enhancement network has been
proposed, which refines the initial prediction mask,

resulting in a more accurate and sharper edge mask.

2-1. Encoder-Decoder Stage

The first stage of our method comprises of a general
segmentation network, as depicted in Figure 1(a). To
comprehensively illustrate the effectiveness of the
proposed method, we utilize three different popular
segmentation networks U-Net, Micro-Net and U-Net++.
U-Net!’? is a pioneering U-shaped encoder-decoder
network specifically developed for efficient and accurate
processing of biological images, even when trained on
small datasets. It features a structured architecture with
four encoder blocks that progressively down-sample the
input image to capture feature representations, and four
decoder blocks that up-sample these representations to
produce the final segmentation. The skip connections

between the encoder and decoder blocks help retain
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spatial details and enhance segmentation accuracy.
Building on the foundational design of U-Net, Micro-
Net!"¥ introduces additional convolutional layers that
bypass the traditional max-pooling layers. This
modification allows Micro-Net to more effectively capture
and learn both weak and strong features in fluorescence
and H&E stained images, improving its ability to segment
cells, nuclei, and glands. The inclusion of intermediate
connections between layers helps to preserve contextual
information and localization, further enhancing
segmentation performance. U-Net++!'"Y takes the
advancements of U-Net a step further by integrating
deeply supervised learning. It employs a series of nested,
dense skip pathways that connect the encoder and
decoder sub-networks. These redesigned skip pathways
aim to bridge the semantic gap between the feature maps
generated by the encoder and those used in the decoder,
resulting in more accurate and refined segmentation.
Each of these models builds upon the previous
innovations, contributing to the development of

increasingly sophisticated and precise segmentation

techniques.

Difference

Ours

Fig. 2 Visual results of proposed refinement approach on Lizard dataset. Red indicates false positive pixels,
indicates false negative pixels and gray indicates true positive pixels. Fifth column - image
obtained by difference between the refinement (ours) output and First-stage output. Images
in lines 1, 2 and 3 are results from U-Net, Micro-Net, and U-Net++, respectively
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2-2. Enhancement Stage

Enhancement stage is the second part of the proposed

method, focusing on refining the initial prediction mask.

Network structure: The input image is concatenated
channel-wise with the prediction from the first stage,
creating a 4-channel input for the enhancement network.
As illustrated in Figure 1(b), the network contains 4
convolutional layers, where each of the first three layers
contains 64 filters of size 3 X 3 followed by ‘ReLU’
activation layer. The final layer is a 1 X 1 convolutional
layer with ‘sigmoid’ activation. Notably, downsampling is
deliberately omitted in each layer to preserve subtle
structures that may have been missed in the first stage.
As this enhancement stage is provided with the
histopathological image and initial segmentation mask as
input, the task here is to refine the segmentation results.
This is done via extracting the features from the
concatenated 4 channel input which already has
localization of nuclei present in it. Processing this
localized/referenced histopathological image with the
proposed enhancement network helps to refine the
earlier segmented nuclei by considering maximum
receptive fields with the help of stack of convolution
layers. The loss is calculated between the network’s

output and the corresponding ground truth.

Table T Comparison of evaluation metrics of segmentation
networks with and without the proposed method, trained
on Lizard dataset™® (t is proposed two-stage approach)

Precision Recall Dice IoU
U-Net 0.810 0.768 0.786 0.665
U-Net' 0.798 0.818 0.806 0.689
Micro-Net 0.790 0.774 0.780 0.655
Micro-Net' 0.804 0.780 0.790 0.664
U-Net++ 0.692 0.854 0.757 0.627
U-Net++' 0.715 0.844 0.769 0.642
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EXPERIMENTATION

3-1. Dataset

We utilize two datasets to demonstrate the generalization

potential of our approach.

Lizard We use Lizard dataset!'®!, which is a large-scale
dataset for colonic nuclear instance segmentation and
classification. In total, there are 4981 image patches of
size 256 X 256 which contain nearly half a million
labeled nuclei in H&E stained colon tissue. The dataset
has nuclear class labels for epithelial cells, connective
tissue cells, lymphocytes, plasma cells, neutrophils and
eosinophils. However, for our binary segmentation task,
we pooled these different cell types into a single class.
We split the dataset into training set, validation set and
test set, each consisting of 3842, 499, and 640 image-

mask pairs, respectively.

TNBC Triple Negative Breast Cancer (TNBC) dataset!'?,
consists of 50 images each of size 512 X 512 with a total
of 4022 annotated cells that include normal epithelial
and myoepithelial breast cells (localized in ducts and
lobules), invasive carcinomatous cells, fibroblasts,
endothelial cells, adipocytes, macrophages and
inflammatory cells (lymphocytes and plasmocytes). In our
binary segmentation study, we group these diverse cell
types together as a single foreground class. We divided
dataset into three subsets: training set, validation set and
test set, each containing 30, 10, and 10 image-mask
pairs, respectively. After splitting the data, we addressed
limitations of small dataset by applying data
augmentation techniques like random horizontal flip,

rotation and zoom, individually to each set.
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Cround-truth

First-stage

Difference

Ours

Fig. 3 Visual results of proposed refinement approach on TNBC dataset. Red indicates false positive pixels,
indicates false negative pixels and gray indicates true positive pixels. Fifth column - image obtained by
difference between the refinement (ours) output and First-stage output. Images in lines 1,2 and 3
are results from U-Net, Micro-Net, and U-Net++, respectively

3-2. Loss Function

During the training of both stages in the proposed

method, we employ binary cross-entropy (BCE) loss.

BCE(y;, p(;)) = —%Z(y,- log (p(3:))+(1—y;)log(1-p(¥;)))
’ (1)

We calculate pixel-wise binary cross-entropy loss between

actual pixel value y; and predicted pixel value p(y,).

Table 2 Comparison of evaluation metrics of segmentation
networks with and with- out the proposed method, trained

on TNBC dataset!"? (1 is proposed two-stage approach)

Precision Recall Dice IoU
U-Net 0.800 0.857 0.827 0.705
U-Net' 0.840 0.826 0.832 0.708
Micro-Net 0.759 0.828 0.789 0.653
Micro-Net' 0.807 0.805 0.804 0.673
U-Net++ 0.782 0.665 0.649 0.519
U-Net++' 0.801 0.703 0.721 0.577

3-3. Evaluation Metrics

To evaluate the performance of the proposed method, we

employ the commonly used metrics, including Precision,
Recall, Intersection over Union and Dice coefficient.
Precision reflects the quality of results, while recall
indicates the quantity of relevant items identified.
Intersection over Union (IOU) measures the ratio of
overlapping pixels to the total pixels in two compared
images, with a value ranging from O to 1, O indicates no
overlap, while 1 signifies complete overlap while the Dice
score shows how similar two binary images are, like
comparing a predicted mask to the actual mask. It is
calculated by taking twice the amount of overlap between
them and dividing by the total number of pixels in both
images. A score of 1 means they match perfectly, while O

means no overlap.

. )
Pr =— 2

ecision S 2)

__
Recall = —y 3)
Dice Score = 2z (4)

2:th+ fp+ fu

__

U= th+ o+ ©)
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Here, tp and t» denote the total counts of accurately
identified positive and negative cases. On the other hand,
fn and fp indicate the counts of incorrectly identified

negative and positive cases, respectively.

3-4. Implementation Details

As mentioned in the section 3.1, our proposed method is
trained on two different datasets. The RGB images were
first normalized to a scale of O to 1 before being fed to
the model. The entire network undergoes a two-stage
training process. After both parts of the network
converge, the entire network is fine-tuned in a single-

stage training session.

During first stage training, we first trained the encoder-
decoder network without the enhancement network. After
the encoder-decoder part converges, we freeze it and then
update the enhancement network. After the enhancement
part also converges, finally we fine-tune the whole

network together.

We use the Adam optimizer with a learning rate of
0.0001 and apply binary cross-entropy loss, mentioned in
section 3.2, during each training session. Additionally,
each training is facilitated by early stopping technique
which halts the training once the validation loss stops

improving.

RESULTS

Table 1 and Table 2 showcase the evaluation scores for

precision, recall, dice coefficient and IoU on Lizard and
TNBC dataset, respectively. The symbol f on a
segmentation network represents the combination of the
encoder-decoder network followed by the enhancement
network. In the tables, scores highlighted in blue indicate
improvements in metrics with the proposed method. In
each architecture, U-Net, Micro-Net and U-Net++, the
integration of the enhancement network leads to
improvements in at least three evaluation metrics. It can

be noticed that the Dice coefficient improved in each

case.
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Figures 2 and 3 provide a clear visual analysis of the
difference in the predictions of segmentation network
with and without the enhancement network for Lizard
and TNBC dataset respectively. The enhancements in the
evaluation scores presented in the tables are visually
reflected in Figure 2 and 3. The ‘Difference’ column is
derived by subtracting the images in the ‘First Stage
Prediction” column from those in the ‘Ours’ column.
White pixels in the images of the ‘Difference’ column
indicate instances where the proposed method success-
fully identifies complete cells or parts of cells that were
overlooked by the first stage network. It is important to
note that some white pixels in these images may also
result from false positive pixels generated by the
proposed method, although they are relatively few in

number.

CONCLUSION

Histopathological Images are complex in nature which

makes segmentation of cell nuclei a challenging task. In
this paper, we have proposed a method to integrate an
enhancement network atop widely used existing
segmentation networks. To showcase the generalizability
of the proposed method, we apply it to diverse datasets,
including Lizard and TNBC, across popular segmentation
architectures like U-Net, Micro-Net, and U-Net++. The
quantitative and qualitative results indicate that the
proposed method not only refines pixels along the cell
boundary but also segments cells that were initially
missed by the first stage network. In the future, we would
like to extend our experiments to encompass additional
datasets across other popular segmentation architectures
with the aim to improve the quality of output generated

by the enhancement network.
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