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会期： 2024 年 2 月 15 日（木） 
形式： ハイブリッド形式 
    千葉大学西千葉キャンパスけやき会館 &  Zoom（※） 

※Zoom 接続情報はシンポジウム直前に参加者に別途メールでお知らせします。 
※Zoom connection information is emailed to participants before the symposium. 

 
口頭発表 
 ・1 件あたりの発表時間は 15 分（発表 10 分＋質疑 4 分＋予備 1 分）です。 
 ・発表はご自身の PC をプロジェクタに接続して行います。PC に HDMI 端子が必要です。 
必要に応じて変換コネクタなどをご持参ください。 

 ・現地設置の PC でも発表できるよう、念のため、プレゼンテーションのファイルをご準備ください。 
 ・ご自身の PC の準備が難しい場合は、事前に CEReS 共同利用研究推進委員会にご連絡ください。 
  CEReS 共同利用研究推進委員会： kyoudo@ceres.cr.chiba-u.ac.jp 
 ・発表前の休憩時間などに、PC とプロジェクタの接続確認を推奨します。 
 ・スライドは日本語でも英語でも構いません。 
 ・発表では powerpoint のレーザーポインター機能の利用を推奨します。ただ、現地のレーザーポイン

ターも使用できます。ただし、オンライン参加者には見えない点、ご留意ください。 
 
ポスター発表 
 ・ポスターボードのサイズは、900 mm（横） × 1800 mm（縦） です。 
 ・日本語でも英語でも構いません。 
 ・ポスターは終日の掲示を推奨します。 
 ・ポスターセッションのコアタイムはプログラムをご確認ください。 
 ・ポスターの固定に必要なピン等は CEReS 側で準備いたします。 
 
その他 
 ・進行は現地の状況を優先します。オンラインで不具合が生じた場合はご了承ください。 
 ・学内のセキュリティのため、会場での Wi-Fi の提供はできない見込みです。 
 ・発表後に発表資料をメールで収集し、資料集とさせていただく予定です。その際、資料集として公開

に適さない部分は削除していただいて構いません。発表で使った資料を 1 スライド 1 枚の PDF ファイ

ルでご提供ください。ポスターは PDF に変換した形でご提供ください。ご協力のほど、よろしくお願い

いたします。 
 ・懇親会参加費（5,000 円/人）はシンポジウム受付にて集金いたします。お釣りのないようにご準備い

ただくようお願いいたします。 
The participation fee for the social gathering will be collected at the symposium reception. 
Please have exact change (5,000 JPY) ready. 
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■February 15, 2024 (Thr) 
 
UTC     JST 
00:30   09:30 Welcome 
 服部克巳 (CEReS/Chiba-U) 
00:35   09:35 Logistics 
 入江仁士 (CEReS/Chiba-U) 

 
災害・マイクロ波リモートセンシング [Chair:  ヨサファット ＆ 柏原久人]  
00:40   09:40 Pre- and Co-seismic Ionospheric Disturbances of the 1 January 2024 Noto 

Peninsula M7.6 Earthquake 
 *Tiger Jann-Yenq Liu, Katsumi Hattori, Chia-Hung Chen, Chi-Yen Lin, Tie-Chi 

Liu, Yun-Cheng Wen, Fu-Yuan Chang, Chia-Wei Chang, Charles Chien-Hung 
Lin, and Yuh-Ing Chen 

00:55   09:55 [online] Pre-earthquake signatures associated with Turkey on February 6th, 
2023, revealed with the multi-parameter ground and space observation 

 *Dimitar Ouzounov, Sedat Inan, Pavel Kalenda, Sergey Pulinets, J.Y. Liu, 
Xuhui Shen, Rui Yan, Katsumi Hattori, Jana Rušajová, Menas C. Kafatos, and 
Patrick Taylor 

01:10   10:10 [online] Coastal Land Deformation of Palu City: City Above Two Continental 
Plate Subduction Zone 

 *M. Helmi, A. Hartoko, and Hariadi 
 
 
01:25   10:25                                                    (Break) 
 
 
陸域・炭素循環 [Chair:  市井和仁 ＆ 山本雄平]  
01:40   10:40 3 次元レーザーによる森林内空間の把握 
 加藤顕, 青柳寛太郎, 若林日菜, 早川裕弌, 蝦名益仁, 堤田成政, 笠井美青 

小倉拓郎 
01:55   10:55 UAV データ解析による巨大前方後円墳の周濠探査 
 *光本順, ライアン・ジョセフ, 清家章, 山口雄治, 久世宏明, 本郷千春 
02:10   11:10 気候モデル数値実験結果による衛星プロダクト導出アルゴリズムの検証        

―全球バイオマス量変動監視・解析に向けて（その５）― 
 *馬淵和雄, 曽山典子, 梶原康司, 本多嘉明 
02:25   11:25 [online] トップダウン・ボトムアップ手法による日本全国での樹木による炭素固定量の

原単位の推定 
 *平林聡, 加藤顕, 市井和仁 
02:40   11:40 [online] 航空レーザ測量データ（ALB）を活用した河道内樹木の解析 
 *周月霞, 戸田祐嗣 
02:55   11:55 [online] GMS/VISSR からの LST 推定のための AVHRR/LST データの整備 
 *森山雅雄 
 
 
03:10   12:10                                                    (Lunch) 
 
 
04:10   13:10                                        
         to                                                            Poster Core Time 
05:10   14:10 
 
 
05:15   14:15                                               Group Photo (@1st floor) 

 
 

onsite participants only 

please use your laptop PC for your talk. 
presentation: 10 min.    Q&A: 4 min. 

onsite participants only 



CEReS の新任教員の紹介 [Chair:  樋口篤志 ＆ 竹中栄晶]  
05:30   14:30 （TBD） 
 *岡﨑淳史 (CEReS/Chiba-U) 
05:45   14:45 （TBD） 
 *山本雄平 (CEReS/Chiba-U) 
 
大気・放射伝達 1 [Chair:  金子凌 ＆ 岡﨑淳史]  
06:00   15:00 [online] A hybrid cloud detection and cloud phase classification algorithm 

using classic threshold-based tests and extra randomized tree model 
 *Huazhe Shang, Husi Letu, Xu Ri, Wei Lesi, Laixiong Wu, Jiangqi Shao, 

Takashi M. Nagao, Takashi Y. Nakajima, Jérôme Riedi, Jie He, and Liangfu 
Chen 

06:15   15:15 [online] A precipitation estimation method by considering clouds 
microphysical parameters based on observations from geostationary 
satellite 

 Dabin Ji, *Husi Letu, Huazhe Shang, and Jiancheng Shi 
06:30   15:30 3D effects of surface inhomogeneity on radiance of ground- and satellite-

based observations 
 *Masahiro Momoi, Oleg Dubovik, Pavel Litvinov, and Christian Matar 
06:45   15:45 乱気流を伴うトランスバースバンドの特徴 
 *藤田友香, 渡来靖, 工藤淳 
 
 
07:00   16:00                                                    (Break) 
 
 
大気・放射伝達 2 [Chair:  齋藤尚子 ＆ Belikov Dmitry]  
07:15   16:15 中赤外スーパーコンティニューム光源を利用した大気中 CO2の計測 
 *染川智弘, 眞子直弘, 倉橋慎理, 松田晶平, 余語覚文, 椎名達雄, 久世宏明 
07:30   16:30 ゴビ砂漠におけるダスト消散係数－質量変換係数（MECF）の研究 
 *甲斐憲次, 河合慶, 神慶孝, 椎名達雄, E. Davaanyam 
07:45   16:45 [online] Classification of air pollution levels in urban areas using satellites 

imagery – low-cost GNSS and machine learning techniques 
 *Mokhamad Nur Cahyadi, Failaqul Haq, and Agus Budi Raharjo 
08:00   17:00 [online] Validation of satellite GOME-2(A/B/C), OMI, TROPOMI and GEMS 

NO2 and HCHO data with MAXDOAS data 
 *Gaia Pinardi, Hitoshi Irie, Steven Compernolle, Tijl Verhoelst, Isabelle De 

Smedt, Bavo Langerock, Jean-Christopher Lambert, and Michel Van 
Roozendael 

 
 
08:15   17:15 次年度の公募について 
 入江仁士 (CEReS/Chiba-U) 
08:20   17:20 閉会の挨拶 
 市井和仁 (CEReS/Chiba-U) 
 
09:30   18:30                                                
         to                                 Social Gathering @ エドモンド（ＪＲ千葉駅南口より徒歩約 7 分） 
11:30   20:30                     https://www.hotpepper.jp/strJ003625364/map/ 

                    
 

※懇親会参加費 5,000 円/人は、シンポジウム受付にて集金します。 
                     お釣りのないようにご準備いただくようお願いいたします。 

The participation fee for the social gathering will be collected 
at the symposium reception. Please have exact change ready. 

  

この案内の最後に掲載の地図を参照ください。 

(5,000 JPY) 

https://www.hotpepper.jp/strJ003625364/map/


 
■Poster 
 
P-01  Satellite Image based Disaster Damage Detection and Severity Analysis using Deep 

Convolutional and Generative Adversarial Neural Networks 
 *Tasnim Ahmed 
 
P-02  深層学習に用いる解像度と評価に用いる解像度の関係 
 *横山洋斗, 高橋徹 
 
P-03  レーダー雨量と衛星データを利用した豪雨検知ディープラーニングモデル 
 *金子凌, 坂内匠 
 
P-04  Sentinel-1 データを使用した機械学習による浸水被害領域抽出精度評価 
 *若林裕之, 五十嵐貴大 
 
P-05  ひまわり八号の海面温度による海洋熱波の高精度検出 
 *肖琦, 楊偉 
 
P-06  Monitoring active volcanoes by means geostationary satellite observations 
 *N. Genzano, A. Falconieri, K. Hattori, F. Marchese, N. Pergola, and V. Tramutoli 
 
P-07  ひまわり AHI データを用いた火山溶岩活動の監視：溶岩噴出前の地表面温度の時空間変動 
 *北出明嗣, 金子柊, 吉野千恵, 服部克巳 
 
P-08  ひまわり 8/9 号エアロゾルプロダクトを用いた陸域大気補正アルゴリズムの検討 
 *山本浩万, 入江 仁士 
 
P-09  Utilizing geostationary satellite data for ultra-short-term forecasting of solar 

irradiance by a multivariate Long-Short-Term Memory Recurrent Neural Network 
 *Nifat Sultana, and Narumasa Tsutsumida 
 
P-10  衛星リモートセンシングを用いたソーラーパネル検出アルゴリズムの検証・改善 
 *植田晴 
 
P-11  奈良盆地における全天日射量とエアロゾルの関係 
 門村芙実, 菊池咲也花, 田中伶奈, 横谷愛美李, *久慈誠 
 
P-12  地上光学観測による奈良と仙台のエアロゾルの比較 
 *菊池咲也花, 横谷愛美李, 田中伶奈, 門村芙実, 久慈誠 
 
P-13  IoT ネットワークを用いた局所的環境モニタリングシステムの開発 
 *佐藤祐輝, 小室信喜 
 
P-14  大気汚染常時監視局測定値の準リアルタイム更新・格子点化データ作成 
 *早崎将光, 入江仁士, 樋口篤志 
 
P-15  福岡都市圏における窒素酸化物の時空間不均質性 
 高島 久洋,  *乙部 直人 
 
P-16  上部対流圏の二酸化炭素変動について 
 *江口菜穂, 齋藤尚子 
 
P-17  3 次元森林空間情報と音情報の関係解析 
 *笠原真珠, 加藤顕, 澤田義人 
 

cancel 



 
P-18  森林内空間パターンと微気象との関係 
 *青柳寛太郎, 加藤顕, 中島史雄, 瀬戸口浩彰 
 
P-19  地上レーザーを用いた樹木の傾きと土塊の関係 
 *若林日菜 
 
P-20  Estimation of Canopy Clumping Index Using Himawari Satellite Land Surface 

Reflectance Data 
 *喬治, 楊偉 
 
P-21  静止気象衛星ひまわり 8 号画像における位置誤差検出手法の検討 
 *平間達也, 島﨑彦人, 山本雄平, 市井和仁 
 
P-22  気象衛星ひまわりの観測データを利用した GAN による風景画像の生成について 
 *宮﨑貴大 
 
P-23  シミュレーションモデルとリモートセンシングを用いた作物生産量推定法の検討 第 7 報 RGB

画像を用いた水稲収量推定ツールの農家圃場における試用 
 *鈴木遥夏，茨島有吾，田中佑，本郷千春，本間香貴 
 
P-24  衛星画像およびドローン画像を用いて推定した水稲圃場の生育ムラの差異の評価 
 *牧雅康, 本郷千春 
 
P-25  UAV 搭載を目指した分光イメージャーのデータ取得と評価方法について 
 *大前宏和, 三宅俊子, ヨサファット 

 
P-26  マイクロ波円偏波を用いた移動型リモートセンシング方式の研究 
 *瀧澤由美, 深澤敦司, Cahya Edi Santosa, Josaphat Tetuko Sri Sumantyo 

 
P-27  Cooley Tukey アルゴリズムの SIMD 並列化 
 *山崎進 
 
P-28  UAV 搭載 CP-SAR 画像処理システムの ZYBO ZYNQ-7020 への実装 
 *大塚祐生, 難波 一輝, Josaphat Tetuko Sri Sumantyo 
 
P-29  容量性円形平板アンテナを用いた LF 帯広帯域干渉計の開発と単素子で観測された LF 帯電

波の特徴 
 *太田悠一朗, 三浦健伸, 吉野千恵, 服部克巳, 今住則之 
 
P-30  FMCW 方式を用いた HF ドップラー観測システムの開発 
 *中田裕之, 細川敬祐, 藤本晶子, 野崎憲朗, 並木紀子, 坂井純, 冨澤一郎, 有澤豊志 

 
P-31  Web-GIS 型エネルギー・環境評価ツールを用いた ARIE/kLAB Japan モデルの紹介 
 *林希一郎, Stefano Balbi, 長島匠 
 
P-32  火星気象センサ開発に向けたフィールド試験 
 *乙部直人, 椎名達男, 千秋博紀, はしもとじょーじ, 岩山隆寛 
 
P-33  (TBD) 
 *Roxana Hoque 
 
 
 
 
 

cancel 



 
■Poster from CEReS/Chiba-U students and staffs 
 
P-xx  コロナ禍を含む長期連続観測による日本の大気境界層中の二酸化硫黄濃度変動の要因解明 
 *米谷颯太, 入江仁士 
 
P-xx  衛星画像を用いた湖沼の水生植物繁茂のモニタリングとメカニズムの解明 
 *小田理人、楊偉 
 
P-xx  Quantifying Anthropogenic Impacts on Global CO2: A Robust Isotopic Modeling 

Approach 
 * Uddalak CHAKRABORTY, Naoko SAITOH, Prabir PATRA, Dmitry BELIKOV, Naveen 

CHANDRA 
 
P-xx  Monitoring of Global Vegetation Phenology Using GCOM-C SGLI Satellite Data 
 * 張淋寧, 李夢禹, 楊偉 
 
P-xx  全偏波 UAV-SAR 用 X バンド円偏波マイクロストリップアレーアンテナの開発 
 * 柏原久人, Josaphat Tetuko Sri Sumantyo, 泉佑太, 伊藤公一, S. Gao, 難波一輝 
 
P-xx  アンサンブルデータ同化を用いた雨量計からの降水場復元 
 * 塩尻大也, 武藤裕花, 岡﨑淳史, 小槻峻司 
 
… more additional posters from CEReS/Chiba-U students and staffs - enjoy!!! 

 
  

ポスター番号は決めません。 
空いているスペースに掲示してください。 



 
 
 
 
 
 



 
 
 

 























Email : muhammadhelmi69@gmail.com; agushartoko.undip@gmail.com

Faculty of Fisheries and Marine Science

26th CEReS Environmental Remote Sensing. 
February 15th, 2024. CHIBA University Japan

1. Intruduction



55Eurasian Plate 30
Dynamics of the Tectonics Plate and the Formation of Celebes Island 

Eurasian Plate

Eurasian Plate

Hindia-Aurtralia 
Plate

Hindia-Aurtralia 
Plate

Pacific Plate Pacific Plate

Philiphine 
Plate

Philiphine 
Plate

Celebes Island is the 
location where dynamic 
tectonic plates meet each 
other among the Eurasian 
plate, Hindia-Australia, 
Philippine and Pacific 
plates.

1.1. Objective



1.2. Study Area
Palu City, Celebes Island, 
Indonesia
The Capital city of Central 
Sulawesi Province,
Area coverage around 
395 m2 at the Alluvial land
Total population 288,944 
people (Statistics Office, 
Palu City, 2023) 

Palu City

Indonesia 

2. Method
a. Data

b. Method



3. Result and Discussion

A

B

Alluvial Land above 
Palu-Koro Fault

Palu City

3. Result and Discussion



Areas Affected by Liquefaction due to the Earthquake on 18 Sept 2024

Areas Affected by Liquefaction due to the Earthquake on 18 Sept 2024



3. Result and Discussion

4. Conclusion
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GLCV1
Cn Class
0 Water
1 Evergreen Needleleaf Forest
2 Evergreen Broadleaf Forest
3 Deciduous Needleleaf Forest
4 Deciduous Broadleaf Forest
5 Mixed Forests
6 Closed Shrublands
7 Open Shrublands
8 Woody Savannas
9 Savannas
10 Grasslands
11 Permanent Wetlands
12 Croplands
13 Urban and Built-Up
14 Cropland/Natural Vegetation Mosaic
15 Snow and Ice
16 Barren or Sparsely Vegetated
17 Water Bodies
18 Tundra
20 Water





Sage, R. F., D. A. Wedin, and M. Li, 1999: The biogeography of C4 photosynthesis: patterns and controlling factors, 
313-373. In C4 Plant Biology (eds. R. F. Sage and R. K. Monson). Academic Press , San Diego, USA, 596 pp.

GLCV1  (72000, 36001) 0.005 =>  (1440, 721) 0.25



BAIM (192, 96) 1.875

Vegetation Map (Old) (192, 96) 1.875



Forest Service/The Davey Tree Expert Company
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42/15/2024

52/15/2024



62/15/2024

72/15/2024



82/15/2024

92/15/2024

•
•
•
•
•
•
•



102/15/2024

112/15/2024

    (kgC/m2/yr)



122/15/2024

    (kgC/m2/yr)

i-Tree EcoMODIS NPP

132/15/2024

    (kgC/m2/yr)

i-Tree EcoMODIS NPP



142/15/2024

i-Tree Eco

    (kgC/m2/yr)

MODIS NPP

152/15/2024

MODIS NPP i-Tree Eco

    (kgC/m2/yr)



162/15/2024

172/15/2024



182/15/2024

192/15/2024



202/15/2024

212/15/2024



GMS/VISSR LST
AVHRR/LST

15 Feb. 2024

Moriyama AVHRR LST

1. :

2.

3. NOAA/AVHRR

4.

5.

1



Moriyama AVHRR LST

LST as ECV

1. :

: :

2.

2

Moriyama AVHRR LST

I = τ(θ)Is + Ia(θ), Is = εB(Ts) + (1− ε)
F

π
• I:

• Ts:

• ε: ( )

• τ(θ):

• Ia(θ):

• F :

• τ(θ), Ia(θ), F : ( )

• Ts, ε: ( +1) →
AVHRR/CFLG, LST

GEO Brightness
temperature

AVHRR btightness
temperature

ERA5

GEO CFLG, 
Emissivity
estimation
algorithm

3



Moriyama AVHRR LST

LST

: T1, T2,

τ, Ia, F

: ε1, ε2, Ts

ε1

ε2

Ts

Split window 
plane

Solution curve 
from RTE

Solution

f1 = B−1
1 {τ1(θ)[ε1B1(Ts) + (1− ε1)

F1

π
] + Ia1(θ)} − T1 = 0

f2 = B−1
2 {τ2(θ)[ε2B2(Ts) + (1− ε2)

F2

π
] + Ia2(θ)} − T2 = 0

f3 = C0 + (C1 + r1C2)T1 + C3r1 + (C4 + r2C5)T2 + C6r2 − Ts = 0, (ri = 1− εi)
: Split window ( / )

⇓

J =
√

f2
1 + f2

2 + f2
3 → min. Ts, ε1, ε2

J ≤ 1[K]: , 1 < J ≤ 2[K]: , J > 2[K]: → QA

4

Moriyama AVHRR LST

(SGLI)

Profile: ECMWF 2000 Monthly

mean profile (averaged over 10

[deg.] latitude interval)

Surface temperature: Air
temperature at the surface

+ 0, 5, 10, 15, 20, 25, 30, 35[K]

ε̄: 0.95, 0.96, 0.97, 0.98, 0.99, 1
a: -0.5, 0.25, 0, 0.25, 0.5
Observation zenith: 0, 15, 30,

45, 60[deg.]

Observation error: 0.04[K]
(@300[K]) × 0, 1, 2, 3, 5, 10
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Moriyama AVHRR LST

RMS : 2.1[K]

6

Moriyama AVHRR LST

AVHRR CDR

• AVHRR GAC 0.05

/

(Channel 1, 2)

•
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Moriyama AVHRR LST

1981/07/26
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Moriyama AVHRR LST

AVHRR :

Profile: ECMWF 2000 Monthly

mean profile (averaged over 10

[deg.] latitude interval)

Surface temperature: Air
temperature at the surface

+ 0, 5, 10, 15, 20, 25, 30, 35[K]

ε̄: 0.95, 0.96, 0.97, 0.98, 0.99, 1
a: -0.5, 0.25, 0, 0.25, 0.5
Observation zenith: 0, 15, 30,

45, 60[deg.]

Observation error: 0[K]

ε̄ = 1
2(ε1 + ε2), a = ε1−ε2

2(1−ε̄)

I = τ(θ)[εB(Ts) + (1− ε)F/π] + Ia(θ)

τ(θ) = exp[−ξ(u)/ cos θ]

ξ(u) = AuB + C

Ia(θ) = ax2 + bx, x = [1− τ(θ)]B[T (0)]

F = αX2 + βX, X = [1− τ(0)]B[T (0)]

Split window

Ts = (C1 + C2r1)T1 + C3r1

+ (C4 + C5r2)T2 + C6r2 + C0

r1 = 1− ε1, r2 = 1− ε2

9



Moriyama AVHRR LST

Sensor T1 Bias[K] T1 RMS[K] T2 Bias[K] T2 RMS[K] Sensor T1 Bias[K] T1 RMS[K] T2 Bias[K] T2 RMS[K]

SGLI 0.249 0.429 -0.0694 0.325 NOAA11 -0.0380 0.295 -0.259 0.456

NOAA07 -0.00854 0.305 -0.529 0.652 NOAA14 0.00544 0.313 -0.314 0.509

NOAA09 -0.0386 0.294 -0.195 0.422 NOAA16 -0.142 0.322 -0.0242 0.453

10

Moriyama AVHRR LST

AVHRR/LST

RMS 2[K]
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Moriyama AVHRR LST

ERA5

• ECMWF

• 1940 ( )

• 0.25[deg.], 1[hour]

•
•
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Moriyama AVHRR LST

1981/12/25 NOAA07/LST
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Moriyama AVHRR LST

NOAA/07, 09, 11 LST
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Moriyama AVHRR LST
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Moriyama AVHRR LST
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Moriyama AVHRR LST

1. SGLI NOAA/AVHRR

2.

(

)
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同位体分別（平衡分別）

液相

気相

蒸発

相変化の際、偏りが生じる
→”同位体分別”

分別係数は気温に依存















https://www.data.jma.go.jp/mscweb/ja/general/himawari.html

Yamamoto et al. (2018, JMSJ)

Yamamoto and Ishikawa (2018, JMSJ)

Yamamoto et al. (2022, ISPRS)

ISS



Yamamoto et al. (2022, ISPRS)

Yamamoto and Ishikawa (2020, Urban Clim.)



Yamamoto et al. (2023, Remote Sens. Environ.)
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MECF

•

• Ansmann et al. 2012, 2019 Sugimoto et al.2003; Shimizu et 
al.2011

•

Kai et al., 2023

Kai, K., K. Kawai, K. Ohara, Y. Minamoto, Y. Jin, T. Maki, J. Noda, T. Shiina, and E. Davaanyam: Mass-
Extinction Conversion Factor (MECF) over the Gobi Desert by a Tethered-balloon-based OPC and a Ceilometer. 
SOLA, 19, 269-273, 2023.
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Classification of Air Pollution Levels in 
Urban Areas Using Satellites
Imagery and CORS GNSS and Machine 
Learning Techniques



Air Pollution

•
•
•
•
•

Overview

• Moisture content, particularly water vapor, significantly
influences how pollutants spread and react in the
atmosphere.

• Moisture, including water vapor, can be quantified using
GNSS (Global Navigation Satellite System) technology.

• GNSS analyzes delays in satellite signals as they
traverse the troposphere, allowing the measurement of
water vapor.

• Delays in GNSS signals involve two main components:
the dry component (ZHD) and the wet component
(ZWD) that results from the presence of water vapor in
the atmosphere.



Research Objectives
• Developing an Integrated Approach: Create a sophisticated and integrated method to

combine satellite imagery data (MODIS, Sentinel-5P, Himawari) with PWV data obtained from
Continuous Operating Reference Station Global Navigation Satellite System (CORS GNSS).

• Enhanced Air Quality Monitoring: This approach will significantly improve our ability to
monitor and classify air pollution.

• Utilizing Precise Machine Learning Techniques: Apply appropriate machine learning techniques
to process and analyze the integrated data effectively.

• Accurate Pollution Prediction: The goal is to generate accurate machine learning models that
can predict air pollution levels with a high degree of precision.

• Measuring Model Performance: Evaluate the performance of the developed machine learning
models using relevant evaluation metrics such as accuracy, precision, recall, and F1-Score.

Flow Chart



Remote Sensing Satellite
1.Sentinel-5p:

•Objective: Conduct global monitoring of air quality to understand atmospheric pollution.
•Main Instrument: Equipped with TROPOMI, a tool that can measure concentrations of 
nitrogen dioxide (NO2), carbon monoxide (CO), sulfur dioxide (SO2), and ozone (O3)..

2.MODIS:
•Objective: Used for remote sensing in climate studies and understanding atmospheric 
conditions.
•Main Instrument: MODIS produces Aerosol Optical Depth (AOD) data which provides 
information about the aerosol content in the atmosphere..

3.Himawari 8:
•Objective: Geostationary meteorological satellite focused on the Asia-Pacific region.
•Main Instrument: With the Advanced Himawari Imager (AHI) instrument, Himawari 8 
provides data on particulate matter (PM), including PM 2.5 and PM 10, for weather and 
atmosphere monitoring in the region.

Himawari 8 product level 4 datasets

PM 2.5

PM 10

File type NetCDF
Latest version Version Beta
Area Global
Temporal
resolution

1-hour (Level 4)

Spatial resolution Longitude 0.375 deg., Latitude 0.37147 to
0.37461 deg. (Gaussian) (Pixel number: 960,
Line number: 480)

Data Aerosol optical thickness at 550 nm (Sulfate, BC,
Organic Aerosol, Sea Salt, Dust), PM2.5 surface
conc., PM10 surface conc.



Sentinel 5p dan MODIS Product Datasets

CO

NO2 O3

SO2 AOD

Satellite Polution Google Earth Engine Catalog
Sentinel-5p CO COPERNICUS/S5P/OFFL/L3_CO
Sentinel-5p NO2 COPERNICUS/S5P/NRTI/L3_NO2
Sentinel-5p O3 COPERNICUS/S5P/OFFL/L3_O3
Sentinel-5p SO2 COPERNICUS/S5P/OFFL/L3_SO2
Modis AOD MODIS/061/MCD19A2_GRANULES

Data Interpolation for Missing Values
•

•

•

•
•



Data Interpolation Result

CORS GNSS Station

• Zenith Wet Delay (ZWD) is a parameter derived from Global
Navigation Satellite System (GNSS) data collected by CORS
(Continuously Operating Reference Station) stations, which are
typically part of national or regional GNSS networks.

• CORS GNSS stations are equipped with dual-frequency
receivers. They receive signals on two different frequencies (L1
and L2), which are affected differently by the atmosphere. By
comparing the signals on these two frequencies, it's possible to
separate the dry component of the delay from the wet
component.

• The ZWD calculation involves observing the residuals, or the
differences in signal travel time, on the L1 and L2 frequencies.
By analyzing these residuals, the wet component of the delay
can be determined.



GNSS Precipitable Water Vapor (PWV) Analysis

CORS GNSS PWV Result



Data Extraction and Correlation Analysis
Data Fusion Phase:
In this phase, processed satellite imagery data from Sentinel 5P and MODIS is aligned with the
observational points of CORS GNSS (CSBY).

Pixel Value Extraction:
Pixel values from the satellite images are extracted at the CORS GNSS observation stations.

ZWD Data Aggregation:
Simultaneously, the Zenith Wet Delay (ZWD) data from CORS GNSS is aggregated to obtain daily
averages. This ensures that it is compatible with daily satellite data.

Correlation Analysis:
The final step involves analyzing the correlation between the satellite imagery data and CORS
GNSS-derived ZWD.

Datasets on CORS CJKT Point



Correlation Analysis
CO NO2 O3 SO2 PM25 PM10 AOD Water 

Vapor
CO 1,000
NO2 0,402 1,000

O3 0,252 0,075 1,000

SO2 -0,002 0,005 -0,054 1,000

PM25 0,253 0,279 0,017 0,003 1,000

PM10 0,275 0,296 0,015 0,003 0,994 1,000

AOD 0,316 0,277 0,031 -0,011 0,251 0,260 1,000

Water 

Vapor -0,385 -0,329 -0,005 -0,062 -0,262 -0,291 -0,196 1,000

•
•

•

•



CO NO2 O3 SO2 PM25 Water 
vapor Caregory

0.033261 0.000168 0.126112 5.44068E-05 33.439 Medium
0.029858 7.13E-05 0.119236 0.000683666 20 33.344 Medium
0.030422 8.92E-05 0.120613 0.000203878 88.4 33.250 Medium
0.030986 8.17E-05 0.122962 -6.66607E-05 156.8 33.251 Good

0.040017 0.000197 0.122623 -0.000144743 398.75 33.252 Unhealth
y

Features (X) Labels (Y)

precision recall f1-support support

Good 0.83 0.91 0.42 242
Medium 0.78 0.59 0.86 232

Unhealthy 0.79 0.91 0.26 211

Model Training Result

Parameter Value

smote__k_neighbor [3, 5, 7]
rf__n_estimator [50, 100, 150]
Rf_max_depth [None, 5, 10, 15]

Hiperparameter

Training result in DKI Jakarta



precision recall f1-score support

Good 1.00 1.00 1.00 3
Medium 0.84 1.00 0.91 16
Unhealt

hy
0.00 0.00 0.00 3

Conclusion 

1. Accuracy in the training stage reached 80.17%, while in the testing stage it increased to 86.36%. This shows
that the model succeeded in generalizing well on the test data.

2. The model shows good performance in classifying the majority class 'GOOD' 1.00 and 'MEDIUM' 0.84, with
high precision and recall values in both datasets.

3. The 'UNHEALTHY' class shows unsatisfactory performance, as seen from the low precision values of 0.00
and recall of 0.00 at both training and testing stages.

4. Improving model performance, especially for the 'UNHEALTHY' class, is the main focus. Further evaluation
and model adjustments need to be carried out to improve the ability to recognize this class.



Validation of satellite NO2 and HCHO with 
MAXDOAS data - GOME-2(A/B/C), OMI, 

TROPOMI and GEMS 
Gaia Pinardi, Hitoshi Irie, 

Steven Compernolle, Tijl Verhoelst, Isabelle De Smedt, Bavo 
Langerock, Jean-Christopher Lambert, and Michel Van Roozendael 

And many data contributors:

The 26th CEReS Environmental Remote Sensing Symposium , 15 February 2024



can be measured by satellites and ground-based remote sensing in the UV-vis (DOAS technique)
Long datasets available (e.g.: GOME-2 on MetopA/B/C, 2007 to now, http://acsaf.org)
Recent satellites (TROPOMI/S5p, GEMS/GK2B): high spatial/temporal resolution

NO2 and HCHO
Both are central components of tropospheric chemistry: related to tropospheric ozone (link to air 
quality and climate change) and hydroxyl radical OH (main cleaning agent of our troposphere)

NO2 HCHO

GOME-2 daily coverage

~800km

100km

GEOstationnary orbit

Satellite instruments

• LEO: Heliosynchronous  
polar orbits

• Altitude: ~800 km

• 14 orbits/day

spectral coverage



Ground-based instruments

Lower
troposphere

stratosphere

Tropospheric 
measurements 
during the day

national networks in the past decade, growing n° of 
instruments and ongoing projects for harmonization

Total column 
measurements during 
the day, when sunny

FTIR network since ‘90 
(instruments in NDACC, 
HCHO prod. (Vigouroux et 
al., 2018; 2020))

DirectSun
FTIR, PGN

MAXDOAS 
NO2 & HCHO

H. Irie
PGN network 
(~2018) and few 
before (NASA +ESA) e.g.: Irie et al., 2008; 2009; 2011; 

2019; 2021; Damiani et al. 2022

profiles in the 0-4 
km altitude range 
with DOFS 
between 1.5 and 3



Use of MAXDOAS for satellite validation

Challenging aspects: 
Small-scale gradients in both time and space (4-D)

Rapid temporal variations: 

Horizontal gradients:
Spatial averaging effect on 
pixels size: 

OMI: 13x24 km²
SCIAMACHY: 60x30 km²

SCIAMACHY

SCIAMACHY
OMI

Comparison method:

Typically: select satellite pixel(s) 
close to the site (/average within 
radius, eg for HCHO)

Average/interpolate  the 
MAXDOAS at the SAT overpass time

MAXDOAS: Several retrieval methods exists: geometrical
approximation, Optimal Estimation and parametrized profiling –

mostly focus on VCDtropo
DirectSun: Mostly harmonized instruments & retrievals (Pandora 

PGN & FTIR instruments– VCDtot)

NIDFORVAL 
S5PVT

Use same VAL approach 
at all the sites

ideally: harmonization 
within the sites/groups

Brinksma et al., 2008; Celarier et al. 2008

Use of MAXDOAS for satellite validation

NO2 HCHOe.g.: for GOME-2 
comparisons

Large effort on deployment & harmonization since the S5p launch



- Comparisons of NO2 and HCHO GOME-2 GDP 4.8 to MAXDOAS in Chiba:

NO2 HCHO

Validation illustration

MAXDOAS     
SAT

40x80km² 
~9h30LT overpass

Metop

Pinardi et al. 2020

- Comparisons of higher resolution satellites: TROPOMI and GEMS

NO2
HCHO

Validation illustration

MAXDOAS     
SAT

TROPOMI/Sentinel-5P GEMS/GK2B

Oct  2017 -> …
3.5x5.5km²

~13h30LT overpass

Feb 2020 -> …
3.5x8km²

hourly daytime



NO2 Validation results in Chiba

1UT, ~9LT

GEMS NO2 over-estimation is 
« atypical »; NIST confirmed 
residual problems into the 
current v2.0  GEMS L2 dataset 
for the stratospheric correction.

NO2

~9h30LT

~9h30LT

~13h30LT

~13h30LT

HCHO Validation results in Chiba

GEMS HCHO under-estimation 
is coherent with other satellite 
products.

HCHO

~9h30L

1UT, 
~9LT



HCHO Validation results in Chiba

GEMS HCHO under-estimation 
of the GB is also found with 
OMI and TROPOMI early 
afternoon products (~13h30LT).

Update of De Smedt et al., AMT 2021

HCHO

GEMS HCHO Validation summary

GMAP 2021

SIJAQ 2022

HCHO



>15x 
1015

<2 x1015

clean 
sites

Higly 
polluted

Update of Verhoelst et al., AMT 2021; ROCVRs (#21)

NO2 Validation overview

The NO2 comparison results strongly depend on the location of 
the station; GOME-2 smaller than GB

Partly due to the impact of local pollution sources, not 
adequately sampled at the coarse resolution of GOME-2 
(representativeness mismatch of the horizontal NO2 variability 
& dilution in 100km wide pixels)

NO2

Update of Pinardi et al., AMT 2020; ACSAF VR 2023

MAXDOAS 

The HCHO comparison results strongly 
depend on the location of the station:
- positive bias for clean stations (< 2.5 
Pmolec/cm2)
- negative bias for high emission 
stations (> 8 Pmolec/cm2)

HCHO Validation overview

<2,5 x1015

clean sites

>8x 1015

Higly polluted

HCHO

OMI QA4ECV

Vigouroux 2020; De Smedt et al 2021

GOME2: -50/-43/-35 %;
S5p: -30%

GOME2: 50/26/71 %;
S5p: +34%  

Pinardi et al. ACSAF VR 2023



Conclusions
Long-term validation of GOME-2, OMI, S5p, GEMS NO2 and HCHO columns using ~70 ground-based 
stations (FTIR, MAXDOAS and PGN):
- Importance of harmonized approach for validation to allow checking coherence among the satellites &

highlighting effect of station location:
• NO2: generally under-estimated by SAT (in part due to spatial inhomogeneities & representativeness

mismatch within large satellites pixels), except GEMS v2.0 that over-estimate ( prb!)
• HCHO: negative bias in polluted conditions (> 8 Pmolec/cm2) and positive bias for clean stations (< 2.5

Pmolec/cm2)
- A-SKY MAXDOAS data are key for the long-term monitoring and validation in Asia – link between

historical and recent sensors, such as GEMS.
- Future: the creation of NO2 and HCHO TCDR (ESA CCI+precursor project) for the improvement of the 

retrievals & better consistency between SAT instruments need for long-term validation work!
- Essential harmonization/homogeneity of the GB network(s) to use them as Fiducial Reference

Measurements FRM4DOAS: MAXDOAS centralized processing system (including profiles retrievals,
that are a key (unknown) assumption for the satellite retrievals) + PGN, FTIR networks ground-based
instruments intercomparison and synergy!

e

Thank you! Questions? gaia.pinardi@aeronomie.be





静静止気象衛星 「ひまわり」の海面温度による
海洋熱波の高精度検出

XIAO QI 1, YANG WEI 1, QIAO ZHI 1 (1.CHIBA UNIVERSITY)
Keywords：Marine Heatwave, Sea Surface Temperature, Himawari, NOAA OISST

【研究背景】

E-mail: Yvette9624@gmail.com
Yang lab., Center for Environmental Remote Sensing, Chiba University

Reference: 
[1] Hobday AJ, Alexander LV, Perkins SE, Smale DA, Straub SC, et al. 2016. A hierarchical approach to defining marine heatwaves. Prog. Oceanogr. 
141:227–38.
[2] OLIVER Eric C J，DONAT M G，BURROWS M T，et al. Longer and more frequent marine heatwaves over the past century[J]. Nature 
Communications，2018，9：1324.

• 開始日と終了日を持つ
• 連続して5日以上
• 海面温度（SST）が季節変動の90パーセンタイルを超える
• 2つの海洋熱波現象の間隔が3日未満の場合　→　単一の海洋熱波

海洋熱波ーー数日から数年にわたり急激に海水温が上昇する現象

❏ 被被害

▪ 漁業収入の損失。

▪ 海の食物連鎖網を破壊し、生物多様性を一変させてしまう。

▪ 2016年の海洋熱波後、サンゴ礁の大量死や変化が観察された。

❏ 現現状

▪ 海洋熱波の発生は20世紀中期以降、50％以上増加している。

▪ 海洋熱波の検出には主にNOAA OISSTを利用する。

NOAA OISST HIMAWARI SST

観測記録：
42年（1982-2023）

観測記録：
8.5年(2015.7-2024.1)

時間解像度：
0.5d/1回

時間解像度：
10min/1回

❏❏問題点
▪ 低時間解像度→
極端な温度変化を見逃し
▪ 持続的な曇り→
曇が多い地域で観測不能
▪ 平滑化→
検出結果の精密度が低い

❏❏利点
▪ 高時間解像度
→検出が精密的に可能
❏疑問
▪ 短期間の観測記録が十分
かどうか
（従来の研究は少なくとも20
年間のデータを利用する）

【【目的】
将来の海洋熱波予測に、より精度高いデータを提供するため、ひまわり 
SSTデータを利用して、2016年から2023年までの海洋熱波の高精度検出を
行い、その結果を分析する。

【研究方法】

𝑇90ሺ𝑗ሻ ൌ 𝑃90ሺ𝑋ሻ𝑤ℎ𝑒𝑟𝑒 𝑃90 𝑖𝑠 𝑡ℎ𝑒 90𝑡ℎ 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 𝑎𝑛𝑑 𝑃90ሺ𝑋ሻ 𝑤ℎ𝑒𝑟𝑒 𝑋 ൌ ሼ𝑇ሺ𝑦,𝑑ሻ|𝑦𝑠 ൑ 𝑦 ൑ 𝑦𝑒, 𝑗 െ 5 ൑ 𝑑 ൑ 𝑗 ൅ 5ሽ
❏ ひひまわり SSTデータによる海洋熱波の検出と分析

① 閾値の算出

② 時系列長さの評価

時系列の短縮で、時系列の長さが海洋熱波の検出に与える影響の評価

❏ NNOAA OISSTデータによる検出結果との比較

▪ 30年間のNOAA OISSTデータによる結果と比較される

▪ ひまわり八号のSSTデータは２５kmにリサンプリングする

▪ 比較する海洋熱波の特性ーー頻度

❏ 混混合層深度との関連性分析

【結果】

混合層に
エネルギーを貯蔵

淺化 より少ない
水量に蓄積

水温上昇

混合層の深さと海面温度の時系列グラフを作成し、海洋熱波が発生する期
間中の変化と関連性について分析します。

ひまわりが海洋熱波検出において信頼性が高いことを証明するために行う。

❏ ひひまわり SSTデータによる海洋熱波の検出と分析

❏ NNOAA OISSTデータによる検出結果との比較

❏ 混混合層深度との関連性分析

【結論】
▪ ２０１６ー２０２２年海洋熱波の発生は減少しました。その減少は、海面温度
と非常に強い関連性があります。

▪ 海洋熱波の発生はエルニーニョ/ラニーニャ現象の影響を受けている。

▪ 両方の結果により、重大な海洋熱波がほぼ同じ地域で検出されます。

▪ NOAA OISSTデータにより、２０１６ー２０２２年海洋熱波の減少を示してい
ますが、ひまわりでの結果ほど顕著ではない。

▪ NOAA OISSTの結果は、ひまわりの結果と比較して混合層深度との関連性
が低い。

▪ より短い年数のデータを使用しても、ひまわりでの検出結果は依然として
高い信頼性を持っている

(Hobday, A. et al.,2016)

(Eric C.J. et.al, 2018)

Fig.1.  Comparison between NOAA OISST & Himawari 
SST data.

Fig.2.  The difference between GEO 
satellites and LEO satellites.

Fig.3. The effects of time series length on the maximum intensity of focal MHWs from in-situ dataset in 2017 at 
#5200087.

Fig.4. The spatial distribution map showing the frequency of MHWs in 2016-2023 with
Himawari SST data.

Fig.5. The spatial distribution map showing the frequency of MHWs in 2016 with (a) Himawari SST data and (b) 
NOAA OISST. And (c) The pixel counts of MHWs frequency in 2016 comparing Himawari and NOAA OISST.

Fig.6. Time series of SST (black line) and mixed layer depth (purple line) for Himawari SST and NOAA OISST 
between January and December 2016 of one pixel in the study area. The red shaded areas represent the MHW periods.
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RST METHODOLOGY

The RST method ([6]) uses a local variation index, defined after processing satellite images in the
space-time domain named Absolutely Local Index of Change of the Environment (ALICE), to
detect thermal anomalies ([7]):

In equation (1), TMIR(x,y,t) is the brightness temperature measured in the MIR (Medium Infrared)
band at time t for each pixel (x,y) of analyzed satellite scenes. The terms μMIR(x,y) and σMIR(x,y)
represent the temporal mean and standard deviation calculated at the pixel level after processing
multiyear time series of homogeneous (i.e., same spectral channel/s; same month, same overpass
time), cloud-free satellite records and removing possible signal outliers (e.g., hot targets) by
means of the kσ clipping filter.

)1(
),(

),(),,(),,(
yx

yxtyxTtyx
MIR

MIRMIR
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The time series of the ALICE index computed over the Home Reef (Tonga)
area, in the period 9 September at 18:00 LT 10 September 2022 at 06:30
LT, shows that before the early morning of 10 September values of MIR
(x,y) < 2 mostly occurred (see blue bars). A first significant increment of
the index ( MIR (x,y) > 2.6) was recorded on 10 September at 03:40 LT (see
red bars and the MIR image, bright pixels, on the right) indicating the time
(2h after the eruption start) when the thermal anomaly at the Home Reef
became detectable by satellite through GOES-R ABI observations. Negative
values of the same index were observed in presence of clouds.
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Several studies have shown the important role that geostationary satellite sensors can play in the monitoring
of active volcanoes. Indeed, the geostationary attitude allows for a quasi-continuous observation of the
volcanically active regions on Earth, favoring the rapid detection and the early warning of new phase of
thermal unrest, as well as the effective monitoring of short-lived eruptive events. Among the geostationary
satellite sensors, SEVIRI (Spinning Enhanced Visible and Infrared Imager), onboard the European Meteosat
Second Generation (MSG) geostationary satellites, has largely been used to monitor thermal volcanic activity,
thanks to its channels, in the medium infrared (MIR) and thermal infrared (TIR) regions of the electromagnetic
spectrum, and temporal (i.e., a high frequency of observation, with refreshing time of 15 minutes) features,
despite the coarse spatial resolution (3 km at nadir) (e.g., [1]). The ABI (Advanced Baseline Imager) and AHI
(Advanced Himawari Imager) radiometers, respectively aboard the GOES-R [2] and Himawari-8 [3] satellites,
by providing data every 10 min, with a 2 km spatial resolution in the MIR and TIR bands, have further
increased the monitoring capabilities of active volcanoes from space (e.g., [4]; [5]).
In this study, we investigate the recent and intense volcanic eruption occurred at Home Reef (Tonga)
submarine volcanoes, which produced new island emerged from oceans. Specifically, we show the results
retrieved using GOES-R ABI data and by applying the well-known RST (Robust Satellite Techniques; [6]) multi-
temporal approach. The latter is an advanced scheme of satellite data analysis which was largely used to
detect and monitor volcanic thermal features in different geographic areas (e.g., [7]; [8]).

In more detail, RST is a change detection approach comparing the satellite signal to be investigated with an “unperturbed” background, which is computed by means of a long-term
statistical analysis of multi-annual cloud-free satellite records, acquired in similar observational conditions (e.g., same season/month and time/hour of acquisition). The main added value of
RST is the independence from the fixed thresholds, including those generally used to identify volcanic thermal anomalies by means of MIR and/or TIR data. Fixed thresholds, although
implemented also by some well-established methods performing operationally (e.g., MODVOLC; [9]) are generally effective in specific conditions (e.g., in presence of intense thermal
features). The RST approach, by automatically identifying statistically significant changes of the MIR/TIR signals, without a priori definition of the thresholds, is capable of guaranteeing high
performances in detecting hotspots (with a high trade-off between reliability and sensitivity) regardless of environmental/observational conditions (e.g., [10]).
These features are confirmed by results shown and discussed in this work. They indicate that RST was capable of promptly detecting the onset of the sub-marine Home Reef (Tonga)
eruption by means of GOES-R ABI. Porting the RST scheme to GOES-R ABI observations enabled a prompt detection (about 2h after the official eruption starting, identified only by means of
the volcanic gas plume emitted) of the first thermal signs of the Home Reef eruption which took place on 10 September 2022 at 01:39 LT.
Moreover, the continuous monitoring of the eruptive activities, performed thanks to the high temporal resolution offered by the geostationary satellites, allowed for an effective analysis of
the space-time evolution of the thermal anomalies occurring in the hours following the main event.
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・静止気象衛星ひまわり8/9号に搭載されているマルチスペクトルセンサーAHIセンサの空間分解能は0.5km～2kmであるが、10分の高時間分解能で地球の半球を観測することができるため、雲コンタミの影響を回避することが期待できる。
・一方、陸域植生に関する高次プロダクトにおいて、地表面反射率を導出する大気補正アルゴリズムは重要である。また、JAXA EORCではエアロゾルプロダクト(光学的厚さ、オングストローム指数)の配布を始め、大気補正アルゴリズムの高精度化も期待で
きるようになった。
・大気補正アルゴリズムにおいては、エアロゾルなどのパラメータについて再解析プロダクトや他衛星プロダクトを用いることが多いが、ひまわり8/9号エアロゾルプロダクトは空間解像度や準リアルで処理できる点で大気補正処理に組み込む上で非常に有利
である。
・本研究は、地上観測値および他衛星センサのプロダクトを用いたひまわり 8 号 AHI エアロゾルプロダクトの精度評価を示し、さらに大気補正アルゴリズムに入力した際の影響評価などを行った

•筑波大CRiES(TGF) : N36.11434 [deg], E140.09599 [deg], 2002~ 
•岐阜大高山試験地(TKY) : N36.14527 [deg], E137.4234 [deg], 2004 ~ 
•富士北麓フラックス観測サイト(FHK) : N35.44352 [deg], E138.76472 [deg], 2004 ~

TGF

TKY

FHK

POM-02が設置されている検証サイトひまわり8/9号AHIセンサ仕様とエアロゾルプロダクト 用いたデータと方法

Band
CEReS
gridded
data

Spatial
resolution
[km]

1 VIS01 0.47063 1
2 VIS02 0.51 1
3 EXT01 0.63914 0.5
4 VIS03 0.8567 1
5 SIR01 1.6101 2
6 SIR02 2.2568 2
7 TIR01 3.8853 2
8 TIR02 6.2429 2
9 TIR03 6.941 2

10 TIR04 7.3467 2
11 TIR05 8.5926 2
12 TIR06 9.6372 2
13 TIR07 10.4073 2
14 TIR08 11.2395 2
15 TIR09 12.3806 2
16 TIR10 13.2807 2

図.1 AHIセンサバンド1~6の応答関数

表.1 ひまわり8/9号AHIセンサ仕様

図.2 検証サイト

表.4 POM02の仕様

図.3 POM02、CE318Tおよび天空Camera (ADFC)
図.4 天空画像に
よる目視判読

•
•
•
•

•

•

•

表.2 ひまわり8/9号エアロゾルプロダクト

分野横断型プロダクト提供システム（P-Tree）により配布されている

TGF_Tsukuba

•ひまわり8/9号エアロゾルプロダクトの検証
•SKYNET @ TGF, TKY, FHK 

–09:00~15:00 (JST)  
–Interval : 約 10 分
–天空画像の目視判読およびTerra/Aqua MODIS画像
–2021年1月21日、2月6日、3月24日、4月20日、5月4日、6月9日、7月19日、8月5
日、9月23日、10月6日、11月5日  
–時間平均および日平均

•ひまわり8/9号L2ARP (10min)、L3ARP (HourlyおよびDaily) 
•Terra/Aqua MODIS MOD08_D3、MYD08_D3 (Daily)

• エアロゾルパラメータによる大気補正アルゴリズム評価
• 6sV2.1を用いた大気上端、エアロゾル補正あり/なし反射率の計算
• 放射照度 : Kurucz (2006)モデル
• 大気モデル  

–オゾン：Aura OMI OMTO3e(0.25deg) (2014-2022) 
–水蒸気：Terra/Aqua MODIS MOD08_D3/MYD08_D3 (2014-2022) 

• エアロゾル
• AOT@550nm (POM02 AOT@500nm) 
• オングストローム指数 + 複素屈折率 (POM02) 
• ユンゲ分布を仮定

• 地表面反射率
– Fir_Tree IH91-2 (USGS Digital Spectral Library splib05a) 
– Brown fine sandy loam (ECOSTRESS Spectral Library Version 1.0)

図.5 地表面反射
率のサンプル

表.3 ひまわり8/9号エアロゾルプロダクトと他のエアロ
ゾルプロダクトとの比較

図.6 フローチャート
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結果

図.7 SKYNETデータとひまわり8/9号エアロゾルプロダクト( L2ARP,  L3ARP 
Hourly, and L3ARP Daily)との比較 図.10. 2014~2022年のSKYNET 

AOTとAEの日毎の平均値(@TGF, 
TKY, FHK)

図 デ タと まわり 号 ゾ プ ダクト
図.9 MOD08_D3/MYD08_D3水
蒸気量プロダクトとAERONET
水蒸気量(TGF_Tsukuba)の比較

図.8 2014~2022年のOMTO3eオゾン全量観測
値およびMOD08_D3/MYD08_D3水蒸気量プ
ロダクトの日変化

図.11 2014~2022年のSKYNET 複素屈折
率(@TGF, TKY, FHK)の日変化

図.13 エアロゾル補正あり反射率(地表面反射率)、エアロゾル補正なし反射率、大気上端反射率

図.12  エアロゾル補正あり反射率(地表面反射率)とエアロゾル補正
なし反射率との相対誤差 (Fir(モミ), SZA=25.44 [deg], VZA=0[deg], 
RAA=0.0 [deg],H=0.0 [m], H2O=0.419g/cm2, O3=480DU)

continental

urban

maritime

biomass_burning

AOT@500nm=0.02-0.5

AE=0.8-1.7

(a)水蒸気量およびオゾン量の違いによる変化(夏季
における植生)

(b)エアロゾル光学的厚さおよびオングストローム
指数の違いによる変化(夏季における植生)

(c)水蒸気量およびオゾン量の違いによる変化(冬季
における土壌)

(d)エアロゾル光学的厚さおよびオングストローム
指数の違いによる変化(冬季における土壌)

結論
1. 2021年のFHK,TGF,TKYサイトにおいて雲がほとんどない(天空画像の目視判読による判別)SKYNETデータおよびTerra/Aqua MODIS MOD08_D3/MYD08_D3プロダクトとひまわり8/9号 AHI L2ARP, L3APRを比較した。

•晴天の条件下では、 SKYNETデータとL2ARP, L3APRの比較ではL3ARP DailyのAOT@500nmおよび AE プロダクトが最も相関が良かった。
•晴天の条件下では、 L3ARP Daily AOT@500nmはMOD08_D3/MYD08_D3とはよく一致する。AEはほとんど相関がない。
•POM02で捉えられていると思われる黄砂がL2ARP, L3APRで現れていない。
•今後は、天空画像による雲スクリーニングを行い比較データセットを増やしていく。

2. 2014年以降のFHK,TGF,TKYサイトにおけるSKYNETデータ、Terra/Aqua MODIS MOD08_D3/MYD08_D3、 Aura OMI OMTO3eプロダクトを用いて、ひまわり8/9号AHI L3ARP Dailyプロダクトをパラメータとすることを想定した陸域向け大気補正アルゴ
リズムのパフォーマンスを評価した。

•高いAOT@500nmおよび低いAEにおいて地表面反射率推定に大きな影響を及ぼす可能性があり、大気補正アルゴリズムではAOTおよびエアロゾルタイプを考慮する必要がある。
•今回エアロゾル粒径分布と複素屈折率（実数部と虚数部）を固定値にしたが、今後はこれらも考慮した陸域向け大気補正アルゴリズムの評価を行う予定。
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Type Model Name MSE RMSE R2 r
A CAMS 0.015 0.123 0.84 0.975

MAC2-MERRA2 0.016 0.127 0.83 0.977
REST2-MERRA2 0.016 0.128 0.83 0.976

B MAC2-SATELLITE 0.007 0.081 0.93 0.984
REST2-SATELLITE 0.006 0.075 0.94 0.984

C ANN-SATELLITE-ALL 0.005 0.073 0.94 0.983
ANN-SATELLITE-AOD 0.007 0.085 0.92 0.982
GBM-SATELLITE-ALL 0.007 0.086 0.92 0.980
GBM-SATELLITE-AOD 0.007 0.085 0.92 0.980

Meteorological Parameters Used

Model Name Aerosol
Optical
Depth
(AOD)

Land
Surface
Albedo
(LSA)

Total
Precipitable
Water
(TPW)

Ozone
(O3)

Nitrogen
dioxide
(NO2)

Angstrom
Exponent
(AE)

Pres
sure
(PS)

MAC2-SATELLITE ○ ○ ○ ○ ○ ○

REST2-SATELLITE ○ ○ ○ ○ ○ ○ ○

ANN-SATELLITE-ALL ○ ○ ○ ○ ○

GBM-SATELLITE-ALL ○ ○ ○ ○ ○

ANN-SATELLITE-AOD ○

GBM-SATELLITE-AOD ○

By employing Artificiall Neurall Networkk (ANN) and GGradientt Boostingg Modell 
(GBM) trained on outputs from physics-driven models - clear-sky Global 
Horizontal Irradiance(GHI) is predicted. Prior to that the most influential 
meteorological features are extracted and then forecasted with 
Long-Shortt termm memoryy Recurrentt Neurall Networkk (LSTM-RNN)

Type C models showed the best overall performances with up to 0.94 R2
score. The models enhanced prediction accuracy by 10% over
reanalysis-data-based models. The performance of ANN-SATELLITE-AOD
was close to Type B models predicting nearly 85% of the test samples
within 100 W/m2 error range (Figure 6). Although the number of
positive errors were quite higher than the negative ones (Figure 6)
which is presumably due to the minor impact of clouds.

Overview
A HHybridd Approachh that integrates MMachinee Learning (ML) techniques
with physics-driven models to forecast CClear-skyy Irradiancee in near real-
time using GGOES-166 Geo-stationaryy Satellitee Imagery and data from
Sun-synchronous Earth-orbiting Atmospheric Satellite- AURA.

Long-

Figure 1: Project Overview

AURAA Satellitee  
At a Sun-synchronous 
orbit (430 miles away)

GOES-166 Satellitee 
At a Geo-stationary orbit 
(22300 miles away)

A polar orbit 
120-600 miles away

Reanalysiss Dataa 

5 min temporal and 2 km Spatial resolution

24 hours temporal and 28 km Spatial resolution

1 month temporal and 75km spatial resolution 

Physics-driven 
Models

Calculate
Clear Sky Irradiance

Train ML models 
(Neural Networks)

Forecast Clear Sky 
Irradiance

Foreca
Irr

Compare With Respect to 
Ground Truth

SURFRAD Weather Station
At Bondville Illinois (USA) 

Pyranometer

Figure 2: Data Collection and Processing System

Figure 2 Demonstrates the Data Collection and Processing Mechanism 
as a block diagram

Final Meteorological Data Stream at 5-minute Granularity

Land Surface 
Albedo

Aerosol Optical 
Depth

Precipitable Water 
Vapor

Ozone (O3)

Nitrogen 
Dioxide (NO2)

Angstrom 
Exponent

Pressure

Extraction at 2 km 
resolution with 5-min 

granularity

Extraction at 28 km 
resolution with 24-hour 

granularity

Extraction at 75 
km resolution

Geo-
referencing Re-sampling

Time-
localization

Merging (by 
time)

Outlier 
Removal

Interpolate Adjust Unit
Normalize 

Data

Reanalysis 
DATA 

(MERRA2)

Orbiting Satellite 
(AURA)

Geostationary Satellite 
(GOES-16)

Atmospheric Data 
(Aerosol-Vapor-Air)

End

ML Models (ANN and GBM) 
being Trained

Predicted 
clear sky GHI.

Trained
ML Models

Meteorological Data 
stream

Clear-sky Models 
(MAC2 and REST2)

Clear-sky GHI (Labels)

Most Influential Features

Start

LSTM-RNN
Model

Forecasted 
Features

The LSTM model takes the last 3 hours of meteorological data as input 
and forecasts those for next 1 hour at 5 min granularity. The daily trend 
for 3 consecutive days for all meteorological data is presented in Figure 4 
where Aerosol Optical Depth (Aerosol) showed strongest seasonality. 

Figure 3: Operational Overview of Clear-sky GHI forecasting 

Figure 4: Meteorological parameters obtained from GOES 16, AURA, and MERRA 2 for 
3rd to 6th July 2023 at the SURFRAD station in Bondville Illinois (USA)

Prediction models are classified into 3 types. Type A and B are physics-
driven models predicting GHI from Reanalysis and Satellite data
respectively. Type C are ML models trained on Satellite data (as input 
features) and outputs from Type B models (as labels). Table 1 compares 
the prediction performances of different models while Table 2 shows the 
meteorological data (from satellite) usage of those models.

Meteorological Data 
Stream

Table 1: Assessments of different irradiance prediction models 
with respect to ground-truth (SURFRAD)

only AOD was used as meteorological data to train two Type C models: 
ANN-SATELLITE-AOD and GBM-SATELLITE-AOD. These AOD based ML 
models were also up to 3 times faster among all Type B and C models

Table 1 evaluation metrics include mean squared error (MSE), root mean 
squared error (RMSE), coefficient of determination (R2), and Pearson 
correlation coefficient (r). Type B models outperformed Type A models in 
all evaluation metrics. As REST2-SATELLITE performed better between the 
two Type B models - the corresponding clear-sky GHI from this model was 
used as labels to train Type C models that turned out to be the best 
performing ones. All Type C models were validated for 3 consecutive days 
(3rd to 5th July 2023)

Table 2: Usage of the meteorological parameters by different models

Figure 5: Clear-sky GHI of all models during the sunshine hours on 6th July 2023 at 
the SURFRAD station in Bondville, Illinois (USA)

Figure 7: Scatter plot between the prediction by ANN-SATELLITE-AOD Model and 
ground truth (SURFRAD)

Figure 6: ANN-SATELLITE-AOD Model Error Histogram
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0-25% 0.516* 0.237 -0.545* 0.342 0.122 -0.269
25-50% 0.361 0.066 -0.618** 0.132 0.057 -0.098
50-75% 0.119 -0.169 -0.669** -0.224 -0.132 0.122

75-100% 0.084 -0.085 -0.483* -0.236 -0.139 0.079
* p <0.05 ** p <0.01

( ) (%)

0-25% 0.433 -0.025 -0.593** 0.538** 0.509* -0.090
25-50% 0.210 -0.297 -0.702** 0.429 0.528* 0.092
50-75% -0.096 -0.609** -0.763** 0.191 0.415 0.281

75-100% 0.009 -0.310 -0.463 0.151 0.250 0.118
* p <0.05 ** p <0.01
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In-situ data

❏ Evaluation

In field measurements, CI can be estimated by Digital 
hemispherical photographs (DHP) (Fang, 2021).

Estimation of Foliage Clumping Index 
Using Himawari Satellite Land Surface Reflectance Data

QIAO ZHI 1 , YANG WEI 1, (1.CHIBA UNIVERSITY)
Keywords：：Clumping Index (CI), Himawari Satellite, BRDF simulation, Normalized difference between hotspot and darkspot (NDHD) index

- characterizes the grouping of foliage relative to its random spatial 
distribution.
- critical in determining the foliage radiation transfer, photosynthesis, and 
hydrological processes (Peng et al,2018).
- very useful in ecological and meteorological models(estimation of true LAI; 
separation of sunlit and shaded leaf groups; GPP modeling) (J.Pisek et al, 2015)

                 

Introductions 

E-mail: qiaozhi0401@163.com TEL: 090-3355-6777
Yang lab., Center for Environmental Remote Sensing, Chiba University

 CI=1            

CI = a(θ)×NDHD + b(θ)
NDHD=(ρhot-ρdark) / (ρhot+ρdark)

(Chen et al., 2005)

Fig.3 Image of DHP

ρhot /ρdark :the reflectance 
values at the hot-spot / dark-
spot in the principal plane, 
respectively. 

- MODIS, MISR, POLDER etc.
- Hot-spot can not be always observed because of the observe mode and cloud 
contamination.

Fig.5 Hot-spot detectived by Goes-16（Li, DP Roy, et al, 2021) 

-Prove the opporturnity of detection of 
more hot-spots use GEO.

Methods&Results 

To explore the capability of Himawari geostationary satellite for 
improving foliage CI estimation

Objective 

Evaluation

CI computation

BRDF-fitting

Hot-spot detectionStep1

Step2

Step3

Step4

Fig.4 Hot-spot and dark-spot in the principle plane

When θ (scattering angle)> 175°, 
considered as a hot-spot

Hot-spot calculate equation:
cos(θ) = -cos(θS) cos(θv)-cos(φs-φv)sin(θS)sin(θv) 

                                                                                      (E. F.VERMOTE, 2002)
θ: Scattering angle, θS: sun zenith angle, θv: view zenith angle, φs: sun 
azimuth angle, φv: view azimuth angle

Fig.6 Counts of hotspots observed by Himawari in 2022                                                                                               

To find dark-spot

Hot-spot

Fig.8 Model fitting (top) and Principle plane fitting (bottom) Fig.9 Comparison results of 4 BRDF models

For cone/cylinder crown shapes (coniferous forests):
CI = -0.47*NDHD+0.80 

For ellipsoid crown shapes (the other vegetation classes):
CI = -1.23*NDHD+1.34 

                                                                                                (Jiao et al, 2018)

MODIS CI PRODUCT 
(Wei et al,2019) 

CI calculated by
Himawari Land Surface Reflectance

（千葉大 市井研）

ꞏSite Scale
In-situ data MODIS Himawari

ZHANG BEI
(China, 

Pastures)
 

0.83(2002/08)

0.833
(2002/08)

0.867
(2019/10)

0.811
(Close to in-situ 
data, 2019/10)

Gnangara
(Australia, 

EBF)
0.44(2004/03)

0.542
(2004/03)

0.512
(2017/03)

0.383
(Closer to in-situ 
data, 2017/03)

Camerons
(Australia, 

EBF)
0.49(2004/03)

0.326
(2004/03)

0.39
(2019/03)

0.53
(Closer to in-situ 
data, 2019/03)

ꞏArea Scale 

Location: 
43.785°-44.3°N 
112.76°-113.335°E
Date: 2022.10.10
Land cover: grassland

MODIS

H
im

aw
ar

i

Fig.10 Scatter plot of Himawari CI and MODIS CI in Small 
hot-spot area with single vegetation type and same SCA

Tab.1 Comparison result with in-situ data, MODIS CI 
product and CI calculated from Himawari

Conclusion & Discussion 
ꞏ Himawari has the feasibility of calculating CI where and when 
hot-spots can be observed.
ꞏ Himawari CI may be more accurate than MODIS CI product.
ꞏ By comparing with in-situ data, it was found that the CI 
calculated by Himawari has a certain degree of accuracy.
ꞏ  An effective Cloud mask is needed.
ꞏ  More valid datasets are needed.
ꞏ  Temporal and spatial distributions of CI need to be discussed.

Conclusion

Discussion

· Valid data collection and cloud mask. · Analyse temporal and spatial distributions of CI. · CI mapping developmnt.
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❏ Foliage Clumping Index: What and why

❏ Field measurement

❏ Remote Sensing method
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❏ New opportunity from Geostationary (GEO) meteorological 
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❏ Hot-spot detection

❏ BRDF-fitting: Enhanced Rahman-Pinty-Verstraete model

❏ CI computation

Fig1. Foliage clumping happens at different hierarchical levels.  Fig.2 Different spatial distribution and corresponding CI

Fig7. Example of hotspot effect 

Future

   CI >1 CI <1
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背景 
SAR信号処理では，受信信号をフーリエ変換して
参照スペクトルと乗算して逆フーリエ変換を行う
ような処理を行うことで画像を得る．フーリエ変
換を離散化されたデジタル信号に対して行うこと
を離散フーリエ変換(DFT)と呼ぶ．2のn乗サイズ
の離散フーリエ変換を高速に行うアルゴリズムは
高速フーリエ変換(FFT)として知られている．高速

フーリエ変換の古典的アルゴリズムの1つが

Cooley Tukeyアルゴリズムである．本研究はこの

Cooley Tukeyアルゴリズムについて，細粒度の

SIMD並列化を行った．

Cooley Tukeyアルゴリズム 
Cooley Tukeyアルゴリズムは次の2処理を行う． 

1. Radix-2 DIT: The radix-2 decimation-in-time 
(DIT) fast Fourier transform (FFT) 

2. Bit-Reversal 

Radix-2 DITは次のような再帰関数である． 

• サイズが1の場合は，入力をそのまま出力する 

• そうでない場合は次の処理を行う 

1. 入力を2分割して，前をa，後をbとする 

2. wk =exp(-2πi/N k) を計算する 

3. 出力として次の2つを繋げたものを返す 

• aとbの和ベクトルを入力としてRadix-2 DIT
を再帰呼び出しした結果 

• aとbの差ベクトルとwkの積ベクトルを入力

としてRadix-2 DITを再帰呼び出しした結果 

Radix-2 DITの最終結果は得たいFFTの結果の要素
の順番を規則的に入れ替えたものになっているの
で，Bit-Reversalで適切に順番を入れ替えること

で，FFTの結果を得る． 

Cooley Tukeyアルゴリズムの計算量はO(n log n)
である． 

結果 
wkの計算はサイズnが決まると値が決まる定数ベ

クトルである．また，サイズ2nの時のwkを間引く

ベクトル計算で，サイズnのwkを求めることがで
きる．十分な計算資源がある時には，どちらの計
算もO(1)で行える． 

Radix-2 DITの本質的な計算は，再帰的にサイズn
のベクトル計算を行う処理として表すことができ
る．したがって，十分な計算資源がある前提で
SIMD並列化すると，サイズnに対して，計算量は

O(log n)とすることができる． 

またBit-Reversalは行列変換として定義できるの

で，計算量をO(1)にすることができる． 

以上より，Cooley Tukeyアルゴリズムを理想的に

SIMD並列化すると計算量はO(log n)となる．
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LF
LF

1. 
LF
• 1980/3/31 (M7 480 km) 30 LF

(Gokhberg et al., 1982).
• 1995/1/17 (M7.2 20 km) LF

(Yamada and Oike, 1996). 

1. (M7.2 20 km)
LF

(After Yamada and Oike, 1996)

1/9

1/14

2. 1/9 1/14
(After Izutsu, 2007)

1/17 
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( M4.9 EQ1
68 km EQ2 51 km)

4. 5. CID
(After Takayanagi, 2013)
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*1, *2, *3, *4, *1
*1 *2
*3 *4

sss

45 × 50m

Parameters of the transmitter and the receiver.

Two versions of the compact LED lidar
for near-range ground experiment:
version 1, and version 2.
T he y w e r e s e t u p i n a b i a x i a l

configuration
with angle adjuster.

Peak Power:  0.75W = 7.5nJ/10ns
Average Power: < 5mW

10cm3 Mini-lidar

+ High Speed & High Resolution Photon Counter (Original)
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Quantifying Anthropogenic Impacts on Global CO₂: 
A Robust Isotopic Modelling Approach

Uddalak CHAKRABORTY*(ceha1867@chiba-u.jp), Naoko SAITOH, Prabir PATRA, Dmitry BELIKOV, Naveen CHANDRA

Carbon Dioxide as a Greenhouse Gas

•    What are the CO2 Isotopes?
                 12C6 , 13C6 , 14C6

• Isotopic values differentiate CO2 sources
and sinks; fossil fuels deplete δ13C and
Δ14C, impacting atmospheric isotopes.

• δ13C reflects 13C/12C deviations; Δ14C
indicates 14C/12C variations, adjusted for
isotopic fractionation and radioactive
decay.

• Isotopic and CO2 exchange among boxes follows fixed factors over time. Physical parameters 
like box thickness and exchange rates guide calculations to align with observed data.

• Initial CO2, 13C, and 14C concentrations, set by Nakazawa et al. (1997) from 1727 and adjusted 
by Morimoto et al. to 2018, underpin the Box Model simulation.

Box Model Results

14C Dynamics
13C Dynamics

• The isotopic composition of carbon in fossil 
fuels, characterized by δ13C values ranging from 
-44‰ to -19‰, differs from atmospheric CO2, 
which typically ranges from -8.5‰ to -4‰ over 
geological timescales. This discrepancy arises 
from photosynthetic fractionation during plant 
material formation, where 13C is selectively 
rejected. Notably, C3 plants, predominant among 
trees, exhibit greater discrimination (-18‰) than 
C4 plants like grasses (-4‰). Atmospheric CO2
modifications via gas transfer induce isotopic 
fractionation, influencing the δ13C signature of 
dissolved inorganic carbon (DIC) in surface 
ocean waters. 

• Marine ecosystems contribute to variations in 
ocean δ13C through processes such as net 
photosynthesis and respiration, which decrease 
δ13C values at depth. Overall, these phenomena 
underscore the complex interplay between 
biological processes and environmental factors 
in shaping the isotopic composition of carbon in 
Earth's carbon cycle.

MIROC4.0-ACTM Results

• Total CO2 concentrations are represented by 
gc3t and gvjf for the 258 sites that can be 
retrieved based on the CCGG (Carbon Cycle 
Greenhouse Gas) observation database of 
NOAA.

• The CO2 concentrations are then plotted as a 
monthly average for 2022 from January to 
December for both gc3t and gvjf.

• Observation data from NOAA’s CO2 observation 
database are added along with the simulated 
data for the specific sites.

• Offset is calculated as a difference between 
Model – Observed Data

Chandra et al., 2022

Future Works
• As previously mentioned, measurements of δ13C and Δ14C in atmospheric CO2 and other carbon 

reservoirs have provided crucial information on the carbon cycle as well as atmospheric and 
oceanic circulation. Scientific research would have benefited greatly from even more observations 
made during the uniquely powerful period of nuclear bomb testing, across a wider range of 
environments. This would have included additional measurements of the atmosphere and ocean 
as well as the carbon in soils, rivers, and lakes.

• We are entering yet another critical time as Δ14CO2 falls below 0°C and either stabilizes or keeps 
falling to extremely low levels. Future atmospheric change simulations show that some applications 
of Δ14C, and maybe δ13C, will inevitably lose part of their effectiveness over time. The particular 
applications impacted will vary based on the emissions strategy chosen. As time goes on, at least 
some applications' utility decreases, hence observations made today will typically be more 
valuable than those that are yet to be produced. For instance, if Δ14CO2 stabilizes, the need for 
Δ14C observations to determine the decadal-scale turnover of terrestrial carbon stocks will no 
longer be necessary. 

• The next task involves preparing fluxes for isotopes 13C and 14C for simulation in the MIROC4.0 
Atmospheric Chemistry Transport Model (ACTM). The endeavor aims to seamlessly integrate 
theoretical insights from the Box Model with practical application in the MIROC4.0 ACTM, fostering 
a harmonious synergy between model-based simulations and empirical observations for continual 
refinement and optimization.

• Radiocarbon, with a half-life of 5,700 
± 30 years, occurs naturally and 
decays over time. Fossil fuels lack 
14C, hence, combustion releases only 
stable isotopes 12C and 13C into the 
atmosphere.

• In the 1950s, nuclear weapons testing 
spiked atmospheric 14C levels, halting 
its declining trend ("aging"). This 
surge, known as "bomb" 14C, nearly 
doubled atmospheric 14C content.

• Nuclear bomb test sites and atomic 
bomb explosion zones from 1940 to 
1990 mark the primary sources of 
these point releases.

(Special acknowledgement to Prof. Shinji Morimoto of Tohoku University for providing us with the Box Model Code)  

• Anthropogenic CO2 emissions from fossil fuels and cement production 
increased atmospheric CO2 by 38% from 1850-1900 to 2010-2019, 
reaching 398 ppm. In 2010–2019, 46% remained in the atmosphere, 23% 
in oceans, and 31% in vegetation.

• The most recent concentration is 422.80 ppm in the atmosphere by the 
Mauna Loa Observatory in January 2024.
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Box Model and MIROC4.0-ACTM 

• The Box Model dissects Earth into 
compartments—Atmosphere, Biosphere, and 
Ocean—to scrutinize CO2 and isotopic mixing. It 
further subdivides into 48 sub-boxes for precise 
concentration analysis.

• MIROC4-ACTM, part of the MIROC Earth 
system model, precisely simulates long-lived 
atmospheric gases like CO2 and CH4 with T42 
resolution and 67 vertical layers. It accurately 
simulates long-lived atmospheric gases, 
facilitating inverse modelling for estimating land 
and oceanic fluxes.

CO2 Isotopes and their Applications
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UnitValueSymbolParameter

dB20.006GAntenna Gain

dB35SNRSignal Noise Ratio

W100PtTransmission Power

0.85Antenna Efficiency

m0.0319Wavelength

Hz1500PRFPulse Frequency

dB-35°Backscattering Coefficient

m/s299792458cSpeed of Light

s10pPulse Length

m150HSARPlatform Altitude

m173RmSlant Range Distance

J/K1.38*10^(-23)KBoltzmann Constant

K280TTemperature

MHz800BBandwidth

dB3FReceive Noise Figure
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Angular Width (3dB): 15 degrees
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