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Abstract— It is essential for flight safety to support pilot in flight 
from the ground by air traffic controllers with high reliable IT 
systems. But such IT system needs huge budget, long developing 
period, and lacks some flexibility. We developed AI system which 
automatically configure normal flight pattern by learning the 
daily flight data, then automatically configure abnormal flight 
pattern. It can operate independently of existing IT systems. 
With this system, outlier pattern will be flexibly identified, then 
you can effectively detect some outlier data with less costs. 

Keywords— anomaly detection, flight data, CARATS, machine 
learning) 

I. INTRODUCTION
It is essential for flight safety to support pilot from the ground 
staffs and ground systems. Currently, these support from the 
ground is being carried out by the well-trained air traffic 
controllers 24 hours a day 365 days a year, using various air 
traffic control information processing systems [1]. 
Although these IT systems have very high reliability and many 
functionalities, it is huge in scale and quite complicated so that 
it requires long period to develop. In addition, it cannot detect 
abnormal behavior unless it is pre-defined or pre-programmed 
it in advance. On the other hand, human can monitor with great 
flexibility and can detect anomalies which are not detected by 
such systems. But there are some differences in personal skills, 
and human errors such as oversight cannot be perfectly 
eliminated. 
In this study, we will try to develop a system which utilizes AI 
to learn flight data and detect abnormal pattern. It 
automatically learns normal flight data and detects abnormal 
flight patterns. It will complement the functions and roles of 
both humans and IT systems with great flexibility, then 
improves surveillance capabilities. 

II. ANOMALY DETECTION BY MACHINE
LEARNING 

A. Data for Machine Learning
We have utilized CARATS (Collaborative Actions for
Renovation of Air Traffic System) [2] Open Data as nominal
flight data for our machine learning.  It is the data sets
published by the MLIT (Ministry of Land, Infrastructure,
Transport and Tourism) Japan for R & D purpose and are used
by many researchers.[3] This data consists of both regular
airline flight data and weather data.

(a) Unprocessed data

(b) After linear interpolation
Fig.1 CARATS Open Data Example 

(April 20,2020 00: 00: 00 ~ 00: 59: 59 JST) 
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 However, since the data interval can be extremely large in 
time over ocean area (Fig.1 (a)), we linearly interpolate the 
data and use them so that the data interval becomes 1 second 
or less (Fig.1 (b)). 

B. Algorithm for Machine Learning
When performing abnormal detection in machine learning, 
there are mainly two ways in terms of the attributes of learning 
data you can use as described below. 

1) both normal and abnormal data sets with labels.

2) normal data set only.

In most cases, including our research, you can obtain and 
utilize only normal data. So, it is necessary to learn only from 
the normal data set then determine abnormalities. 
There are some methods for purpose including a method based 
on Support Vector Machine, a method based on a clustering, 
and a method based on the nearby distance.[4] 
Here, we select four types of algorithms that seems to be 
applicable for flight anomaly detection and applied them to 
CARATS Open Data. The selected algorithm names and the 
application results are shown in table.1. 

Table.1 Results of four Machine Learning Algorithm. 
Name of 
algorithm 

Outline Judgment result 

One Class 
SVM [5] 

Abnormal 
judgment 
algorithm based 
on support vector 
machine. 

Overall abnormal 
judgment is possible to 
some extent. But it is not 
suitable for the judgment 
of the flight data which 
includes the long and 
parallel shape. 

Isolation 
Forest [6] 

An algorithm 
that detects an 
isolated value 
using a 
determined tree. 

Same as above. In addition, 
the area range determined 
to be normal tends to 
spread further than One 
Class SVM. 

Local 
Outlier 
Factor [7] 

An algorithm 
that determines 
outlier from the 
density of local 
data, not overall 
distribution. 

It shows relatively good 
characteristics, but you 
need to be careful when 
applying, because the result 
is strongly affected by the 
density of the  
data. 

K Nearest 
Neighbors 
[4] 

It detects outliers 
from the number 
of nearby data, 
not from overall 
distribution. 

A good judgment is 
obtained, and it doesn’t 
affect too much against 
density changes in learning 
data. In addition, 
adjustment of the 
parameters is 
straightforward and easy. 

Fig.2, Fig.3, Fig4, and Fig5 shows the normal and abnormal 
area judgement diagram based on the results of learning flight 
data by using each four algorithms. The green area shows the 
region which is judged to be normal, and the red area shows 
the region which is judged to be abnormal. The main 
parameters set for four machine learning algorithms are shown 
in table.2. 
By adjusting the parameters on each algorithm, the 
characteristic and shape of the area shown in Fig.2, Fig.3, Fig4, 
and Fig5 changed to some degree, but there were no major 
changes in the tendency shown in Table.1. 

Fig.2 Area Judgment by One Class SVM 

Fig.3 Area Judgment by Isolation Forest 
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Fig.4 Area Judgment by Local Outlier Factor 

Fig.5 Area Judgment by K Nearest Neighbors 

C. Evaluation of each algorithm for regional judgment
Both One Class SVM and Isolation Forest are not suitable for
this decision because the shape of the boundary between the
normal area and abnormal areas are not desirable. Further it is
difficult to predict and/or control the border shape from the
main parameters in advance.  Local Outlier Factor changes the
shape of normal area depending on the density of the learning
data, so care must be taken when using it for this judgment.
On the other hand, K Nearest Neighbors has a desirable
characteristic because the shape of the normal area is like the
flight pattern.  Furthermore, it is ideal for this judgment
because it is not greatly affected by the density of the learning
data, and you can directly control the width of the normal area
by adjusting the main parameters.

Table.2 Main parameters for four Machine Learning 
Name of algorithm Main parameters 

One Class SVM 
kernel = RBF 

nu = 0.1 / gamma = 0.1 

Isolation Forest 
n_estimators = 100 

contamination = 0.1 

Local Outlier Factor 
n_neighbors = 200 

contamination = 0.0027(3σ) 

K Nearest Neighbors 
n_neighbors = 5 

radius = 0.5 

III. COST PERFORMANCE S
The main ground IT-Systems are TAPS for around airport, 
TEPS for enroute, and TOPS for ocean area.[1] The estimated 
cost for these IT-Systems exceeds about 23.8 billion yen for 10 
years from 2015. [8][9][10] On the other hand, this system can 
be configured using only one standard PC and open-source 
software, The cost of this functionality is extremely small. 

IV. CONCLUSION S
Since regular airline flights goes almost the same pattern, it is 
considered possible to automatically judge the abnormal flight 
data, by comparing data at the same time on the previous day 
or on the previous week and detecting the deviation from there. 
In this study, it was up to the two-dimensional area decision 
between normal region and abnormal areas by using machine 
learning.  But in the future, we will try to perform outlier 
detection by using ADS-B broadcast message receiving from 
aircraft by using K Nearest Neighbors, which were optimal for 
our machine learning, then try to three-dimensional machine 
learning including altitude. 
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Abstract 
Stink bugs are pests that damage crops such as soybeans, cruciferous vegetables, and eggplant. When 
fruit is sucked by stink bugs, the fruit may deform and fall. In addition, it occurs new leaves, stem 
bending, and perforation of leaves. Damage to beans and fruit trees occurs every year. Farmers are 
therefore uncomfortable with stink bugs, and there is a need for early detection of damage caused by 
stink bugs and early countermeasures. In this study, a pattern recognition model was generated using 
YOLOv5, a type of deep learning software, and successfully detected stink bugs individually by 
pesticide spraying robot. Once the robot recognizes the target pest, it sprays chemicals and tries to 
prevent damage caused by stink bugs. 
 
Keywords: pattern recognition, pesticide spraying robot, stink bug, YOLOv5 
 

1. Introduction 
Stink bugs are known as pests that cause damage to various crops such as beans, Brassicaceae, and 
eggplant [1-4]. In case of fruit is sucked by the stink bug, the fruit deform the shape and may even fall 
off. According to the aggregated data from Ministry of Agriculture in Japan, Forestry and Fisheries, 
a total of 35 prefectures have issued stink bug advisories for farmers by the end of August 2022, and 
the damage is spreading widely [5]. Furthermore, damage to crops caused by stink bugs is out of 
Japan, where they breed and spread by mixing with overseas exports. It causes extensive damage to 
crop in exporting countries. New Zealand and Australia have introduced new import quarantine 
measures for vehicles and machinery exported from Japan as of September 1st, 2018, imposing 
seasonal pest inspections on Japan [6]. It is necessary to develop a system to detect and eliminate 
stink bugs attached to crops and machinery products to be exported. 
In this study, we attempted to develop an automated and efficient stink bug detection system and a 
chemical spraying robot by using YOLOv5 to learn the antenna, head, abdomen, and legs of stink 
bugs, which are pests of agricultural products, and to create a recognition model to detect stink bugs 
[7,8]. 
 

2. Detect pests using YOLOv5 
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It is desirable to be able to detect stink bugs not only on the surface of fruits and leaves of crops, also 
on the antenna, head, abdomen, and legs of stink bugs since they are often in the shade or only a part 
of the stink bug body is exposed. We used YOLOv5, an object detection technique, to detect stink 
bugs by classifying them into classes according to their parts. For training, we prepared 100 images 
of stink bugs attached to mandarin leaves, and each image was annotated with a stink bug, a fig leaf 
stink bug, and a red-throated stink bug using Labellimg (Figure 1). 
 

 

 

Figure 1. Labeling of brown marmorated stink bug 
 

As mentioned above, stink bugs are often found attached to the underside of leaves or exposed some 
part of their body, so images of stink bugs were classified according to each part of the body, as 
shown in Table 1. Forelegs, mid-legs, and hind legs were not treated here; all were treated as "legs". 
These labeled data were trained with 250 epochs and 4 batches to generate a recognition model that 
detects the species name from each region of the stink bug. Japanese names are used for clarity in 
research. 
 

Table 1 Class name of each part of stinkbug's body 
 antenna leg head abdomen 

Halyomorpha 
halys 

kusagi_antenna kusagi_leg kusagi_head kusagi_ 
abdomen 

Piezodorus 
hybneri 

ichimonji_antenna ichimonji_leg ichimonji_head ichimonji_ 
abdomen 

Poecilocoris 
Lewisii 

akasujikin 
_ antenna 

akasujikin 
_ leg 

akasujikin 
_head 

akasujikin 
_ abdomen 

 
Figure 2 is a photograph taken by the robot's CCD camera from the front of a Piezodorus hybneri 
attached to a mandarin orange branch. Figure 3 shows an example of the detection in Figure 2. The 
"1 1 1 0" in " ichimonji_kamemushi:1 1 1 0 : 3" at the top of Figure 3 represents, from left to right, 

46



129 

"the number of antennae of the recognized Piezodorus hybneri","the number of legs of the 
recognized Piezodorus hybneri,","the number of heads of the recognized Piezodorus hybneri," and 
"the number of abdomens of the recognized Piezodorus hybneri. The "3" in the last ": 3" represents 
the total number of each part of the stink bug recognized. The detected class names of the head and 
antennae indicate that the stink bug is very likely to be a stink bug. 
 

 

Figure 2. A Piezodorus hybneri taken from the front 

 

 
Figure 3. Pattern recognition of a Piezodorus hybneri taken from the front 

 
Figures 4 and 5 show a side view of a stink bug and an example of detection, respectively. The stink 
bug can be detected when photographed from any direction, and the species name of the stink bug 
can be identified even when part of the stink bug's body is hidden by leaves. 
 

47帝京大学自動車技術センター年報 第 3 巻



130 

 
Figure 4. Piezodorus hybneri observed from the side 

 

 
Figure 5. Pattern recognition of a Piezodorus hybneri taken from the side 

 
Figure 6 shows the developed chemical spraying robot [9,10]. A CCD camera mounted on the 
chemical spray robot takes pictures of crops and sprays chemicals. If stink bugs are attached to the 
crops. The spraying status of the chemical was visually observed, and it was confirmed that the 
chemical was sprayed on the stink bug and surrounding crops when the stink bug or other insects 
were detected. 
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Figure 6. Developed pesticide spraying robot 

 
3. Discussion 

Study of Binarize stink bugs to identify by size, shape, and other characteristics can monitor the 
presence and distribution of pests in real time. Furthermore, once set up, image processing and 
machine learning models can be used continuously and cost-effectively for effective pest 
management. However, low image quality and resolution from binarization can result in missing 
information. This can reduce the accuracy of shape and size, also affect identification accuracy. In 
addition, even within the same species of stink bugs, there is variation in shape among individuals. 
Therefore, a method of identification using five characteristics such as shape and size has been 
adopted. However, stink bugs are usually exposed not only on the surface of fruits and leaves, but 
also in shaded areas or only in some parts, and conventional methods can only detect the entire stink 
bug. To increase the chances of detecting stink bugs, it is necessary to identify stink bugs by parts. 
In this study, using YOLOv5 to achieve fast and efficient site-specific detection of stink bugs. 
Furthermore, it able to reduce the amount of chemicals to use stink bugs when the robot detects and 
spray. When stink bugs were detected, farmers were able to know the status of their crops and the 
appearance of stink bugs in real time from their homes without having to go to distant greenhouses 
via screen displays and voice notification functions. This research can make a significant 
contribution to the problems of Japanese agriculture, which is facing an aging population and a 
decrease in the number of workers, by utilizing AI to automate and save labor. 
 

4. Conclusion 
Create a recognition model by using YOLOv5. The robot learned the head, abdomen, and legs of 
stink bugs, which are pests of agricultural crops. Furthermore, we developed a robot that can spray 
chemicals when it detects a target stink bug attached to a crop and can exterminate the bug. Since the 
damage to crops caused by stink bugs is not only Japan, but also spreads overseas, we will continue 
to develop a system to detect and eliminate stink bugs attached to crops and machinery products to 
be exported. 
Finally, we would like to express our deepest gratitude to Mr. Shunsuke Ohgane of JA Utsunomiya 

49帝京大学自動車技術センター年報 第 3 巻



132 

Eastern Fruit Sorting Station, Abe Orchard, and Isao Akutsu of Akutsu Farm for their cooperation in 
this research. We also thank Ms. Tomoyo Ogawa and Mr. Naoya Oide of Teikyo University 
Utsunomiya Campus for capturing stink bugs and providing them as research materials. 
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Abstract 
Stink bugs are known as pests that cause damage to various crops such as pears, peaches, beans, etc. 
When fruit parts are sucked by stink bugs, the fruit is deformed and sometimes dropped. The damage 
caused by stink bugs to agricultural products is out of Japan, where they breed and spread by mixing 
with overseas exports. It causes extensive damage to crop in exporting countries, causing extensive 
damage to agricultural products in the countries to which they are exported. Using object detection 
technology attempting to develop a system that automatically patrols farmland and detects crop pests. 
When a stink bug is detected, the image, time, and the number of stink bugs are sent as a text 
message to the user's smartphone or other terminal using Chatbot.  
 
Keywords: object detection, pattern recognition, stink bug, YOLOv8 
 

Introduction 
Stink bugs are known to cause damage to various crops such as pears, peaches, and beans [1-4], and 
when fruit sucked by stink bugs, the fruit can become deformed and even dropped. According to an 
aggregate data by the Ministry of Agriculture, Forestry and Fisheries (MAFF) in 2022, a total of 35 
prefecture. Japan had issued stink bug warnings for farmers by the end of August, but damage is still 
expanding [5]. Furthermore, damage to crops caused by stink bugs is out of Japan, where they breed 
and spread by mixing with overseas exports. It causes extensive damage to crop in exporting 
countries. New Zealand and Australia adopted new import quarantine equipment to check vehicles 
and machinery exported from Japan to imposing seasonal pest inspections in September 2018[6]. 
There is a demand for the development of a system to detect and eliminate stink bugs on machinery 
products to be exported and agricultural crops. In addition, farmers need to regularly visit their farms 
to detect pests and spray pesticides at an early detection and improve the product value of 
agricultural products. 
In this study, we attempted to develop a system that automatically patrols farmland and detects crop 
pests using object detection technology. 
 

Damage caused by stink bugs to fruit trees 
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Pears, apples, peaches, and other fruit trees sucked by stink bugs cause discoloration and 
deformation of the fruit. It leads to decline the value of the product. Pears sucked by stink bugs have 
small uneven deformations (Figure 1), and as shown in the cross-section of the sucking area in 
Figure 2. The deformed area is more than 5 mm in diameter and farmer has to disposal, which is a 
serious damage to farmers. 
 

       

Figure 1. Sucking marks of stink bugs 
 

 

Figure 2. Cross section of a stink bug sucking scar 
 

Stink bug detection methods and notification 
3.1 Summary of Detection Methods 
The model was trained to detect stink bugs on pears by YOLOv8. The training data consisted of 
about 150 images taken in the pear orchard and about 400 images of stink bugs taken in the 
laboratory. Therefore, the Raspberry Pi was used to control the robot and send images and detect 
stink bugs from the camera to PC using MJPG-Streamer. 
 
3.2 Configuration of stink bug detection system  
This system detects stink bug based on images from a camera mounted on a farmland patrol robot [7-9] 
and notifies the user of the results using a LINE Bot. LINE Bot is chat bot of SNS called LINE. As 
shown in Figure 3, the video from the camera connected to the Raspberry Pi is distributed via the PC 
using MJPG-Streamer and received by OpenCV. The image or video of the inference result is 
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uploaded to Google Drive using YOLOv8, and the file URL on Google Drive is obtained by a 
Webhook server built on Google Cloud, and then the LINE Bot is activated, and the user is notified. 
 

 
Figure 3. Diagram of the stink bug detection system 

 
3.3 Pretreatment and notification of stink bug detection 
Detecting small objects is generally difficult. In the past, when attempting to detect stink bugs, leaves, 
and branches of plants in the background were mistakenly detected as stink bugs, and the stink bugs 
themselves were sometimes not detected. To address this problem, we restrict the detection to fruit 
area. The reason is that the fruit part is close to a monochromatic color, so it is easy to extract the 
features of the detection target, and the possibility of false detection is low. 
Figure 4 shows an example of the image and text message sent to the user when a stink bug is 
detected. When a stink bug is detected, the information of image, time, and the number of stink bugs 
are sent to the farmer's smartphone or other terminal as a text message. 
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Figure 4. Example of stink bug detection notification to user 

 
4. Discussion 

In order to prevent damage caused by stink bugs, which are a major enemy of crops, research is 
being conducted to eliminate stink bugs and prevent damage to crops [10-11]. Table 1 lists research 
methods and their advantages and disadvantages. In addition, the research using fungal and bacterial 
strains, various pheromones can efficiently attract and eliminate stink bugs but may attract other 
pests. They affect the ecosystem of the subject area. 
Both methods of attracting and capturing stink bugs have their drawbacks, and different countries 
applies different ways. The stink bug detection and eradication system employed in this study 
focuses on the early detection of stink bugs attached to crops. Leaves and branches of crops are often 
mistakenly detected as stink bugs but can’t detect pests. So the detection was confine to fruit parts. 
This is because the fruit is close to a monochromatic color, making it easy to extract the features of 
the detection target and reducing the possibility of false positives. The system identifies the area 
where stink bugs are detected and sprays chemicals around the area to exterminate. The advantage of 
this system is that the amount of chemicals used can be significantly reduced compared to the case 
where chemicals are sprayed for pest control on a constant or regular basis. 
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Table 1   Advantages and disadvantages of research methods for each paper 
Research Interests advantage disadvantage 

Utilizing fungal and bacterial 
strains to control stink bugs 

Reduction of 
resistance 
Eco-Friendly 

Affects plants and 
other organisms 

Various pheromones are used 
to attract and control stink 
bugs 

Eco-Friendly 
Reduction of 
resistance 

Attracts 
non-inducement 
targets 
Changing local 
ecosystems 

Increasing crop resistance 
and preventing damage 

Decrease using 
pesticides 
Preventing the spread 
of pests 
saving resources  

Collapse of 
Resistance 
High resources and 
costs 

Vibration-based behavior 
control and pest management 
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Furthermore, as shown in Figure 4, when a stink bug is detected, an image and text message are sent 
to the user, and the date, time of the detection, and the number of stink bugs detected are sent to the 
farmer's smartphone or other terminal as a text message, so that the farmer can perform 
extermination appropriately according to the stink bug occurrence situation.  
Farmers would be relieved of the arduous task of patrolling under sun and regularly patrolling vast 
tracts of farmland, which would greatly reduce the need for patrols. With the aging of farmers 
worldwide, automatic AI-based detection of crop pests will not only increase the value of crops as a 
commodity, but also improve the working conditions and health of farmers. Farmers can know farm 
conditions from the comfort of their homes while performing other tasks and it possible to promote 
to attract agricultural industry. 
 

5.  Conclusion 
When a stink bug is detected using YOLOv8, an image and text message are sent to the user, the 
farmer automatically, the image, time and the number of stink bugs are notified to the farmer's 
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smartphone or other terminal as a text message. In the future, we plan to improve processing speed 
of system. We would like to thank Mr. Shunsuke Ogane of JA Utsunomiya Eastern Selection Station, 
Abe Orchard, and Akutsu Farm for their cooperation in this research. 
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Abstract 
Teikyo University's Department of Information Electronic Engineering students develop new 
products that enrich our lives through a robotics and mechatronics curriculum. Some of the products 
have won the President's Award eight times in the Invention and Ingenuity Division of the Invention 
and Ingenuity Contest hold by the Japan Society for Industrial Technology Education (JSTE). The 
invented stroller recognizes Braille blocks by using a color sensor and camera to analyze image. If 
stroller recognize a Braille block is identified while the stroller's hands are off the handlebars, an 
audible warning alerts the user to the danger and the brakes are applied at the same time. We also 
devised an anti-lost-and-found device that uses distance and weight sensors to alert the user if he or 
she forgets an item in a private toilet room. It is a device that alerts the user to the presence of 
forgotten items by means of light and sound. 
 
Keywords: project-based learning, invention and ingenuity contest, mechatronics, robotics 
 

1. Introduction 
Active learning has been incorporated into university education in recent years, irrespective of the 
department [1]. PBL (Project-based Learning) is a learning method that aims to help students acquire 
the qualities and abilities necessary to solve problems through the process of problem solving. 
Unlike SBL (Subject-based Learning), which is a teacher-led class, students can find problems and 
learn by themselves. PBL is originated in medical education and "often involves learning to solve 
problems that are currently occurring in the present situation," whereas PBL originated in 
engineering education and "often involves learning to solve social problems for the future. These are 
some of the differences between the two types of learning [2]. 
Problem-solving classes specializing in nurturing embedded systems engineers are taught in the 
curriculum of electronics course of the Department of Information and Electronic Engineering, 
Teikyo university [3,4,5]. In classes, students work together on creating a product using 
microcomputers such as Arduino and having a presentation [5]. Some products have been submitted 
to a contest: the creation world of technology education in department of invention and Contrivance 
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in Invention and Contrivance Contest hold by the Japan Society of  Technology Education(JSTE). 
As a result, the students made achievements: winning first prize in the contest eight times [6]. In this 
paper, mention about the apply and achievement of creatively education through PBL. 
 

2. The apply and achievement of creativity education 
2.1 Technical education at Teikyo university 
Table 1 shows examples of classes on robotics and mechatronics course. First-year students learn the 
basics of programming and designing and making an autonomous robot, and they also enter 
programming contests. Students will take basic experiments starting from the second year to raise 
their expertise. In 3rd year, classes specializing in nurturing embedded systems engineers and 
developing problem-solving skills are taught through previous experiments. 
 

Table 1: The curriculum about electronic control 
Term Course Title (content) 

1st year Programming 1 2 (Processing) 
Project Exercises (Line trace) 

 
2nd year 

Laboratory in Fundamental Engineering  
(How to use measuring instruments and measurement of AC voltage, 

phase, and frequency) 
Basic Electronics Experiment 

 (Design of electronic circuits system) 
 

3rd year 
Electronics Experiment 1 2 

 (Application of microcomputer such as Arduino 
and utilization of ESP32) 

Robotics and Mechatronics Experiment 
 (Design of electronic circuits system) 

 
For Practical of microcomputer in Electronics Experiment 1 2, a ray gun using LEDs and 
photodiodes and experiments using Arduino are carried out. Furthermore, in Robotics and 
Mechatronics Experiments, around 3 students work together on creating a product using 
microcomputers such as Arduino and ESP32 and having a presentation. 
 
2.2 Experiments of problem-solving  
In 2nd year, the knowledge and the techniques that will be needed in the future are acquired, and 
reconfirming what they have learned from previous lectures through the fundamental experiments 
(Fig. 1). Students work on the given experimental problem, and the students work together on 
checking the operation of the electronic circuits and programming. Each student evaluates what they 
have learned.  
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(a)Electro circuits with the oscilloscope                 (b) Arduino 

Fig. 1: Operation check of electronic circuits 
 
In the 3rd year experiment, students spontaneously decide which electronic elements and electronic 
circuits to use and program the system. By making use of the knowledge and the techniques that 
students acquired, they create a product by trial and error. At the end of the experiment, the product 
is evaluated not only by the teacher but also by students for a better quality. 
 

3 The examples of the achievement of creativity education 
By utilizing the knowledge and techniques learned from 1st year to 3rd year, A CCD camera and a 
color sensor were attached to a stroller, and a system was the emergency stop function using 
solenoids works when braille was detected. These products were applied to the 10th and 11th 
Invention and Contrivance Contest.  
We devised an anti-lost-and-found device that uses a distance sensor and a weight sensor to alert the 
user when an object is left in restroom stall. We developed a device that alerts the user with light and 
sound when a person leaves an object placed on the device. As a result, the students won the first 
prize in the contest eight times. 
 
3.1 Title of the product: Stroller equipped with emergency stop 
There have been 14 stroller accidents at railway platforms and bus stops within 5 years between 2011 
to 2015. A CCD camera and a color sensor were attached to a stroller, and the system was the 
emergency stop function using solenoids works when braille was detected (Fig. 2). The 
characteristics are shown as follows [5]. 
 
Characteristics 1 The system can lock the rear wheels completely by using the solenoids 
Characteristics 2 The system can Detect braille by using the color sensor and the CCD camera 
When the CCD camera and the color sensor detect braille, solenoid cores are inserted between the 
spokes on the rear wheels to stop the stroller. 
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Characteristics 3 It is not necessary to hold the brake releasing lever by using the illuminance 
sensor 
By attaching the illuminance sensor to the handlebar, the users do not need to keep holding the brake 
releasing lever. However, reliability is greatly impaired on black dirty braille. 
 

 
Fig. 2: The function of the stroller 

 

Fig. 3: The color sensor and the solenoids     Fig. 4: Arduino and the electronic circuit 
 
3.2 Title of the product: Lost-and-found device using light and sound 
The number of forgotten items in Tokyo in 2023 is about 4.09 million [7]. To reduce the number of 
forgotten items in restroom stall, we have developed a device to prevent forgotten items by alerting 
the user. A weight sensor is used to determine if an object is placed on the device, and a distance 
sensor is used to detect a person. When a person leaves from the device with an object placed on it, 
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the system notifies the user with light and sound (Fig. 5,6). The characteristics are shown as follows. 
 

     
Fig. 5: Internal structure of the developed product  Fig. 6: Lost-and-found device in operation 
 
Characteristics 1 Enables detection of thin and light objects 
Conventional products used infrared sensors, which made it difficult to detect objects thinner than 
about 10 mm, but the use of a weight sensor solved this problem. 
Characteristics 2 Compact enough to be installed in any location 
Can be powered by commercially available 9V batteries and can be installed in existing public and 
commercial facilities. 
Characteristics 3 Alerts users with light and sound 
When an object is placed on the device, an LED light will turn on to attract the user's attention. When 
the user moves away from the device, a sound alerts the user. 
 

4. Conclusions 
Project based learning classes specializing in nurturing embedded systems engineers are taught in the 
curriculum of electronics course of the Department of Information and Electronic Engineering, in 
Teikyo university. The main results obtained from this paper are as follows. 
 
1) Through the curriculum on electronic control from 1st year, the technics and the ability for making 
new products, and great achievements can be obtained in contests such as invention devised contests. 
2) Through Project based learning classes, the ability to do trial and error and work together on 
creating a product are cultivated. 
 
In the future, we intend to conduct further awareness-raising campaigns to motivate students to 
participate in contests that enable them to demonstrate their own abilities, and to enhance their ideas, 
ingenuity, and other skills that are applicable to society. 
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自動車技術センター年報 第 3 巻をお読みいただきありがとうございます。
2024 年度も多くの方々からのご協力をいただきながら、様々な活動を行うことが

できました。この場を借りて感謝申し上げます。今年度は新たな試みとして実習形
式のセンター主催セミナーを実施しました。日帰り講習でしたが内容を凝縮して濃
いコンテンツをお届けできたのではないかと思います。課題も見つかりましたので
次回以降の開催に向けて改善して、より良いセミナーにしたいです！

最後になりますが、本書発刊に際してご協力いただいた皆様にお礼を申し上げま
す。そして今後ともよろしくお願いいたします。
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