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Research Questions / Contributions
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0 How do we forecast rice production?
O Use traditional as well as alternative data.

O Explore econometric and machine learning models » develop most suitable one(s).

0 Given optimal forecasting models, what are their economic implications?
0 What are driving factors of rice production?

O Applications of these models: BOT and other agencies’ use.




Motivations and Literature Review
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0 Crop production economics & modeling
O Agricultural production & risk / Production function estimation
m Just and Pope (1979), Moschini and Hennessy (2001), and Chavas and Holt (1996)

O Factors related to crop production
® Zhang et al. (2006), Naylor et al. (2001), and others.

0 Alternative data, data augmentation, and machine learning
O Spatial data / NDVI, EVI, and other vegetation indices
® Huang et al. (2013), Mkhabela et al. (2011), Sun et al. (2017), Yun (2003), and Kouadio et al. (2014)
o Data augmentation
® Iwana and Uchida (2020), Rashid and Louis (2019), and Wen et al. (2020)
O Machine Learning: Ensemble Learning, Gradient Boosting
B Ideas and algorithms: Breiman (1997), Friedman (1999, 2002), etc.
® Applications: Varian (2014)



Project Overview

8
0 Modeling in a Nutshell 0 Rice
" Province-level forecasting model = Off-season rice (217%41U%4)
" Data period: 2001-2019 " |n-season rice (F17u17)

- . . H . ° o
69 provinces (out of 74 provinces with off-season 0 Forecashng horizons

rice production)
" Short-term (2-4 months before harvesting)

= Long-term (one-year ahead)

Horizon
In-season Rice

3

Short-term

q

Long-term




Data Landscape

0 Both standard and alternative data are helpful in production modeling.

Data Short-term Long-term

*Courtesy of OAE, GISTDA, and HIl Forecasting Model | Forecasting Model

Climate data (actual & forecast)

= Temperature

v v
= Rainfall
T NDVI
= Oceanic Nino Index (ONI)
. Vegetation Reflectance
Reservoir (sinluan) v v
v v
Plant area HEALTHY,  STRESSED
(t- 1 ) ;0% NIR a% IIE; ﬂ;ﬂ. NIR 30% RED
Normalized difference vegetation index (NDVI) v E :;
NDVI = SR
Prices of alternative crops v

Source: Antognelli (2018)



Modeling Framework
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There are few data points (19 points during 2001-2019)
O Overcome small sample data problem with Data Augmentation.

100%
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llllll vl NoAug.  I1-fold  2-fold  3-fold  4-fold
Amount of augmented training data
Source: Rashid and Louis (2019)

Source: Arundo (2020) -9-=ANN —e—[STM

@ ECEEWAS |dentify the best model from a few candidate econome’rrlc/chhme learning

models R
® o
: D Oy ST o Oy -‘, i
O Econometrics: OLS and others. ool o A
O Ensemble learning: ’ ‘ ‘
. =
®m DRF - regression trees -
® Gradient Boosiing Source: Kobran and Banys (2020)




Outline
- 4

0 Background and Introduction

0 Research Questions / Literature Review

0 Overview of Modeling and Data

0 Data Preparation and Feature Engineering

0 Methodology

O Data Augmentation

O Forecasting Models

1 Results and Discussion

1 Conclusion



Feature Selection/Engineering — Short-Term Model
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Off-Season Rice Calendar

Jan Feb Mar Apr May Jun July Aug Sep Oct Nov Dec| Jan |Feb Mar Apr | May

Short-term Model Si’ i
ar E—
Variables Period
- Actual Rainfall & SD Nov - Jan Short Model
or ode
- Forecasted Rainfall & SD Feb - May -1 T
- Actual Temperature & SD | Nov - Jan Jan | Feb | Mar | Apr | May | Jun | Jul [Aug| Sep | Oct | Nov | Dec h Feb | Mar | Apr | May
Climate - Forecasted Temperature & Feb - May Plant Area;
SD
NDVI
- ONI Index Jan Reservoir
- Dry Spell
Y oP Nov - Apr Actual Rainfall & SD | Forecasted Rainfall &SD
- Days with Rainfall > 35 mm
Actual Temp & SD Forecasted Temp & SD
Reservoir - Reservoir Oct - Jan Actual
Crop Health Index |- NDVI Nov - Jan ONI
Dry Spell
Actual RM35mm Forecasted
RM35mm

*Data Courtesy of OAE, GISTDA, and HIl



Feature Selection/Engineering — Long-Term Model
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Off-Season Rice Calendar

Jan Feb Mar Apr | May | Jun July Aug Sep Oct Nov Dec Jan Feb Mar Apr | May

Long-term Model

Variables Period

- Forecast Rainfall & SD

Nov - May Long Model

- Forecast Temperature & SD T-1 T
Climate - Forecast ONI Index Jan Jan | Feb | Mar | Apr - Jun Jul | Aug | Sep | Oct | Nov | Dec | Jan | Feb | Mar | Apr |May

- Dry Spell Plant Area

) . Nov - Apr Prices of Alternative Crops
- Days with Rainfall > 35 mm
Reservoir| Sum of Rain Forecast
; - Reservoir May Rainfall Forecast & SD

Reservoir

- Sum of Rainfall Forecast Jun - Oct Temperature Forecast & SD

ONI
- Rice Price Forecast
Price - Price of Alternative Crops |Feb - May Dry Spell Forecast
(Sugarcane, Cassava, Maize) RM35mm Forecast




Data Augmentation

. Transforms .
Data Augmentation s -  Synthetic Original data
Add noise, resize, data

Larger training dataset

reverse, crop ... Synthetic data

watlalunisiindsuinvesdaya lneuSuaey ‘

wsaulssudayanualtu (original data) Synthetic
wwasssyadayalisi (synthetic data) data Synthetic data
. . *  uUSINAILAZAMATNYEY training data . Increasing generalization
Objective : Benefits
/ Overcome Usy1131n small dataset performance / reduce error

WSgutiisuan MAPE uazUsuies augmented training data

Met h Od (@) logy UATHITIA
1. 1435 augmentation fignunsasnun 80 \_//—

. . v Y .
characteristics ‘Um‘llaga'l”ﬂﬂ = W nwdug
0 g 60 AHANYT
Transforms LQNW1Y training data § SWEET SPOT Woasw
o . . . o w 3y uAsUgY
3. 91 pair-wise transformation #1%435U = frunanes <
w40 B uAsEI5IA
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. — -4 _._—l—'—'_'_'_'_—. s
4. NAAR9NN Best setting (sweet spot) 20 _— : o5 e
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* 1139Ma89ld model 71g4lsia114n75 tune



Modeling Workflow

/ Augmented Data \
) _,\
\
Area/Ratio .)))
Temp/Rain .)” —

.))) / Original —
@
NDVI .)’)

—

(((0

\ /

Prep Data:
Short Model (24 Features) & Long Model (20 Features)
. Training Period: 2001 - 2017
° (16 original + 64 augmented = 80 data points)
. Testing Period: 2018 - 2019
° Outliers: 2016

Train
Valid
Test

»

DRF

Modeling:

Pilot Model GBM gave best
performance
Tuning Hyperparameters /

Solve Overfitting Problem

Tuning

Model/Params

. Saeni®

Generate 100
Models

col_sample_rate
learn_rate
max_depth
min_rows
min_split_improvem

ent

~

ntrees
sample _rate

col_sample _rate pe

I tree

Results:
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Modeling Workflow

. Model/Params
Final Dat Train /- col_sample_rate e ntrees \
Inat bata  yalid e learn rate o sample rate
Test e max_depth e col _sample_rate_per
) J min_rows _tree
» Regression Generate 100 e min_split improveme
GBM = Gradient Boosting Machine Models \_ " = )
o0 @0 @
%.O::.:.O .O::OQ 08 o o * A decision-tree-based Ensemble l
[ @ @ — @ B[] + -I .l
®ce0 Oo0 ¢ 00 _'m' T learning method.
Original Data Weighted data Weighted data .
| | | a‘a'.h Ny ®* combined multiple weaker Technlques
LIEJ A deCiSion tress Test Train on (k - 1) splits
Y o0 || ¥ 00| | ¥ eee ‘f‘f‘n ®*  Minimize errors in sequential O ‘| popmpmpn]  Cross-validation
eec ceeo eoe &n models by Gradient descent g |
X 0000 | X 0000 X 9000 Y .
00000 0000 00000 = ®* Feature Importance Analysis
00000 | 00000 ec 00 N S N I O
Boosting algorithms Sequential tree growing :
B Grid Search
Modeling: ¢  pilot Model GBM gave best performance A, p
®  Tuning Hyperparameters / Solve Overfitting Problem
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Overview of Short-term Model Outcome

Analysis on error statistics and distribution

MAPE distribution

No. of provinces:

39 quartile:
Median:

1% quartile:

69

1.1%
3.3%
2.2%
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Short-term Model Outcome

Analysis on error with respect to the level of rice production contribution

N15N52218A2VIUSUNURANARUIMUIUSHRASU 2018-2019 wazA1 MAPE

JmInNAngan
(@Ansiwrztgnann - 22 9anin)

MAPE  3.7%
wasasn (Q)  12.8%
maPe 10.5%

Kanan (Q)  27.2%

Janindtlaifngun
@Ansinzvgnides - 47 9913R)

MAPE

O%ﬂiﬁiﬁi
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#5719 (0.3% of Total Q)

3193 (1.6% of Total Q)

© #3m5 (6% of Total Q)

Ave MAPE 8.3
%O 00 o0 ° o ©038 °
Ave. Q
0K 100K 200K 300K 400K 500K 600K

Avg Rice Production (Q)

MAPE
Maximum: 187.1%
39 quartile: 7.1%
Average: 8.3%
Median: 3.3%
1% quartile: 2.2%
Minimum:  0.3%

LunaanansaiunedmianlAWanEng
Taudug1nnsmTanilnadnios

53 provinces <= Average MAPE

95.3% of Ave. Total Q



Variable Importance (Short-term Model)

Identifying factors influencing off-season rice production

20 variables
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Overview of Long-term Model Outcome

Analysis on error statistics and distribution

N15N5218A2U09 MAPE
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Long-term Model Outcome

Analysis on error with respect to the level of rice production contribution

N15N52918AVIUSUNUNaNARTUIUUSIRAgU 2018-2019 tazA1 MAPE
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- ! o o 500 B Completed data (ton)
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400 rd .
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-~ aadmare 15%
. a 1 4 )
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Long-term Model Predictions (province-level)

GBM'’s predicted rice production values in 2018 and 2019 in comparision with those of baseline model

L9518 Minimum MAPE
348,637
33K GBM MAPE 0.08 %
soox BASELINE MAPE 2.24 %
310,540
250K 272,417
200K
164,705
150K
oo 130,889 W Actual
M Baseline
50K M GBEm
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
anssaus  Province with the highest production (8.3% of Q)
1100K 1,066,345
1o00x | GBM MAPE 5.06 %
945,657
BASELINE MAPE 14.25 % :
Q00K
BO0K
715,958
T00K 650,768
HO0K
612,712

500K
d00K 434,765

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

UW1E13A1U  Province with best MAPE improvement (M 137.2%)

200K
173,234
GBM MAPE 15.74 % W Actual
1sox | BASELINE MAPE 152.9 % M Baseline
B GBMm
117,774
104,914
100K
63,009
50K
0K 7.362 13,928
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
dguqn  Province with moderate error and high production (4.6% of Q)

608,785

600K GBM MAPE 20.74 %

BASELINE MAPE 7.64 % 516,744

500K
400K
346,450
360,165 350,302
300K
6,211
257,665
200K

132,749

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019



Long-term Model Predictions (aggregate-level)

GBM'’s predicted rice production values in 2018 and 2019 in comparision with those of baseline model

a v o/ o/
FAUNANAAVIIVBY 69 313N

iony  GBM MAPE 2.8 % 12,230,144 -
Baseline MAPE 4.9 % 10.761.259 M Baseline
B GBM
9,665,532
HoM 10,260,038
8,894,075
aml 8,513,691 - 854,906
6,501,091 6,832,036 7,164,476
6,854,070
&M 6,881,936 6,615,934
5,690,191 5,957,631
5,340,996
dmA

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2019



Interpreting The Impact of Variables (Long-term Model)

Using SHAP summary plot to explain variable’s responsibility for a change in rice production

Rice Production Trend
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Conclusion
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[0 Model Development and Improvement

O n1sldmalla 1) Data Augmentation 2) Machine Learning Usenaufiu 3) 4ayan19iaantBanignin 4aguwunns
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[0 Implications / Driving Factors

O Short-term model: NuiliwizugniludulsiidAgigalunisussanunisnanadn wazduusiBanenwdy o ddiu

28 lun1995UNgANNSUNUS

O Long-term model: 511917 Waskdaty waziuiwizUgnlutisinuu WJududsndianudidgluniswensal vauei

14 a

Yayatgemenmildiudaeluseaunile

[0 Potential Applications
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