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ABSTRACT

The Philippine Sugarcane Regulatory Administration (SRA) is mandated to promote the growth and
development of the sugar industry in the country. One of its objectives is to develop a geospatial information
database covering the entire areas of operation. A spatial decision support system for the organization is
necessary to address environmental and economic considerations for sugarcane yield estimation and sugar price
regulation. Diverse environmental, spatial, temporal and social factors results in varying data types, 1/O and
information extraction and thus limits the possibility being able to query large database of related data where
decision can be based. This research proposed a Unified Modelling Language (UML) design to aid the
organization in data creation, input and update. This research used PostgreSQL as the Object Relational Database
Management System with PostGIS extension to handle spatial objects. The organization responded very well to
this simple yet powerful object relational and spatial database structure and has helped them retrieve and query
vital information necessary for everyday decision making.

1. INTRODUCTION

The Sugarcane Regulatory Administration (SRA) is an attached agency of the Department of Agriculture of the
Philippines with the mandate to promote the growth and development of the sugar through Research and
Development (R&D) for continual improvement of the industry. As part of its R&D work, SRA maintains and
develops a geospatial information for all its areas of operation and stakeholders. For the longest time since the
establishment of the organization, COBOL was the main database being used by SRA to store and manage data.
The existing database structure has difficulty and challenges in handling spatial information and thus this limits
geographically represented remote sensing and field data to correlate with actual mill data.

Figure 1 shows the general workflow on how earth observation data will be integrated with field, meteorological
data and store it in a central database to resolve various decision making processes. Since SRA depend heavily
on geospatial information both historical and present data collected to produce a yield data estimates, a relational
spatial database is needed to unify all information. This research proposed a conceptual and physical model to
aid the organization in data creation, 1/0, and update and in performing query operations.
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Figure 1. The general workflow for Sugarcane Yield Estimation



1.1 REVIEW AND RELATED LITERATURE

The sugar industry provides substantial socio-economic contribution to the Philippines. According to the SRA
website, in the past five consecutive crop years (2010-2015), the Philippines has produced an average of 2.4
million metric tons of sugar which is sufficient to cover the traditional domestic demand of 2.1 million metric
tons annually. One of the main functions of the SRA is to institute an orderly system in sugarcane production for
the stable, sufficient and balanced production of sugar for local consumption, exportation and strategic reserve.

There are studies that discussed several strategies or methodologies to estimate crop production or yields. Like
for instance, Fermont and Benson, 2011 in their research entitled “Estimating Yield of Food Crops Grown by
Smallholder Farmers: A Review in the Uganda Context” enumerated wide range of methodologies that has been
developed to estimate crop production, area, and, ultimately, yields in the fields of smallholder farmers. The
information collected has been collated into a crop yield database which is accessible thru excel file upon request
from IFPRI-Kampala office. The database gives full information on recorded crop yields and still subject for
development.

Other researchers explored the suitability of the Normalized Difference Vegetation Index (NDVI) from the
Moderate Resolution Imaging Spectrometer (MODIS) obtained for six sugar management zones, over nine years
(2002-2010), to forecast sugarcane yield on an annual and zonal base. Mulianga et al, 2013 concluded in their
research that remote sensing technology together with environmental information has potential to be used to
estimate crop yield and evaluate the impact of environmental conditions to crop production as opposed to
physical methods. (Forecasting Regional Sugarcane Yield Based on Time Integral and Spatial Aggregation of
MODIS NDVI)

Yield estimation do not depend solely on the methods or strategies on how data and information are collected
and validated but it is also affected by how organized the data in a database. SRA as an organization depends
heavily on geospatial information both historical and field data collected to produce a yield data estimate for the
year, an organized spatial database is required to unify all information not only with respective locality or mill
district of operation but for the whole country in which they operate. This can be done through the aid of a
Unified Modelling Language (UML).

2. OBJECTIVES
To be able to design a spatial database for data standardization and for estimating sugarcane yield
Specifically, the objectives of this research are to:
Standardization of data names and types
Create a conceptual model for Sugarcane Yield
Implement conceptual model to meet the needs of stakeholders

Generate a standard spatial database design for sugarcane yield estimation
Perform spatial analysis and table queries
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3. METHODOLOGY

This research presents a conceptual and logical model for spatial database design to address varying data types,
storage capability and access to large database. Non-spatial database related to yield data has also been integrated
to be able to address the needs of different stakeholders. An open source spatial database (PostgreSQL) with
spatial functions (PostGIS) was used to handle raster and vector data and the PostgreSQL function to access
relational data. A use case scenario was carried out between researchers and the stakeholders to be able to design
the functionalities and relationships of objects and entities within the object-relational database management
system (ORDBMS). Finally, vegetation indices, meteorological data fromearth observation raster and GIS vector
data and attributes were loaded into the open-source software to test spatial queries that is required by the end
user.

3.1 USE CASE SCENARIOS
A use case scenario was conducted between the researchers and the stakeholders in order to capture the all the

concerns of the end users of the spatial database. Most of the use cases involves asking basic questions and how
the spatial database will be able to address basic data and information extraction from related data both from



field acquired and remotely-sensed data. The SRA as the regulatory body will be the end user of the spatial
database and the mill district officers will be the secondary users to which majority of the inputs and updates will
come from. Among the use case, the most important information that can be easily useful to end user are the
vegetation indices (NDVI and EVI) as these can already be correlated to sugarcane health, vigor and temporal
analysis can be carried out.

3.2 DATA COLLECTION AND CLEANING

Data were collected from various sources but bulk of the data for this research came from the SRA’s field
personnel. To be able to address problem on data handling and standardization, the rawest form of spatial and
non-spatial data were requested to SRA. Bulk of the time were spent on data standardization and data types and
formats were standardized for all sites.
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Figure 2. Distribution of sugarcane plantations in the Philippines

Figure 2 above shows six (6) major areas of operations. The sugarcane plots are digitized using a high-resolution
satellite imagery (SPOT 5) and was verified using google earth and field visits. All sugarcane plots have spatial
and non-spatial attributes with varying data entry and character sets between and among sites of operations.
Basic information include area of sugarcane plot, Name of planter, crop variety, farming style and plots planted
with cane (figure 3).

GIS_lDD PL_NAME Shape_Leng | Frame_ID_1 GIS_ID | Area Planter_MNa Variety
386 | MERCADO, GERTRUDEZ 520.770355 106 386 | 1.86 | MERCADO, GERTRUDEZ PHIL 1793-99
337 | MERCADO, GERTRUDEZ 572.3519341 106 387 | 1.94 | MERCADO, GERTRUDEZ PHIL 1783-99
388 | MERCADO, GERTRUDEZ 357.35147T1 106 388 | 0.75 | MERCADO, GERTRUDEZ PHIL 1793-99
389 | MERCADO, GERTRUDEZ 255.948083 106 389 | 0.49 | MERCADO, GERTRUDEZ PHIL 1793-99
380 | AMURAQD, LOLITA 551.704252 106 380 1.28 | MERCADO, GERTRUDEZ PHIL 1783-99
392 | GAMBOA, DOLORES 406.471325 106 392 | 0.88 | MERCADO, GERTRUDEZ PHIL 1793-99
393 | MERCADO, GERTRUDEZ 244070875 106 393 | 0.29 | MERCADO, GERTRUDEZ PHIL 1793-99

Figure 3. Sample raw data provided by the mill district officer

4, RESULTS AND DISCUSSION
4.1 RS Derived Metrics

RS Derived Metrics
+FE:=RID
+Landsat NDVI
+Landsat EVI Walue
+MODIS HOVI (L)
+EFLER
+Leaf Area Index
+L5T
+3AVI
+30LK Lrea Estimatea (t)
+3AR Inundation




Vegetation Index is one of the critical considerations being used by the SRA to determine plant
growth, infestation and damage due to typhoon or extreme condition. The SRA uses free and available satellite
images to generate vegetation indices of a plot per mill district or province of operations. This vegetation index is
being collected, processed and analyzed to provide useful information in sugarcane phenology in particular. The
Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) are one of the few
indices utilized for growth maturity and age extraction of the annual sugarcane crop. This comes in a time series
of vegetation analysis and is being explained to farmers by field technicians. This RS based metrics will feed in
values to the sugarcane plots but is limited to the detection limit of the spatial resolution of the image being
referenced to.

4.2 Sugarcane Plots

‘Sugarcane Plots

+PE:GIS ID
+Easting
+Morthing
+Variety
+Planter
+Area

+Date Planted
+Crop Jtatus
+Mean NDVI
+FE:MD ID

Sugarcane class is the most important class in this conceptual modeling as this contains most of the
information that will feed into the mill and eventually will determine the yield or production. The sugarcane has
attributes of its location, area of coverage, date of planting, the status of the crop as noted by the farmers and the
vegetation index specific to the plant area or plot. This class is the smallest unit of carrier of information from the
database represented as a polygon with which the canes are planted.

4.3 Road
Road

+EK:R_ID
+Boad Tvpe
+Iength
+FE:M ID
+Rccess Type

The road class contains information on how the sugarcane plot connects to the mills. The spatial data
collected for this research did not include the entire farm roads within the farm lots as this is still a work in
progress. This class is vital as we want to determine the type of access road to the sugarcane areas for harvesting,
planting and monitoring purposes for operation.

4.4 Sugarcane Mill

Sugarcane Mill
+PR:M ID
+Harvest in MT
+Easting
+Horthing
+FR:MD ID
+FE:R ID
+FE:GIS ID

Mill class was identified to be included in the conceptual model as mills produce different harvest at different
mill districts. The location of the mill also determines proximity to the sugarcane plots and will have an impact
on the transportation cost of harvesting and planting. The class mill also can produce data on harvest in the
rawest form and can be compared from one mill to another.

4.5 Sugarcane Plots



Mill District

+EH:MD_ID
+Province

+Municipalities
+Barangays
+Area Harvested
+Climate: Strin
+50il Type
+FE:M ID
+FK:DEV_ID
+FE:GI5 ID
This class is the largest unit of analysis in the conceptual model. Mill district aggregates data from
mills where in sugarcane data are feed in. The mill district also carries administrative boundary information for
the sugarcane locations for legal and administrative purposes. Climate also is aggregated in this class as climate
doesn’t change so much from sugarcane plot to another. Climate information is carried by this class as
comparison of yield/harvest will be done on a mill basis which may be in one or more mill districts. Soil types
are also aggregated in this class as local data on soil have not been acquired by the organization and that regional

soil classification is used as basis for delineating soil classification bounded by the mill districts.

4.6 Meteorological Data

Meteorological Data

+FR:DEV_ID

+Easting

+Morthing

+Type

+Sensor ID

+Locat ¥aEhin

+TRMM rainfall {RS)

+GFM rainfall (RS5)

+3clar Rad (Ground based)
+F=2l. Hum (Ground bassd)

This class will be a floating class from the rest of the database. Floating because the data coming from
this class is not controlled by the organization but from a third party software or application. This class will be an
important factor that will feed data to the mill district to be able to predict weather scenarios that might help
explaining how vyield is affected by environmental processes. The type attribute in this weather station will
determine the frequency and type of information that can be used from the nearest weather station that would
approximate the climatic condition affecting the sugarcanes at a point in time.

4.7 Field Data

Field Data

+Area Estimate
+hrea Infestation
+Est. Area Flooded
+Irrigation
4+5talk Height
+5talk Diameter

The organization collects a number of field data across the country. This data are saved in own personal desktop
and hard drives and thus no network serves as a bridge to access the field data within and among mill districts.
The geospatial data is manually edited and saved according to assigned field personnel. Data type varies floating,
integer and varying characters without standard naming convention or coding system that would identify who,
when and where the data points to at a given time. This field data is summarized by mill districts but data
organization. This primary field information being vital input to the yield estimation system should be well
documented in the database system and the figure above shows some of the information that need to be included.

4.8 Yield

Yield

+Tons canes per hectare

+Yield of Mill District per Year: Floa
—Correction Factor: Environmental Extremes
-Correction Factor: Bat Infestation

This conceptual design integrates all the data within the database. This is basically a single formula that will
estimate the yield of sugarcane per ton canes at plot level using Remote Sensing derived metrics coupled with




meteorological and field data. Correction factors like infestation and environmental extremes not directly
detectable by remotely-sensed information are being estimated spatially by field personnel.

Yield

+Tons canes per hectare

+¥ield of Mill District per Year:
—Correction Factor: Environmental Extremes
—Correction Factor: Bat Infestation
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Figure 4. Conceptual / Logical Model design for Sugarcane Harvesting

As illustrated in figure 4, the relationships of each class are explained in this conceptual model.
Beginning from the earth observation data where various vegetation metrics and meteorological data will be
extracted from the raster to the sugarcane plots, this shows a partly weak association in anticipation of the
unavailability of RS imagery and/or when visibility due to cloud cover does not permit full coverage of the area.
Since the database is designed to be dynamic for multi-sourced RS images, vegetation metrics can be derived
from high spatial and/or high temporal resolution images. The vegetation indices has a capability to handle
historical datasets through time series observation using MODIS Terra data. SAR data will be primarily used to
determine total area planted since SAR datasets are not affected by clouds and can acquire even at night time
conditions. The sugarcane plot class will serve as the smallest carrier of information for this database. RS derived
metrics and GIS data populated by field observations and meteorological data will be an input to the sugarcane
plots for further analysis in the yield estimation model at the mill district level.

Meteorological data class has a weak relationship with the mill district class because of data
availability and time delay before ground measurements are acquired and directly explain phenological response
of vegetation to climate. Although the mill district has its own automatic weather stations, the local variability in
weather play an important role in sugarcane growth. This limitation in ground measurement can be
complimented by RS data like Tropical Rainfall Measurement Mission and Global Precipitation Model (TRMM
and GPM).

Mill district has a very strong relationship with yield as all the data here are used as input to estimate
the yield with the estimated correction factor being used by SRA. The correction factor accounts for
environmental extremes (drought and La Nina) and rat infestation as a negative coefficient being multiplied to
the total yield of sugarcanes per hectare before actually milling the sugarcane. This computes the yield in the
rawest form.

The SRA collects and manages a collection of GIS data for all its Mill Districts (Province) for its reporting and
estimation purposes. As shown in figure 4 below, the coverage of sugarcane database and all its growth factors
varies from where the mill district is located.
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Figure 5. The Physical Model of the Sugarcane Yield Database

Conceptual model was converted into a physical model by adding the attribute operations and data types for all
the class and attributes. Correct data types are vital for database input as this would determine if query operation
can be performed in the attribute. The basic functions such as data entry, editing and how this relates to other
class are also given in the physical model. The physical model was implemented in PostgreSQL for the spatial
database design. All fields and attributes followed the standard data types specified in figure 5. Actual data were
used to test the functionalities and identify if problems exists. The relationships in the physical model was
modeled using an Entity-Relationship model. This modeled relationships uses the primary and foreign keys of
each attributes and class to test if relationship exist and query operation can be performed. Result below show
some query operations following the physical model above. The sample query used were from actual use-case
scenarios between the researchers and the client (SRA).

4.9 Temporal RS data and database
Results from the physical modeling are promising as query operation are effectively carried out and relationship

do exists between modelled attributes and classes. This query operations were demonstrated and showed to be
effectively returning the query results as illustrated below.
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Figure 6. (A) Synthetic Aperture Radar temporal backscatter with classified areas of sugarcane and (B) MODIS
Time-series of NDVI for a single crop year

4.10 Spatial and Table Queries

The following query operations are demonstrations of some use case scenarios from the stakeholders. The
following queries were executed using PostgreSQL and PostGIS commands:

OMTEXT: PL-/pgS8QL function addrasterconstraints{name.name.name.boolean.boolean.
oolean.hoolean.boolean.boolean.boolean.boolean,.boolean.boolean.boolean.boolean’
53 at RETURH
sgl:ERA_NDUI .5gl:11754: NOTICE: Adding out—of-—database constraint
ONTEXT: PL/pgSQL function addrasterconstraints{name.namne.name.boolean,.boolean,
oolean.hoolean.boolean.boolean.boolean.boolean,.boolean.boolean.boolean.boolean’
i 53 at RETURN
sglz8RA_NDUI .sgl:11754: HOTICE: Adding maximum extent constraint
: PLspgSQL function addrasterconstraints{name.nane.name. boolean. boolean.
oolean.hoolean.boolean.boolean.boolean.boolean,.boolean.bhoolean.boolean.boolean’
line 53 at RETURN
addrasterconstraints

sUserssMikel>rasterZpgsgl —d —C -1 —t 188x188 —s 4326 “C:\UserssMikel-Desktop
*MSc Geomatics™~GmE 228 - Spatial Databases“Project~B4_Raster~SRA_NDUI.tif" >NDUI
=gl

Processing 1-1: C:slUserssMikelsDesktop“\t*MSc Geomatics“GmE 228 — Spatial Database
“Project \B4_Raster~SRA_NDUI .tif

~UserssMikel>psgl —d sra —f NDUI.sqgl -U postgres

Figure 7. Loading the raster data (NDV1) in Postgresql using the raster2pgsql command

Sample Query Operation: How many ground based meteorological stations are within a mill districts?

42} Query - gme_220 on postgres@localhost5432 * - O X
File Edit Query Favourites Macros View Help
= T‘ D 6 d— b k& % & [ gme_220 on postgres @localhost: 5432
SQL Editor = Graphical Query Builder L4
Previous queries b Delete All

SELECT count{locaticn)
FROM public.met location, public.milldistrict
[E WHERE SI_IntErsectsl(met_lccatlcn.gecm,mllldistrict.gecm) AND milldistrict.name_l="Batangas':

< >

Qutput pane x

Data Output | Explain Messages History

A

count
bigint
1 16

Figure 8. Result of the number of returned meteorological stations

Query Operation: How many sugarcane farms are within 10 km away from the mill in Batangas?



= Query - sra_yess_db on postgres@localhost:5432 o &
File Edit Query Favourites Macros View Help
= | Iy | | | b R g | | ¢| O sra_yess_db on postares@localhe

SQL Editor | Graphical Query Builder SImat i =
Previous queries v Delete Delete All
SELECT brgy, planter, area_ha
FROM mills, sugarcaneplots sugar
WHERE prov = 'Batangas' BND m_id = 'MIDOO4' AND planted = 1 RND
5STI_Containa (5I_Buffer(mills.gecm, 10 ), 8ugar.geom) ;
€ >
Output pane x
Data Output | Explain Messages History ¥
brgy planter area_ha
h varying(50)| ch varying(50) |double precision
1 Cayponce Seferinc Ascue 1.285
2 [coral Wi Lopez 0.101
3 |Coral Ni Lopez RAurora Bilog 0.318
4 Calantas Juan Marasigan 0.218
5 Calantas Juan Marasigan 0.29
6 |Pantay Sopio Ilagan 0.056
7 Dacanlao Segundo Macalalad 0.208
8 Dacanlaoc Marcelo Manalo 0.078
9 Dao 1.932
10 Duhatan Sofrianc Ramos 0.665
11 |San Piro Arceli Arellanc 1.934
12 Sampaga 1.851
13 |Tanggoy Mamerto De Castro 0.204
14 Gumamela Gregorio Ellao 0.872
15 |Duhatan Lydia Maningat 1.022
16 Cuhatan Lydia Maningat 0.273
17 |Duhatan Lydia Maningat 0.177
18 |Canda 0.96%
19 |Dubhatan Lydia Maningat 1.27
20 Malalay Sofrianc Ramos 0.16
21 Iriharan nEriann Damns o a1s o
Ok, DOS  Ln4, Col 1, Ch 132 5299 rows, 3.0secs

Figure 9. Results of the returned number of farms within 10 kilometer

Sample Query operation: Sum of total sugarcane per year for the last five years

#F Query - gme_220 on postgres@localhost:3432 * - m} X
File Edit Query Favourites Macros View Help
= | & | L2l | d;‘ b RE QE] %8 | | ¢ O gme_220 on postgres @localhost: 5432
SQL Editor | Graphical Query Builder ¥
Previous gueries b Delete Delete Al
SELECT sum{cast{tc_1011 A5 numeric(l0,2))) A5 "2010-2011", -
sum(cast(tc_1112 AS numeric(15,2))) AS "2011-2012",
sum(cast(tc_1213 A5 numeric(15,2))) A5 "2012-2013",
sum(cast {tc_1314 A5 numeric(15,2))) A5 "2013-2014",
sum(cast (tc_1415 A3 numeric(15,2)}) A5 "2014-2015"
FROM
public.milldistrict;| ©
< >
Output pane x

Data Output | Explain Messages History

2010-2011 |2011-2012 |2012-2013 2013-2014 |2014-2015
numeric numeric numeric numeric numeric

1 2631562.22|2751565.222572074.684 2401664.18 845199.09

Al

Figure 10. Results of the sum of total sugarcane yield for 5 years

All software used for this research are open source and are licensed to creative commons. Diag ver.
0.97.2 was used for the modeling, Postgresgl ver 9.3.9 for the database with PostGIS extension for spatial
database and QGIS ver 2.0 for the spatial display and direct connectivity with postgresgl database.
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Figure 11. The workflow for the web interface of sugarcane yield estimation highlighting the spatial database

Finally, the spatial database can serve as a link between RS based earth observation data for yield modelling and
the IT infrastructure as the physical model can be used to communicate with the web user interface easily. As
illustrated in figure 10. The spatial database will serve as an intermediate link between the database and the earth
observation data and the user can interact with the system, extract information and use it for decision making.

5 CONCLUSION

Based on the results, conceptual modeling followed by physical modeling showed an effective way of
operationalizing the concepts of entities and relationship of real world physical and spatial attributes and that the
relationship found therein can provide useful information. The spatial database being one of the most vital part of
object modeling proved to have actual use and the importance in agricultural application utilizing open source
earth observation data and database tools. Creating a decision support system for an agricultural application is
not expensive and that information technology can now be utilized at the farm level at very low to no cost with
the advancement of geospatial technology.
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