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Abstract

Malaysia, a prominent producer of palm oil in Asia, faces the challenge of regulating plantations to ensure
optimal productivity. Manual monitoring proves impractical due to the associated energy, expense, and time
constraints. Consequently, cost-effective, and time-saving alternatives such as remote sensing (RS) and
Geographic Information System (GIS) utilizing satellite imagery become crucial for palm oil monitoring. These
technologies leverage spectral and texture studies for vegetation classification. This study integrates remote
sensing techniques to assess soil moisture dynamics and vegetation health in oil palm plantations, aiming to
enhance sustainable agricultural management practices. The research utilizes the Soil Moisture Index (SMI)
and Normalised Difference Vegetation Index (NDVI), derived from Landsat 9 satellite imagery accessed and
processed using Climate Engine and ArcGIS Pro software, to analyze seasonal variations and their implications.
Key findings reveal distinct seasonal patterns: high soil moisture levels during wet periods (SMI Level 5)
support optimal vegetation health (NDVI Level 3) and face challenges of waterlogging, contrasted with low
soil moisture during dry seasons (SMI Level 1), requiring adaptive irrigation strategies to maintain vegetation
health. Correlation analysis underscores the significant relationship between soil moisture, vegetation health,
and climatic variables (temperature, precipitation), guiding the development of targeted management strategies.
This research contributes novel insights into the integrated use of SMI and NDVI for agricultural sustainability,
offering practical implications for adaptive management and resource optimization in oil palm plantations,
such as developing irrigation schedules and drainage systems tailored to seasonal conditions.

Keywords: Climate, Oil Palm Plantation, Remote Sensing, Normalised Difference Vegetation Index,
Soil Moisture Index

1. Introduction

Oil palm plantations are economically significant as
they are a major source of vegetable oil globally,
supporting millions of livelihoods. Ecologically,
these plantations can impact local biodiversity and
soil health, making sustainable management
practices essential. Effective management of oil palm
plantations is crucial for maintaining productivity
and sustainability. Traditional methods of monitoring
soil moisture and vegetation health are often labor-
intensive and time-consuming. In recent years,
remote sensing technologies have emerged as vital
tools for monitoring agricultural landscapes, offering
a more efficient and cost-effective alternative
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[11[2][3][4] and [5]. These technologies enable the
collection of data over large areas at various temporal
and spatial scales, allowing for detailed analysis of
seasonal changes in soil moisture and vegetation
health.

Soil moisture and vegetation indices are critical
indicators of agricultural health and productivity,
especially in regions dominated by cash crops such
as oil palm plantations. Normalised Difference
Vegetation Index (NDVI) and Soil Moisture Index
(SMI) are widely used in remote sensing to monitor
vegetation cover and soil moisture, respectively.


https://doi.org/10.52939/ijg.v21i4.4069

Understanding the relationship between these indices
and climate factors such as temperature and
precipitation is crucial for effective plantation
management and predicting crop performance under
varying climatic conditions. The significance of this
relationship lies in its potential to enhance irrigation
practices, optimize fertilizer use, and mitigate the
impacts of climate change on crop yield and soil
health.

Remote sensing technologies enable continuous
monitoring over different seasons, providing insights
into how seasonal changes, particularly the dry and
monsoon seasons characterized by variations in
temperature and precipitation, affect soil moisture
and vegetation health. Mapping NDVI and SMI
during these seasons allows for a comprehensive
health assessment of the oil palm trees, identifying
stress factors and areas needing attention [6] and [7].
For example, remote sensing can detect variations in
soil moisture levels that might indicate irrigation
needs or potential water stress areas [8][9] and [10].
This early detection allows plantation managers to
implement targeted interventions, thereby improving
water use efficiency and reducing the risk of crop
failure.

Remote sensing provides a suite of tools,
including satellite imagery and aerial photography,
which can capture a wide range of spectral
information. Specific remote sensing techniques such
as Landsat 8 imagery, Sentinel-2, and MODIS
provide valuable spectral information for calculating
indices like NDVI and SMI. These techniques use
optical and thermal infrared sensors to capture data
relevant to vegetation health and soil moisture levels.
This information is essential for understanding the
health and status of vegetation [11][12] and [13]. For
instance, indices such as the Normalised Difference
Vegetation Index (NDVI) can be used to assess plant
health, especially in areas with varying soil
backgrounds, while the Soil Moisture Index (SMI)
helps in understanding the soil moisture levels
critical for the growth of oil palm trees. By leveraging
remote sensing data, it is possible to assess the
impacts of environmental factors and management
practices on oil palm plantations, facilitating timely
decision-making to optimize crop yields and resource
use.

Seasonal weather changes significantly influence
vegetation and soil moisture dynamics. Soil moisture
plays a critical role in vegetation phenology,
particularly in  water-limited regions where
temperature and soil moisture are key factors
affecting the start and end of the growing season [14].
Seasonal changes in forest ecosystems can alter soil
hydraulic properties, impacting soil moisture
dynamics. Variations in soil hydraulic parameters are
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closely related to changes in leaf area index, litterfall,
and heterotrophic respiration [15]. During the peak
growing season, global interactions between soil
moisture and climate factors reveal positive
relationships with precipitation and
evapotranspiration, and negative associations with
temperature. This highlights the compounding
effects of climate factors on soil moisture dynamics
[16]. In seasonally dry tropical forests, changes in
precipitation patterns significantly impact soil
respiration and ecosystem components. Delayed and
increased monsoon seasons lead to varying effects on
soil moisture and vegetation indices [17][18] and
[19]. Additionally, soil moisture levels are crucial for
the stability and repeatability of spectral index values
in geological remote sensing, emphasizing the need
for data collection under optimal soil moisture
conditions for accurate measurements [20].

The relationship between soil moisture index and
plant health is pivotal for understanding vegetation
growth and stress levels. Soil moisture index, derived
from remote sensing data, is a significant tool for
assessing plant water stress and overall health [7][21]
and [22]. Monitoring soil moisture levels is essential
for predicting drought stress, as insufficient soil
moisture inhibits plant growth and can cause damage
[23]. Soil moisture content can be estimated using
remote sensing technologies like NDVI and
interpolation methods, with interpolation being
recommended for mapping soil water content in oil
palm plantations [24]. The Normalised Difference
Vegetation Index (NDVI), derived from satellite data,
has shown significant correlations with soil moisture,
influencing crop health indicators in regions like
Nebraska [25]. Studies utilizing spectral indices like
NDVI, and Normalised Difference Water Index
(NDWI) have demonstrated the relationship between
soil moisture and vegetation health, particularly in
analyzing the impact of heatwaves on vegetation in
regions like Panjab, Haryana, and Rajasthan [26].
Synthetic Aperture Radar (SAR) data has proven
effective in retrieving soil moisture content, with
SAR-derived indicators like Radar Vegetation Index
(RVI) showing promising accuracy in assessing soil
moisture levels in oil palm crops [27] and [28].
Moreover, detecting diseases such as Basal Stem Rot
(BSR) in oil palm trees has been linked to soil
resistivity measurements. Healthy trees exhibit
higher electrical resistance readings compared to
infected ones, underscoring the importance of sail
properties in plant health assessment [27]. The
application of soil moisture indices in different
agricultural settings has proven effective in
monitoring plant health and guiding irrigation
practices [29].
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Additionally, studies have highlighted the significant
role of soil moisture in determining oil palm
productivity and health, emphasizing the need for
continuous monitoring and management [30] and
[31]. Despite the recognized importance of NDVI and
SMI in agricultural monitoring, there is a lack of
comprehensive studies that explore their relationship
with climate factors in oil palm plantations. Previous
research has largely focused on either soil moisture
or vegetation indices independently, without
integrating these parameters to understand their
combined impact on crop performance. Additionally,
there is limited research examining how these indices
vary across different climatic conditions, particularly
during the wettest and driest months. This gap in the
literature underscores the need for an in-depth
analysis to provide valuable insights for sustainable
plantation management.

The objective of this study is to leverage remote
sensing technology to monitor and analyze seasonal
variations in soil moisture and vegetation health
within oil palm plantations, thereby providing
valuable insights for sustainable management
practices. By integrating satellite data with climate
factors, the research aims to enhance our
understanding of how various environmental factors
and management strategies influence plantation
health and productivity over time. Specifically, this
study seeks to explore the correlation between the
Normalised Difference Vegetation Index (NDVI),
Soil Moisture Index (SMI), and climate variables such
as temperature and precipitation during the wettest
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and driest months. The key aims are to identify the
spatial and temporal variations of NDVI and SMI in
response to different climate conditions and evaluate
the impact of temperature and precipitation on NDVI
and SMI within the context of oil palm plantations. In
this research, remote sensing data from satellites such
as Landsat 9 were utilized to calculate NDVI and SMI
for the selected wettest and driest months. The
analysis involved the correlation of these indices with
temperature and precipitation data obtained from
Climate Engine. ArcGIS Pro Software was used for
mapping and spatial analysis. This research was
expected to contribute to the field of agricultural
monitoring by providing insights into the relationship
between soil moisture, vegetation health, and climate
factors. The findings were anticipated to aid in the
development of more effective management
practices for oil palm plantations, enhancing
productivity and sustainability. Furthermore, the
study demonstrated the utility of remote sensing
technologies in agricultural research, potentially
guiding future studies in similar contexts.

2. Material and Method

2.1 Study Area

Figure 1 shows a map of plantation, which spans 260
hectares and consists of four blocks: B36, B37, B38,
and B39. The geographical coordinates of the study
area are 4°03'31.49" N latitude and 103°13'33.18" E
longitude. The area of each block is detailed in Table
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Figure 1: Study area of Felda Cherul Plantation - PM05Q division map
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Table 1: The area of each block in the PM05Q division of the Felda Cherul plantation

Block

Area (hectares)

B36
B37
B38
B39
Total area

67.59
80.17
50.47
61.80
260.00

2.2 Satellite Image

To obtain high-quality satellite images with minimal
cloud coverage, the Climate Engine platform can be
utilized. Climate Engine provides access to pre-
processed satellite data, enabling efficient data
retrieval and analysis. The process begins by
selecting the desired dataset, such as Landsat 9, and
specifying the study area's coordinates along with the
required date range. This ensures that the data
corresponds to the relevant period and location.
Climate Engine offers built-in cloud filtering
techniques that automatically exclude cloud-
contaminated pixels using quality assessment bands,
ensuring only reliable data is used for analysis. The
platform provides the option to compute vegetation
indices such as NDVI, along with climate variables
like precipitation and temperature, directly from the
selected dataset. Once the parameters are set, the data
is processed and visualized through an interactive
interface, allowing for trend analysis and time-series
exploration. The processed data can then be exported
in various formats, such as CSV or GeoTIFF, for
further analysis in ArcGIS Pro software. This
streamlined approach helps in obtaining accurate and
cloud-free satellite observations, facilitating effective
monitoring of soil moisture and vegetation health in
oil palm plantations.

2.3 Research Framework

The flowchart in Figure 2 used for analyzing the
relationship between vegetation and soil moisture
indices due to seasonal impacts began with defining
study objectives and parameters. It moved on to data
collection, acquiring satellite imagery and
meteorological data. The data was then preprocessed,
including atmospheric corrections and normalization
for satellite images and organization of
meteorological data. Vegetation and soil moisture
indices (SAVI, and SMI) were calculated. Seasonal
analysis was conducted by selecting representative
months and calculating indices for these periods. The
data was then analyzed and interpreted through
temporal, spatial, and correlation analyses to
understand relationships and seasonal variations.
Finally, the results were visualized using graphs,

charts, and maps to present the findings. Heatmaps
were generated to visualize the distribution of
Normalised Difference Vegetation Index (NDVI) and
Soil Moisture Index (SMI) levels across different
blocks (B36, B37, B38, B39) and months (January,
July, August, December). These heatmaps provide a
clear and concise overview of vegetation health and
soil moisture variations, facilitating a more
comprehensive analysis

2.4 Climatology Temperature-Precipitation
Climatology, the study of climate, used data on
precipitation and temperature to find long-term
climate patterns. Precipitation and temperature were
important because they greatly affected the growth of
oil palm trees. By studying these factors, the aim was
to understand the best conditions for oil palm
cultivation and predict future climate changes that
might impact its growth. Both the temperature and
precipitation datasets were downloaded from Terra
Climate, a high-resolution climate data source that
provided detailed monthly climate and hydrology
data. Terra Climate integrated information from
satellites, weather stations, and climate models to
offer comprehensive climate data from 1958 to the
present. For this study, data was gathered from Terra
Climate at a 4 km resolution, covering the period
from January 2014 to December 2022, providing nine
years of data. The data can be accessed at the
following URL: https://app.climateengine.org/cli
mateEngine. The average monthly temperature and
precipitation data were analyzed to identify trends
and patterns.

The analysis aimed to identify the most critical
months during the dry season (typically from June to
September) and the monsoon season (usually from
November to February) so that their relationship and
effect on the soil moisture index and vegetation could
be studied. By pinpointing these critical periods, it
was possible to better understand how temperature
and precipitation variations impacted soil moisture
and vegetation health, which was essential for
developing strategies to optimize oil palm yields and
manage the effects of climate variability in
agriculture.
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Figure 2: Seasonal monitoring and analysis of soil moisture

2.5 Vegetation and Soil Moisture Estimation

Landsat 9 images were selected based on climatology
temperature-precipitation analysis for both dry and
monsoon seasons, specifically for the months of July,
August, December in 2021 and January in 2022.
Normalised Difference Vegetation Index (NDVI) was
employed in this research for evaluating vegetation
health and its temporal variability under different
climatic conditions. By using NDVI, it is possible to
evaluate vegetation cover and detect stress conditions
caused by seasonal variations. The index is
particularly effective in distinguishing between
healthy vegetation and areas of sparse vegetation or
bare soil. Healthy vegetation reflects more NIR and
less red light, resulting in higher NDVI values. The
NDVI is calculated as shown in Equation 1:

NIR - RED

NDVI = ———
NIR + RED

Equation 1

The Soil Moisture Index (SMI) is an essential
indicator used to estimate the moisture content in the
soil, which is crucial for assessing soil health and
vegetation conditions. SMI provides valuable
insights into soil-water availability and its impact on
vegetation, particularly in agricultural areas such as
oil palm plantations.

In this research, SMI was derived from remote
sensing data by combining two critical indices: the
Normalised Difference Vegetation Index (NDVI) and
Land Surface Temperature (LST). This combination
allows for a more accurate assessment of soil
moisture levels over large areas by integrating
information about vegetation health and surface
temperature. The SMI serves multiple purposes,
including monitoring drought conditions, planning
irrigation  schedules, and evaluating overall
agricultural productivity. In this research, the SMI
was calculated based on the LST values, as shown in
Equation 2:

oMl LT LST

©LST,, -LST,,,
Equation 2

For a given NDVI, the Land Surface Temperature
(LST) represents the surface temperature of a pixel
corresponding to a specific NDVI value, derived from
remote sensing data. LST is a crucial parameter that
reflects the thermal properties of the land surface and
provides insights into soil moisture and vegetation
conditions. The LST is calculated using the maximum
and minimum land surface temperatures, which
correspond to the highest and lowest temperatures
recorded for a given NDVI value in the study area.

International Journal of Geoinformatics, VVol. 21, No. 4, April, 2025
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



These values are critical for accurately representing
the thermal environment of the land surface. The
calculation of LST is based on Equation (3-7):

Tb
1+ aT—b Ing
CZ

Where Ty in °C is a satellite brightness temperature
as in Equation 4, a is the wavelength of emitted
radiance =10.8, C; =14,388 and ¢ is emissivity of the
surface as in Equation 5:

LST =

Equation 3

K
T, = K—Z —273.15
In (Hlj
Ll
Equation 4
&= 0.04P, + 0.986
Equation 5

Ki is sensor dependent calibration constant 1
(774.8853) and K is sensor dependent calibration
constant 2 (1321.0789), L, is Top of Atmosphere
(TOA) spectral radiance as in Equation 6, P, and CV
is correction value for Landsat Images = 0.986.

L, = MLQcal + AL

Equation 6
Where:
e My Radiance multiplicative scaling factor
(gain) from metadata (0.0003342)
e A.: Radiance additive scaling factor (offset)
from metadata (0.1).
e Qca: Digital number (DN)
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P, in Equation 7 stands for vegetation proportion,
which is the fraction or percentage of vegetation
cover in each area, typically at the pixel level in
remote sensing analysis. The formula of Py as in
Equation 7:

P_( NDVI - NDVI JZ

NDVI,,, - NDVI .,
Equation 7

3. Result and Discussion

3.1 Climatology Temperature-Precipitation Analysis
Temperature and precipitation data were collected
from the Climate Engine website, covering the period
from 2014 to 2022, which encompasses a total of 9
years. After collecting the data, it was plotted to
provide a clearer and more comprehensive graphical
representation. Figure 3 illustrates the climate data
plot over this 9-year period. The plot shows the
variations and trends in temperature and precipitation
over time. The temperature data reveal patterns of
seasonal changes, highlighting periods of warmer
and cooler temperatures. Meanwhile, the
precipitation data depict fluctuations in rainfall,
including periods of high and low precipitation.
These trends help in understanding the overall
climate behavior and identifying any significant
anomalies or changes over the study period. To
analyze the temperature and precipitation trends
specifically during the monsoon, the data were
divided into two seasons: the dry season and the
monsoon season. This division allows for a more
focused analysis of how climatic conditions vary
between these two distinct periods. The analysis
reveals a generally inverse relationship between
precipitation and temperature.
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Figure 3: Average Precipitation and Temperature Trends from 2014 to 2022
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For instance, the months of December and January,
which experience high precipitation, correspond to
lower average temperatures. This trend suggests that
during periods of high precipitation, temperatures
tend to drop, likely due to increased cloud cover and
reduced solar radiation. Conversely, during the dry
season from June to August, precipitation decreases
significantly while temperatures remain relatively
high, indicating reduced cloud cover and increased
solar radiation. The data indicates a strong influence
of the monsoon season, particularly in December and
January, when high precipitation levels are observed.
This is characteristic of tropical regions where
monsoon rains significantly impact monthly
precipitation patterns. In contrast, the dry season
from June to August is marked by low precipitation
and relatively high temperatures, suggesting
potential water stress for crops during this period.
This lack of rainfall and high temperatures likely lead
to increased evaporation rates and reduced soil
moisture, impacting crop health and growth.

To further investigate valuable insights into the
seasonal impact on vegetation and soil moisture data,
specific months were selected for detailed analysis.
July and August, identified as the driest months, were
chosen to understand the effects of minimal
precipitation and higher temperatures on vegetation
and soil moisture. In contrast, December, and
January, recognized as the wettest months, were
selected to analyze the influence of high precipitation
and lower temperatures on these parameters. By
comparing these distinct seasonal conditions, the
study aimed to gain a comprehensive understanding
of how varying climatic conditions affect vegetation
health and soil moisture levels throughout the year.
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3.2 Normalised Difference Vegetation Indexs (NDVI)
Seasonal Analysis

The Normalised Difference Vegetation Index (NDVI)
was classified as three levels: Level 1 (<0.75), Level
2 (<0.85), and Level 3 (<1). January and December
were chosen to study the impact of the monsoon
season, which represents the wettest months, while
July and August were chosen to evaluate the impact
of the dry season, which represents the driest months.
Blocks B36 and 37 (see Table 2 and 3) exhibit strong
vegetation health during the dry and transitional
months, with most of their areas classified under
Level 3 NDVI, reflecting high vegetation health. In
July, Block B36 shows 78.08% of its area at Level 3,
while Block 37 records 72.19%. Vegetation health
improves further in August, with Level 3 areas
increasing to 67.94% in Block B36 and 87.54% in
Block 37. Both blocks peak in December, with Block
B36 and Block 37 having 81.79% and 90.32% of
their areas, respectively, classified as Level 3. The
absence of Level 1 in both blocks during these
months highlights their strong vegetation resilience
and response to favorable conditions, particularly
during the monsoon transition. In January, during the
wet season, vegetation health declines in both blocks.
In Block B36, Level 3 areas drop sharply to 2.90%,
with Level 2 dominating at 90.11%. Similarly, Block
B37 sees Level 3 areas reduced to 22.36%, while
Level 2 increases significantly to 77.31%. Both
blocks also exhibit small portions of Level 1 areas for
the first time, with 6.99% in Block B36 and 0.33% in
Block B37. This decline in vegetation health during
the wettest month suggests environmental stressors
like waterlogging or reduced sunlight may have
impacted vegetation in both blocks, marking a clear
contrast to their strong performance earlier in the
year.

Table 2: Number of pixels and percentage of NDVI for each level in Block B36

Block July August December January
o2
T
B36
1 1
2
| e
Level N.O of % Level N.O of o Level Np of % Level N.O of %
pixel pixel pixel pixel
1 0 0.00 1 0 1 0 0.00 1 53 6.99
2 163 21.39 2 243  32.06 2 138 18.21 2 683 90.11
3 595  78.08 3 515 67.94 3 620 81.79 3 22 2.90
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Table 3: Number of pixels and percentage of NDVI for each level in Block B37

Block July August December January
I L ]
B37
i 5 1
1 o+ ]
2 I T
| JE
Level Nf) of % Level N9 of Level N.O of % Level Np of %
pixel pixel pixel pixel
1 0 0.00 1 0 1 0 0.00 1 3 0.33
2 250 2781 2 112 12.46 2 87 9.68 2 695 77.31
3 649 72.19 3 787 87.54 3 812 90.32 3 201 22.36
Table 4: Number of pixels and percentage of NDVI for each level in Block 38
Block July August December January
-k
B38
| o
!
Level NP of % Level N.O of Level N.O of % Level N.O of %
pixel pixel pixel pixel
1 2 0.35 1 2 1 0 0.00 1 2 0.35
2 124 2191 2 63 11.13 2 24 4.24 2 469  82.86
3 440 77.74 3 501 88.52 3 542  95.76 3 95  16.78

Block B38 in Table 4 shows high vegetation health
in most months, with Level 3 NDVI dominating July,
August, and December. In July, 77.74% of the block
is classified as Level 3, and 21.91% falls under Level
2, leaving only a negligible portion in Level 1
(0.35%). Similarly, in August, Level 3 increases to
88.52%, with Level 2 decreasing slightly to 11.13%.
By December, Level 3 reaches its peak at 95.76%,
while Level 2 decreases further to 4.24%, indicating
optimal vegetation health during this period.
However, in January, vegetation health declines
significantly, with Level 3 dropping to 16.78% and
Level 2 becoming dominant at 82.86%. A small
portion of the block, 0.35%, falls under Level 1,
reflecting a minor decline in vegetation health during
the wet season. Block B39 in Table 5 also exhibits
strong vegetation health during July, August, and

December, with a dominance of Level 3 NDVI. In
July, Level 3 accounts for 62.19%, and Level 2
covers 37.81%, with no areas classified as Level 1.
Vegetation health improves further in August, with
Level 3 increasing to 86.58% and Level 2 decreasing
to 13.42%. By December, Level 3 reaches its
maximum at 94.66%, with Level 2 covering only
5.34%. However, in January, vegetation health
declines notably as Level 3 drops to 2.89%, and
Level 2 becomes dominant at 90.04%. Additionally,
a small portion of Level 1 emerges, accounting for
7.07%, indicating a greater impact of the wet season
on this block compared to the others. Both Blocks 38
and 39 show strong vegetation health during the dry
and transitional months, with high percentages of
Level 3 NDVI in July, August, and December,
reflecting favorable conditions.
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Table 5: Number of pixels and percentage of NDVI for each level in Block 39

Block July August December January
K
i
B39
[ JE
Noof Noof | Noof Noof
Level pixel % Level pixel % Level pixel Yo Level pixel %
1 0 0.00 1 0 0.00 1 0 0.00 1 49 7.07
2 262 37.81 2 93 13.42 2 37 5.34 2 624  90.04

8 431  62.19 3 600

86.58 g 656 94.66 3 20 2.89

However, during the wet season in January,
vegetation health declines in both blocks, as Level 3
areas decrease dramatically, and Level 2 becomes
dominant. While wet season conditions usually lead
to higher NDVI values, the increase in cloud cover,
heavy rainfall, runoff, waterlogging, and lower
temperatures in January all contribute to the
unexpected drop in NDVI, though the values remain
within a healthy range (0.7 to 0.85). Block B39 is
particularly affected, with a more significant
emergence of Level 1 areas (7.07%) compared to
Block B38 (0.35%).

3.3 Soil Moisture Index (SMI) Seasonal Analysis

The Soil Moisture Index (SMI) was divided into five
levels: Level 1 (<0.35), Level 2 (<0.5), Level 3
(<0.65), Level 4 (<0.8) and Level 5 (<0.95). January
and December were selected to analyze the impact of
the monsoon season, representing the wettest
months, while July and August were chosen to assess
the impact of the dry season, representing the driest
months. During the wettest months, soil moisture
levels in Block B36 are predominantly classified as
Level 4 and Level 5 in December, indicating higher
moisture content. In contrast, January sees a
significant decrease in SMI, with the value
categorized under Level 2, as shown in Table 6. This
decline is likely due to a combination of reduced
rainfall, lower runoff, and stable evapotranspiration,
resulting in the soil retaining less moisture.
December exhibits a more even distribution, with
50.07% of the area classified under Level 4 and
49.93% under Level 5, reflecting the substantial
impact of the monsoon season in increasing soil
moisture. Conversely, during the driest months (July

and August), the SMI is entirely classified as Level 2
in July, underscoring the significant effect of the dry
season in reducing soil moisture content. A marked
shift occurs in August, where the SMI is entirely
within Level 4, indicating a recovery in moisture
levels despite the dry season's influence.

The trends for Block 37 are similar to those
observed in Block B36 as in Table 7. In July, the SMI
is dominated by Level 2 with 100%. However, in
August, there is a shift, with Level 3 at 10.29% and
Level 4 dominating at 89.71%. By December, Level
4 is still prominent at 35.20%, but Level 5 takes over
as the dominant level with 64.80%. In January 2022,
a more varied distribution is observed, with Level 1
representing 5.26%, Level 2 at 94.74%, and Level 3
at 6.60%. These fluctuations reflect the seasonal
changes impacting soil moisture levels in the
plantation area.

In December, Block B38 exhibits high soil
moisture levels, with 95.52% of the area at Level 5,
reflecting substantial moisture due to the monsoon
season (see Table 8). Similarly, Block B39 displays
elevated soil moisture levels, with 42.31% of the area
at Level 4 and 57.69% at Level 5, which dominates
the region (see Table 9). In August, Block B38
displays a nearly even distribution of soil moisture
between Level 3 (48.22%) and Level 4 (51.78%). In
contrast, Block B39 is predominantly at Level 3,
covering 68.45%, while Level 4 occupies 25.46%.
These patterns in August are similar for both blocks.
For both July and January, Blocks B38 and B39 show
identical SMI patterns, with 100% of the areas at
Level 2. In July, this indicates very low soil moisture
due to minimal rainfall during the driest month.
Despite
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Table 6: Number of pixels and percentage of SMI for each level in Block B36

Block July August December January
B36
1
2
H:
o 4 Noof 4 Noof 4 Noof Noof
e Level pixel % Level pixel % Level pixel % Level pixel %
1 0 0.00 1 0 0.00 1 0 0.00 1 0 0.00
2 721 100 2 0 0.00 2 0 0.00 2 716 100
3 0 0.00 3 0 0.00 3 0 0.00 3 0 0.00
4 0 0.00 4 718 100 4 359  50.07 4 0 0.00
5 0 0.00 5 0 0.00 5 358  49.93 5 0 0.00
Table 7: Number of pixels and percentage of SMI for each level in Block B37
Block July August December January
B37
1
2
M3
M ¢ N
o of No of Leve  No of Leve  Noof
Level ; % 00 0
| v pixel ° Level pixel % I pixel 20 I pixel %
1 0 0.00 1 0 0.00 1 0 0.00 1 45 5.26
2 860 100 2 0 0.00 2 0 0.00 2 811 94.74
3 0 0.00 3 88 10.29 3 0 0.00 3 0 0.00
4 0 0.00 4 767  89.71 4 302 35.20 4 0 0.00
5 0 0.00 5 0 0.00 5 556  64.80 5 0 0.00
Table 8: Number of pixels and percentage of SMI for each level in Block B38
Block July August December January
B38
1 .
2
| ]
[
M s Level Noof o Level NOOF  op Level NOOF op Level NOOF op
pixel pixel pixel pixel
1 210 39.03 1 0 0.00 1 0 0.00 1 222 4134
2 328  60.97 2 0 0.00 2 0 0.00 2 279  51.96
3 0 0.00 3 258  48.22 3 0 0.00 3 36 6.70
4 0 0.00 4 277 51.78 4 24 4.48 4 0 0.00
5 0 0.00 5 0 0.00 5 512  95.52 5 0 0.00
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Table 9: Number of pixels and percentage of SMI for each level in Block B39

Block July August December January
B39
1
2
[ JE
M -
B Noof Noof Noof Noof
Level pixel % Level pixel % Level pixel % Level pixel Yo
1 32 4.85 1 0 0.00 1 0 0.00 1 113 17.20
2 628 95.15 2 40 6.10 2 0 0.00 2 544  82.80
3 0 0.00 3 449  68.45 3 0 0.00 3 0 0.00
4 0 0.00 4 167 25.46 4 278 4231 4 0 0.00
5 0 0.00 5 0 0.00 5 379 57.69 5 0 0.00

January being one of the wettest months, a sudden
drop in soil moisture is observed. This drop is
attributed to the combination of low rainfall, low
runoff, and a stable evapotranspiration rate,
consistent with the trends observed in Blocks B36
and B37 for January 2022. Based on the analysis of
Blocks B36, B37, B38, and B39, seasonal variations
have a significant impact on soil moisture content.
During the wettest months, January and December,
soil moisture levels are elevated across all blocks. In
December, Block B36 predominantly shows Level 4
and Level 5 classifications, reflecting the substantial
moisture from the monsoon season. A similar trend
is observed in Blocks B37, B38, and B39, with Block
B38 exhibiting 95.52% of the area at Level 5.
However, in January, a significant decrease in
moisture levels is noted, with Block B36 showing a
shift to Level 2, likely due to reduced rainfall, lower
runoff, and stable evapotranspiration rates.

In contrast, during the driest months, July and
August, soil moisture content drops markedly. In
July, most blocks, including Block B36, show
moisture at Level 2, indicating the onset of dry
conditions. By August, Blocks B36 and B37 exhibit
a slight recovery, with the SMI predominantly at
Level 4. In Blocks B38 and B39, moisture levels in
August are split between Level 3 and Level 4, with
Block B39 showing a dominance of Level 3
(68.45%) and Block B38 showing an almost equal
distribution between Level 3 and Level 4. For both
July and January, Blocks B38 and B39 follow
identical patterns, with 100% of their areas at Level
2. These findings confirm that soil moisture levels are
strongly influenced by seasonal variations, with
higher moisture during the monsoon season and

lower moisture during the dry season. The Soil
Moisture Index (SMI) provides a reliable indicator of
these variations, making it a valuable tool for
understanding soil conditions and predicting oil palm
yield. The observed correlation between SMI and soil
moisture suggests that incorporating SMI into
predictive models could improve yield forecasts and
enhance agricultural management strategies.

3.4 Heatmap Result Summary

The NDVI heatmaps in Figure 4 indicate significant
seasonal variations in vegetation health across the
monitored blocks (B36, B37, B38, and B39). In
January, a noticeable increase in NDVI Level 1
values is observed, particularly in Blocks B36 and
B39, with values of 7% and 7.1%, respectively,
indicating poor vegetative health at the beginning of
the monsoon season. This suggests that the
vegetation in these areas is struggling due to water
stress and reduced soil moisture following the dry
months. In contrast, December shows a dramatic
improvement, with most areas transitioning to NDVI
Level 3, indicating high vegetative health. Blocks
B38 and B39 exhibit the highest values at this level,
reaching 96% and 95%, respectively, demonstrating
the positive impact of the monsoon season in
replenishing soil moisture and promoting plant
growth. During the dry months of July and August,
NDVI Level 2 dominates across the blocks, reflecting
moderate  vegetation health despite reduced
precipitation. Block B39 maintains a significant
proportion in Level 2, with values of 38 in July,
suggesting that effective water management
strategies may be in place to sustain plant growth.
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Figure 5: Heatmaps of Soil Moisture Index (SMI) levels across blocks

However, a steady increase in NDVI Level 3 from
July to December highlights an improvement in
vegetation health, with most areas benefiting from
seasonal rainfall. In January, the shift from Level 3
to Level 2 across all blocks, especially in B37 and
B38, suggests the seasonal effect of reduced moisture
availability. These trends highlight the importance of
seasonal rainfall in sustaining vegetation health and
the potential role of irrigation measures in mitigating
dry season stress.

Figure 5 shows that the analysis of the SMI heatmaps
across plantation blocks B36 to B39. It shows that
Level 1 SMI is mostly present in January and July. In
January, it appears in more blocks, while in July, it is
found in fewer areas. This suggests that these months
have lower soil moisture, likely due to dry weather
conditions with less rainfall and more evaporation.
For Level 2 SMI, both January and July show an
increase across all blocks, with January having the
highest values.
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This could be because of some rainfall or water
retention in the soil during these months. On the other
hand, August, and December show low values at
Level 2, meaning that soil moisture in these months
is either very low or shifts to higher levels.

In August, soil moisture increases to Level 3,
especially in blocks B37, B38, and B39. August also
shows a strong presence of Level 4 SMI, meaning soil
moisture is quite high during this time. This might be
due to rainfall or other factors that help the soil hold
more water. December shows the highest soil
moisture, with a significant presence at both Level 4
and Level 5 across all blocks. However, the moisture
is highest at Level 5, meaning December has the most
water in the soil. This could be due to the rainy season
or lower evaporation rates, making it a good period
for oil palm growth. Lastly, Level 5 SMI is only seen
in December, while other months do not reach this
level. This means December has the highest soil
moisture, while other months have much lower
levels. The changes in soil moisture throughout the
year show the need for proper water management to
support plant growth.

4. Conclusion

The objective of this study was to utilize remote
sensing technology to monitor and analyze seasonal
variations in soil moisture and vegetation health
within oil palm plantations, providing insights for
sustainable management. By integrating satellite
data, the study explored the distribution of the Soil
Moisture Index (SMI) and the Normalised Difference
Vegetation Index (NDVI) across Blocks B36, B37,
B38, and B39 during the wettest and driest months.
The findings revealed clear seasonal patterns, with
January and July showing the lowest moisture levels,
predominantly at Level 1 SMI, indicating drier
conditions. Despite the low soil moisture, NDVI
values remained moderate to high, suggesting that
effective water management practices helped sustain
vegetation health during these dry months. In
contrast, August showed an increase in moisture
levels, with a strong presence at Levels 3 and 4 SMI,
leading to improved vegetation health as indicated by
higher NDVI values. December recorded the highest
soil moisture, with significant dominance at Level 5
SMI, confirming it as the wettest period of the year.
This increase in soil moisture corresponded with
higher NDVI values, indicating optimal vegetation
conditions. These results highlight the seasonal
fluctuations in soil moisture and vegetation health
across the plantation, emphasizing the importance of
monitoring these parameters to optimize water
management strategies. The study findings suggest
that December provides the most favorable
conditions for oil palm growth, while the drier
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months of January and July may require targeted
interventions to maintain soil moisture and
vegetation health. However, the absence of irrigation
data presents a limitation, as it may have contributed
to inconsistencies observed in SMI and NDVI values
across different months. Future research should
incorporate irrigation data to better understand its
impact on soil moisture distribution and vegetation
health. Overall, this study demonstrates the
effectiveness of using SMI and NDVI as valuable
parameters for assessing soil moisture dynamics and
vegetation health, highlighting the potential of
remote sensing technologies in  supporting
sustainable oil palm plantation management.
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