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Reason and Importance
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e Thailand has long faced the problem of particulate
matter (PM) pollution.

e Since 2019, the Thal government has launched the
National Agenda Plan for Particulate Matter (PM)
mitigation.

e One major source Is open burning in sugarcane fields,
commonly burned before harvest to reduce cost.

e The government has allocated over 25 billion baht to
phase out burnt sugarcane by the 2023/2024 crop year.




Source of Data

Analysis of Particulate Matter (PM 2.5) and Fire Hot Spot Situation
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e PM2.5data, estimated from Aerosol Optical Depth (AOD) from
2000 to 2024 were analyzed using the Google Earth Engine
(GEE) platform, which provides satellite-derived datasets.

e PM2.5 data, Ground-based air quality data were sourced from
the Pollution Control Department (PCD) monitoring stations.

 Fire Hotspot data, indicating thermal anomalies, were
collected using VIIRS sensors onboard JPSS NOAA-20 (J1),
JPSS NOAA-21 (J2), and SUOMI-NPP satellites, supported by
the Fire Information for Resource Management System
(FIRMS) operated by NASA.




Source of Data e

Analysis of Burning Reduction in Sugarcane Cultivation

e Land use maps at 1:25,000 scale, provided by the Land
Use Policy and Planning Division, Land Development
Department

e Farmer’s sugarcane delivery data and official sugar
production reports, from crop years 2012/2013 to
2023/2024

e Payment records under the financial support program
for farmers delivering fresh (non-burnt) sugarcane,
from crop years 2019/2020 to 2021/2022




Data analysis tool

Open for Innovation

KNIME

P ~ '. PR
jupyter
Power B lﬂhOﬂm _v

KNIME Analytics Platform - o Fle  Hemw  Insert  Modeling  View  Optimize  Help ‘_‘ Jupyter DA Stack And Direction19.12.24-report... Last Checkpoint Last Thursday at 9:59 AM (autosaved) A Logou
File Edit View MNode Help = . 3=
Nl E @ ~|~sgppaanas ol b0000DEME qQ eZ000 | @ 3 E‘E] @ m gu D Irjr a[:?.)l” E} 'rEr %I:E’:‘ é::?— [Eﬁtr ! . ;@l :-ﬂ:%- cg- File Edit View Insernt Cell Kernel Widgets Help Trusted 4 |audri_emf
3 [N F R '\N\I\mldj'i Wb~ ‘“ﬂ'\vl’ ana Uriet - -2 P R s D \.I'.:;i-' masdure i‘"?];‘_:'r : )
Q, 3 Open KNIME Modd
:_:nru-.: Cata Qo Insern Calculataoe, Sarsmnn Sharw 4 Coplor
A ENIMEEpL. X = 0O A "% CA SugarCane Subsidy project(d) X A <CDD @ Welcome to KNIME Analytic == u : i &  Visuslizatio =
- . In [1]: import pandas as pd
v W o i Sum of Suminunihimdoo), First folsesu and Sum of PerBurnt by =] Build visual import numpy as np
= . Latlt:oat and Longitude o % ] E from sklearn.model_selection import StratifiedkFold
g | " ussmvi s i ) | |3 == from sklearn.ensemble import RandomforestClassifier, GradientBoostingClassifier, VotinmgClassifier,
{ A =
B | \ ) o FuruTsenuitiudaoTvllml (v Bk E stackingClassifier
. i LI AZLna wvdale i
» L2 My-KNIME-Hub (opi. Py e 0y [ e i § ! b ol from iklearn.!.inear_mdel import LogisticRegression
3 wunsssniak | P ool . . i from xgboost import NGBClassifier
» _‘b EXAMPLES (knime@u 26 s 66 I " . - For i H . s g
&~ lOCﬁL{LNJIWerkﬂ P e 9 dnduudantrilud oo ! m L) from lightgbm import LGBMClassifier
i W w Cue R | Do MowmdCow  WeTets  Oreply Cos s o + el . r 1 S0 50 Eg® from catboost import CatBoostClassifier
> [ audit2564 . e eEe el s e | o (ks [ R ez 3 ificati i i
. B - @ 4000- 5000 H from sklearn.metrics import accuracy_score, classification_report, confusion_matrix, roc_auc_score,
» [ DA_Coaching [ [ = = =~ = = = e 150 B . - . EB® E S = = = S
™ Example Workf) e e e - b N i ol e i ) ® 30004000 ! precision_score, recall_score, fl_score
> Amphe viol oV ] B - ]
» ™ u :'nc L] L] Enoel eades  icing T Mumber  Mimnd Domii: Wl ormis | Ovuplly Dl R Laiicint Z000-3009 i P:" E "ﬂ .
b=t gl‘:‘flg 2566 me e L L T | ! 10003008 i’.]’ﬁ ® 1. Twaavays
4 -_erdlow- “-:k “i:' z rn o M e e RS | e . #0501-1000 3 ' data_path = r"sugarcane_data.csv”
» workflow_group_t e ] = 1 R = df = pd.read_csv(data_path
» £ workflow_onwr . » D W ety Oy G R i kamghn " = - - UL | E ===l LpRE)
N P T e 2 L TR | . | G« a = = SR
e o mace » . - . - » 424 414s 4 544 # 2. Amusdulsduuaraulsidvang
& = o [ - om0 | Hosem yesere Valuss X = df.drop(columns=["targetl @', ‘no_cane_year_target'])
M ocs Fepachcry — - e :_; - i R Add data e y = df['targetl 0]
e - i .
< - L A Dl through # 3. damsariidiu NoN
f oy Cross-repodt X = X.fillna(X.median())
i Kieep ol fier = :
§ . n-:;:u —— S # 4. A9AaY Outliers uAMrARYOVLY-UAUATW 1X
» 5y 10 | — Add dirilthro for col in X.columns:
> o Manipulation o 124 i | lower_bound = X[col].quantile(@.01)
> @ Views I upper_bound = X[col].quantile(@.99)
» @ Analytics P—— - ' X = X[(X[col] »= lower_bound) & (X[col] <= upper_bound)]
» = DB M E— e e = I | Page 1 Fage 2 Page 3 Duplicate of Page 1 Dupiicate of Page 1 Dupiicate of Page 1 Fage 4 n
» B Other Data Types !_‘ i ."_. “9_' .?_‘ Y y = y.loc[X.index]
» {3 Structured Data L v 130 e b 134
3 &= Seripting : # 5. afwilnas
5 & Tools & Services °7:" pr .‘_':'E rf_clf = RandomForestClassifier(n_estimators=300, random_state=42)
» 4P Community Nodes ] o i _— gh_clf = GradientBoostingClassifier(n estimators=38@, random state=42)
{§ KNIME Labs S = e\ el xgh_clf = XGBClassifier(use_label_encoder=False, eval metrice'logloss’, random_state=42)
= - lgb_clf = LGBMClassifier{n_estimators=388, random_state=42)
cat_clf = CatBoostClassifier{silent=True, random_state=42)
lr'_clf = LogisticRegression{max_iter=1808, random_state=42)
voting clf = VotingClassifier(estimators=[
('rf', rf_clf),
('gb’, gb_clf),
("xgh", xgb_clf),
(*1gb, lgb_clf),
(‘cat’, cat_clf)
1. voting="soft")




Data analysis tool

Google Earth Engine
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Data Analytics Results

e The Trend of PM2.5 and burning (fire hot spot) problems
e The situation of sugarcane burning and the behavior of
farmers after subsidy receiving
o Apply the Churn Analysis to examine individual farmer ’s

behavior after receiving supports, the proportion of burnt
cane continues to decrease?

e Key factors for reducing PM2.5 (burning)
in sugarcane cultivation areas

o Machine Learning (Classification Supervisor)
o Analysis of Variance (ANOVA)




Concentration of fine particulate matter (PM25level) @ o o

Estimated from Aerosol Optical Depth data from 2000 - 2024 (25 yrs)
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Concentration of fine particulate matter (PM2.5 level)

Monthly PM2.5 levels and trends in 2000 to 2024 (25 Years)
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Fire Hotspot Situation in Thailand (2019-2024)
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Fire Hotspot Situation in Thailand (2019-2024) ¢ ¢ «

Monthly Fire Hotspot Situation in Thailand (2019-2024)
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Fire Hotspot Situation in Thailand (2019-2024) ¢ ¢
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The Relationship Between Hotspots and PM 2.5 (2020-2024)

PM2.5
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Overview Key Findings

The government’s actions to mitigate PM2.5
pollution have shown limited effectiveness.

In other words, the measures implemented so far
have proven insufficient to resolve the issue.




® ® * Focus on: Preventing and reducing Open Burning
in Sugarcane Gultivation Areas L

Burnt Sugarcane #»——p @ @ @
Target

2021/ 2022 2022/2023 2023/ A L

fii& B Key Measures Implemented

@Financial Support for Fresh-Cut Sugarcane @ Penalty Deduction for Burnt Cane

e 2019/2020 : 92 baht/ton e 30 baht/ton
e 2020/2021 - 2022/2023: 120 baht/ton
@ Interest Subsidy for buying harvesters @ cCollaboration request to sugar factory

@ Lend leaf-stripping machines




Sugarcane Delivery to Mills by Farmers XX

Sugarcane Volume (million tons)
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Open Burning and Hotspot in Sugarcane Gultivation Areas
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Sugar Mill : Burnt Cane Proportion
in 2019/2020 - 2022/2023

The sugar mill that process a large
proportion of burnt cane are mostly
located in the northeastern, eastern,
and central regions.
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Daily Burnt Cane, Hotspots, Burnt Ratio, and PM2.5 - 2022/2023
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Government Measures to Promote Fresh-CGut Sugarcane

In the following crop year

@ Cash subsidy (direct payment)
Crop 2021/2022

-m 500 20 farmers delivered >
e svssg more burnt cane
8,110.96 million baht 114,890 farmers

@® Low-interest loans for farmers
Year 2018-2023

LOAN| L ﬂ farmers delivered >

burnt cane
580 farmers

@ Leaf-stripping machines provided for use/loan

Crop 2022/2023
& ﬂ farmers delivered >

more burnt cane

256 farmers

29.2%

31%

45.7%



Burnt Gane Penalty and Farmer Behavior

farmers delivered
more burnt cane

>y @

@ 2022/2023

CEFD
Number of farmers T’,

penalized

3530, e

56,343 farmers

Leaf Cane and residue management From fleld surveys

o Fresh cane harvesting ... , 96.3%

Post-harvest burning

e Pre-harvest burning R 10.2% ¥ X




Key Factors Influencing the Success in Reducing PM2.5 in Sugarcane Areas '::.3.: ............. +

The XGBoost model achieved the highest predictive

performance, with Accuracy of 0.8242

ratio_cane_cut_by harvester
percent_fresh_all subsidy year
no_harvest _tractor _in_area
sum_subsidy

factory days cane press
distance kilometer

factory overall recovery

Area AV

Summary Plot for XGBoost

b
—F—-

——

- —)-
4—
-4

-5 0 5
SHAP value (impact on model output)

Low

Feature value

Feature importance analysis

e Number of sugarcane harvesters
available in the area

e Proportion of fresh cane

narvested by machine (%)

e Period of cane-receiving at sugar
mills




Policy Recommendations

e Expand Scope Beyond Sugarcane
o Include other major agricultural sectors (e.g., rice, maize, cassava) under

the anti-burning initiatives.

o Burning in natural forests

and newly reforested zones

e Shift from direct subsidy only toward area-based problem solving, like land

issues or lack of machines

e |Increase penalties for burnt sugarcane

e Enforce stricter sugar mill po
e Support using machines for f

icies against accepting burnt cane.

resh cane cutting

o Make fields suitable for machine use
o Offer incentives to entrepreneurs and factory investing in machine harvesting.

o Government, farmers, and sugar mills should plan together for planting and

harvesting.



'@fmmving Big Data Analytics in Auditing

Enhance Accuracy and Precision
e Analyze large datasets to reduce errors from
traditional sampling methods
e Use in-depth data analysis to spot hidden patterns
and to discover trend

{* Improve Operational Efficiency
e Reduce the time to process and analyze data
e Use visual tools to help teams clearly understand
and communicate findings.




Recommended next steps

e Strengthen data analytics capacity for auditors at all levels—
through hands-on training, role-specific upskilling, and real-
case practice.

e Promote a data-driven audit culture that enables deeper
analysis and evidence-based conclusions.

e Develop a Modern Audit System with integrated tools and a
Data Lab that connects to external agency databases.

e Provide structured support through Data Support Teams
and Data Analysts who assist auditors throughout the audit
pProcess.
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