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ABSTRACT:

The balance between food security and energy security is a national issue of extreme importance. A more stable supply of electricity
could be achieved as solar farms expand but at the expense of losing some of the prime agricultural lands which endangers
availability of sufficient agricultural produce. This study aims to use ANN-Cellular Automata (CA) via the Geographic Information
System (GIS) platform and remote sensing (RS) data to assess the impact of cropland transition to solar farms and other land
use/land cover (LULC). Several remotely sensed data were processed including MODIS land cover data (MCD12Q1), VIIRS
nighttime lights (VNL v2.1), Advanced Himawari Imager Shortwave Radiation (AHI-SWR) product, and population density
(LandScan) as inputs to the Cellular Automata-Artificial Neural Network (CA-ANN) model to simulate LULC changes in Tarlac
Province, Philippines via the Modules for Land Use Change Evaluation (MOLUSCE) plugin in QGIS. For years 2019, 2023 and
2027 with 2015 as the base year, results showed an increasing trend for savannas and grassland with ALULC values of +11.4% to
+15.1% and +0.2% to 3.5%, respectively. Meanwhile, a decreasing trend is observed for built-up/water, forest, and cropland with
ALULC values of -3.0% to -6.3%, -8.5% to -21.1%, and -3.9% to -4.2%, respectively. Results also showed a conversion of a 100-ha
area of croplands to solar farm from year 2019 to 2023 which translates to an estimated monetary loss from agricultural produce due
to solar farm conversion amounting to Php 7,584,720.00 (~USD 138,000) which is equivalent to the total average annual income of
about 67 families in Tarlac. Lastly, the simulated 2027 LULC map showed pixels with unrealistic conversions from solar farm (year
2023) to cropland (year 2027). To improve the model, it is recommended to add more spatial data to effectively capture factors that
may contribute to the expansion of solar farms in the future. Moreover, high resolution LULC maps (vector maps if available) can
be used instead of a course resolution satellite-derived raster data. Nonetheless, this study has demonstrated the use of RS, GIS and
machine learning techniques to model cropland conversion to solar farms and other LULC classes. Results from this study can
provide scientific data to policy makers, solar industry players and other relevant stakeholders in doing technoeconomic assessment
of solar farm development and expansion considering its effect on energy security and food security towards national sustainable
development.

1. INTRODUCTION neural networks (ANN) have been extensively used for LULC
change studies with satellite data as important inputs
(Muhammad, R. et al., 2022; Kamaraj, M. and Rangarajan, S.,

2022; Megahed, Y. et al., 2015).

Food security and energy security are two of the most pressing
global issues of today. The United Nations Sustainable
Development Goals (SDGs) seek to address these concerns by

providing goals targeting to end all forms of poverty  The Advanced Himawari Imager (AHI-8) is a multipurpose

everywhere, achieve food security, and guarantee everyone’s
access to affordable, reliable, sustainable, and modern energy
(United Nations, 2015). To meet the growing demand for
energy, countries around the world have been utilizing
renewable sources of energy. However, conversion of
agricultural lands to solar power plants poses serious concerns
with regards to food security. It is for this reason that the
Philippine Department of Agrarian Reform (DAR) proposed a
two-year moratorium on land conversions (Gomez, E. J., 2019).
Therefore, there is a need to assess how much agricultural areas
have been converted to different uses (e.g., energy use) and how
it can negatively affect food security while trying to meet
legitimate needs of the nation (e.g., energy supply).

The integration of remotely-sensed data and geographic
information system (GIS) has become a powerful tool in land
use/land cover (LULC) change analysis for different
applications including, but not limited to, its impact on
vegetation cover, urban expansion, deforestation, food security
and energy security (Hussain, S. et al., 2020; Guo, L. et al.,
2021; Hassan, Z. et al., 2016; de Luna, A. D. et al., 2021).
Meanwhile, machine learning algorithms such as artificial

moderate resolution geostationary imager which operators
across the 16 channels from the visible to the infrared regions
with wavelengths of 470 nm to 13.30 um and bandwidth of 20
nm to 0.37 um (JAXA-EORC, 2015; Bessho et al., 2016).
Shortwave Radiation / Photosynthetically Available Radiation
(SWR/PAR) product of AHI-8 is derived from a model
proposed by Frouin and Murakami (2007) which uses plane-
parallel radiative transfer theory (Frouin and Murakami, 2007;
Takenaka et al., 2011). Studies of Yu et al (2018) and Zhang et
al (2022) showed that AHI-8 product exhibits the highest level
of accuracy when validated with ground data and compared to
other satellite data such as MERRA-2, CERES-SYN and ERA-
Interim.

Machine learning (ML) techniques such as random forest (RF),
neural networks (NN), support vector machine (SVM),
maximum likelihood classifier (MLC), decision trees, and K-
Nearest Neighbors (KNN) (Gislason et al., 2006; Svoboda et al,
2022; Kulkarni and Lowe, 2016; Storie and Henry, 2018;
Alshari et al., 2023; Taati, A. et al. 2015; Norovsuren, B. et al.,
2019; Friedl and Brodley, 1997; Srimani and Prasad, 2012;
Upadhyay et al., 2016) have been used for land use/land cover
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mapping due to its high accuracy and efficiency. Moreover, NN
and Artificial Neural Networks (ANN) are often used
interchangeably on machine learning applications. ANN
demonstrated to be particularly effective in classifying different
types of land use/land cover and has been used in various
studies for mapping land use/cover, including the use of
remotely sensed data (Alshari et al., 2023; Mishra et al., 2018;
Kadavi and Lee, 2018; Rojas et al., 2020; Dede et al., 2022). A
study by Kadavi and Lee (2018) found that ANN outperformed
SVM. The same observation was supported by Ge et al (2020),
where ANN had the highest accuracies compared to other three
machine learning algorithms (RF, KNN, SVM).

To date, there has been no significant study done yet to quantify
and model the expansion of solar farms using machine learning,
RS and GIS techniques. As such, this study aims to use ANN-
Cellular Automata (CA) via the GIS platform and remote
sensing data to assess the transition of croplands to solar farms
and other LULC. Results of this study can provide scientific
information to relevant stakeholders in both the agriculture and
energy sectors with regards to formulating policies and plans to
achieve food security and energy security.

2. STUDY AREA

The study area covers the city of Tarlac, and municipalities of
Capas, Concepcion, Gerona, La Paz, Pura and Victoria (Fig. 1).
Two large solar power plants are currently operating in the area
namely, the PetroSolar/Tarlac City and Concepcion Solar Power
Plants. Tarlac province is home to more than 107,000 hectares
of agricultural farms as of 2002 (NSO, 2012).
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Figure 1. Study area in Tarlac Province, Philippines.
3. METHODOLOGY
3.1 Data

Three satellite products are used in this study summarized in
Table 1.

Data Description Resolution | Year
MCD12Q1 Land cover types 500m 2015,

2019
VNL (v2.1) | Nighttime lights 500m 2019
AHI-SWR Shortwave radiation | 5 km 2019
LandScan Population density 1 km 2019

Table 1. Satellite data used in this study.

MCDI12QI1 Land Cover Type Product is a global land cover
dataset at 500-m spatial resolution generated by performing a

supervised classification on Moderate Resolution Imaging
Spectroradiometer (MODIS) reflectance data. The said product
was downloaded from the Land Processes Distributed Active
Archive Center (LP DAAC) of NASA’s Earth Observing
System Data and Information System (EOSDIS) (L.P. DAAC,
2019). Five LULC classes are defined in this study: built-
up/water (no solar PV installation areas), forest, savanna,
cropland, grassland, and solar power plants (SPP).

Meanwhile, the version 2.1 of the annual global Visible and
Infrared Imaging Suite (VIIRS) nighttime lights (VNL) was an
upgrade of Version 2, corrected for a bug in calculating for the
annual average radiance filtering technique (Elvidge et al,
2021). VNL data was downloaded from the Earth Observation
Group  of Payne  Institute for  Public  Policy
(https://eogdata.mines.edu/products/vnl).

Lastly, the shortwave radiation (SWR) is a product from
Advanced Himawari Imager (AHI) 8/9 (AHI-SWR) and
downloaded via the JAXA  Himawari = Monitor
(eorc.jaxa.jp/ptree/index.html). The AHI-SWR has a spatial
resolution of 5 km and temporal resolution ranging from 10-
minutes to 1-month for the full disk extent. Each raster contains
multiple bands which includes data on the total atmosphere
optical thickness, total atmosphere angstrom exponent,
photosynthetically active radiation, shortwave radiation,
ultraviolet-A radiation, ultraviolet-B radiation (JAXA-EORC,
2015; Bessho et al., 2016). Level 3 monthly data of the AHI-8
SWR/PAR product is derived from the hourly data at each
pixel. Raster Calculator from the Raster analysis tools in QGIS
was then used in this study to process the annual SWR data of
the Philippines from the AHI-8 L3 SWR monthly NetCDF
rasters. The resolution, spatial extent and output coordinate
reference system were copied and calculated from the existing
raster data.

3.2 Methods

The general methodology used in this study is shown in Fig. 2.
Satellite data were downloaded and resampled to 500-m spatial
resolution and clipped to the study area’s boundary. Pixels in
the 2019 land cover dataset were manually edited to reflect the
actual location of solar farms via the Serval plugin in QGIS and
later assigned a separate pixel value (i.e., “5”). The MOLUSCE
plugin in QGIS was then launched. = The Modules for Land
Use Change Evaluation (MOLUSCE) is an open-source plugin
for QGIS 2.0 and above, developed by Asia Air Survey Co.,
Ltd. designed to analyse, model, and simulate LULC changes
(Gismondi, M. et al., 2014). The 2015 and 2019 LC data were
assigned as “Initial” and “Final” LULC dataset, respectively,
while data on nighttime lights, population density and
shortwave radiation were assigned as “Spatial variables”. Next
is the evaluation of correlation among the input variables,
computation for area changes, transition potential modelling
using ANN (multi-layer perceptron) method, and CA
simulation.

Cellular automata (CA) is a mathematical model consisting of a
network of cells, each with a state that changes over time
according to a set of rules (Wolfram, 1983). CA is used in land
use/land cover studies to simulate changes in territory cover
over time due to variables like population increase, urban
development, and climate change (Guzman et al., 2020;
Pratomoatmojo, 2018; Pinto et al., 2021). Moreover, studies
combined cellular automata-artificial neural networks, termed
as the CA-ANN method, with the ANN predicting the possible
outcomes of transitions in the CA model (Norizah et al., 2023;
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Yang at al., 2016; Sajan et al., 2022). This method is known to
be useful for forecasting changes in land use/land cover and can
aid in long-term management and planning efforts.
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Figure 2. General methodology of this study.

The calibrated CA-ANN model was run to simulate the LULC
distribution for the year 2023 using the input data for years
2015 and 2019. Since there is no available MCD12Q1 data yet
for year 2023, the simulated LULC map was compared with
latest high resolution satellite image from Google Earth with
emphasis on the possible expansion of solar farms. The model
was rerun to simulate a LULC map for the study area for year
2027 this time using input data for years 2019 and 2023.

Percent change in land use/cover for a particular year compared
to the base year (i.e., 2015) was computed per LULC class
using Eq. (1):

Pixel, — Pixel
ALULC,.‘,(=Z ixely, =2 Pl 10004 0
7 Y Pixel,,

where ALULC:i;« is the percentage change in a LULC class k for
a proceeding year j as compared to the base year i, Pixeli; and
Pixely; are the pixel values assigned to class & for years i and j,
respectively.

Moreover, Eq. (2) is used to compute for the estimated
monetary loss from agricultural produce due to solar farm
conversion:

P

loss

=4

loss

xYxP

Jfarmgate x 1000 @
where Puss is the monetary equivalent of agricultural produce
lost due to solar farm conversion, Y is the palay yield per
hectare (tons/ha), and Prurmgae is the average farmgate price of
palay (dry) (Php/kg), and 1000 is the unit conversion factor for
tons to kg.

from  which

Lastly, further analyses were done

recommendations would be based.

4. RESULTS AND DISCUSSIONS
4.1 Correlation of data inputs and area changes

Among the three spatial variables, the nighttime lights (VNL)
and population density (PD) had the highest Pearson’s
correlation value of 0.54, followed by shortwave radiation
(SWR) and PD (0.21); while SWR and VNL had the lowest
correlation (0.16).

Fig. 3 shows the cropland conversions to grassland, savanna and
SPP corresponding to 0.9%, 5.5%, and 0.4% LC changes,
respectively.

(a) (b) ©
Figure 3. Cropland conversions (2015-2019) to (a) grassland,
(b) savanna, and (c) solar power plants.

4.2 Transition potential mapping and simulation

The transition potential modelling was done via the ANN multi-
layer perceptron which was optimized with the following
parameter values: neighbourhood = 1 px; learning rate = 0.010;
maximum iterations = 100; hidden layers = 5; momentum =
0.060; current validation kappa = 0.82. The neural network
learning curve is shown in Fig. 4a. Meanwhile, Fig. 4b shows
the LULC transition for 2015-2019 (actual) and 2019-2023
(simulated). This simulation showed a further decrease in
cropland areas to about 0.28% from 2019 or -4.39% from 2015.
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Figure 4. Result of transition potential modelling in
MOLUSCE: (a) Neural network learning curve, (b) LULC
transitions.

The LULC map for 2019 is shown in Fig. 5 together with the
resulting maps from the model runs for the years 2023 and
2027. The said maps show a seemingly unchanged distribution
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of LULC classes through the time periods considered. However,
upon closer inspection, new four pixels solar farms can be seen
as having been added in year 2023 in a span of four years (i.c.,
2019-2023). These new solar farms pixels can be translated to
about 100 hectares of land which are previously croplands.
Based on the latest satellite image from Google Earth Pro, these
pixels are indeed located in the new solar farms called
Concepcion Solar and Sta. Rosa Solar being operated by Solar
Philippines Tarlac Corporation and Terasu Energy Inc which
have been in commercial operation since February 2020 and
January 2022, respectively (DOE, 2021; DOE, 2022).
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Figure 5. Land use/land cover map for the years (a) 2019, (b)
2023 and (c¢) 2027. The last two maps were simulated using the
Cellular Automata in MOLUSCE plugin.

According to the Philippine Statistics Authority, the palay yield
in Tarlac is 4.29 metric tons/ha as of the third quarter of 2022
while the average farmgate price of palay (dry) is at Php
17.68/kg as of December 2022 (PSA, 2022; PSA 2023).
Assuming that the estimated 100-ha area that were previously
planted with rice, Tarlac being one of the country's major rice-
producing provinces (Mamiit et al, 2021), the estimated
monetary loss from agricultural produce due to solar farm
conversion is Py = Php 7,584,720.00 which is equivalent to
the total average annual income of about 67 families in Tarlac
province based on statistical data (NSO, 2008).

In the 2027 simulation of LULC, it is apparent that some of the
solar farm pixels remain as is, but some were replaced by other
LULC class including cropland (Fig. 6). Although it is
possible, this conversion type (i.e., solar farm to cropland) is
highly unlikely as evidenced by the latest satellite imagery of
the same area. With this observation, a refinement of the model
is deemed needed. It is recommended to add more spatial data
as inputs to the CA-ANN model including road network, digital
elevation model, energy transmission/distribution line network,
among others. If historical and most recent LULC maps in
shapefile format are available from the concerned government
agency (e.g., such as the Philippine National Mapping and
Resource Information Authority), these can be used as initial
and final LULC maps as opposed to the course spatial
resolution of MCD12Q1 raster data.
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(b)
Figure 6. Predicted of LULC map for year 2027: (a) realistic
prediction since solar farm remains as is; (b) unrealistic
prediction since solar farm is converted back to cropland.

Fig. 7 shows the percentage of LULC changes for years 2019,
2023 and 2027 with 2015 as the base year. In general, there is
an observed increasing trend for savannas and grassland with
ALULC values of +11.4% to +15.1% and +0.2% to 3.5%,
respectively. Meanwhile, a decreasing trend is observed for
built-up/water, forest, and cropland with ALULC values of -
3.0% to -6.3%, -8.5% to -21.1%, and -3.9% to -4.2%,
respectively. As there are no savannas in the Philippines, the
two classes—savannas and woody savannas—as defined in the
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attributed to the percent of
canopy/vegetation cover with the latter having higher
percentage than the former. As such, in dealing with these
classes, their percentage of vegetation canopy cover can be used
to indicate possible conversion to solar farms, with the decrease
in canopy cover suggesting a high possibility of conversion
from vegetation to solar farm.

IGBP system can be
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Figure 7. Percentage of LULC changes from 2015.

5. CONCLUSION AND RECOMMENDATION

This study utilized various remotely sensed products, GIS and
machine learning techniques to assess the impact of cropland
conversion to solar farms. Specifically, satellite-derived data on
land cover types (MCDI12Q1), nighttime lights (VNL v2.1),
shortwave radiation (AHI-SWR), and population density
(LandScan) were inputs to the MOLUSCE plugin in QGIS to
simulate via the CA-ANN algorithm the LULC changes in
Tarlac Province, Philippines. In terms of LULC change rate, it
is observed that there is an increasing trend for savannas and
grassland with ALULC values of +11.4% to +15.1% and +0.2%
to 3.5%, respectively. Meanwhile, a decreasing trend is
observed for built-up/water, forest, and cropland with ALULC
values of -3.0% to -6.3%, -8.5% to -21.1%, and -3.9% to -4.2%,
respectively. Results also showed a conversion of a 100-ha area
of croplands to solar farm from year 2019 to 2023 which
translates to an estimated monetary loss from agricultural
produce due to solar farm conversion amounting to Php
7,584,720.00 (~USD 138,000) which is equivalent to the total
average annual income of about 67 families in Tarlac. Lastly,
the simulated 2027 LULC Map showed pixels with unrealistic
conversions from solar farm (year 2023) to cropland (year
2027). 1t is therefore recommended to add more spatial data to
effectively factors that may contribute to the expansion of solar
farms in the future. Moreover, high resolution LULC maps
(vector maps if available) can be used instead of a course
resolution satellite-derived raster data. Nonetheless, this study
has demonstrated the use of RS, GIS and machine learning
techniques to model cropland conversion to solar farms.
Results from this study can provide scientific data to policy
makers, solar industry players and other relevant stakeholders of
both agriculture and solar energy in doing technoeconomic
assessment of solar farm development and expansion
considering its effect on energy security and food security
towards national sustainable development.
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