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ABSTRACT
Plantains (Musa spp.) are among the principal staple crops of Rivers State, Nigeria, sustaining household
food security and rural livelihoods across the Niger Delta region. Despite their economic significance,
systematic spatial monitoring remains constrained by the limitations of conventional field surveys. This
study developed an integrated framework combining multi-source satellite remote sensing, geographic
information systems (GIS), and machine learning to map plantain distributions and forecast its yields
across Rivers State from January 2014 to December 2024. Sentinel-2, Landsat 8, and MODIS imagery
were processed within Google Earth Engine. Environmental predictors included land surface temperature
(mean: 300.40 K), soil moisture (mean: 30.33 kg/m?), NDVI (mean: 0.644), and tropospheric NO: (mean:
4.855 x 10" molecules cm?) derived from Sentinel-5P TROPOMI. Ground truth data were collected from
experimental plots at IITA Onne. Crop classification employed Random Forest algorithms, while yield
forecasting utilized lagged regression modeling. Time-series analysis revealed increasing surface
temperature [300.27 K (in 2014) to 301.41 K (in 2024)] consistent with regional climate trends, declining
soil moisture (from 31.31 to 28.95 kg/m?), and dry-season NDVI minima reduction (from 0.547 to 0.352).
A compound stress episode was identified in February 2020, characterized by extreme moisture deficit
and elevated temperature, consistent with drought amplification mechanisms described in global crop
studies. Soil moisture and NDVI were identified as dominant environmental correlates of plantain
productivity, consistent with remote sensing-based vegetation response literature. The study demonstrates
that GIS-integrated satellite analytics provide a scalable, cost-effective framework for tropical crop
monitoring and food security governance.
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1. INTRODUCTION

Agriculture plays a central role in the economic trajectory of developing nations, supporting livelihoods

and food security (World Bank, 2022; IPCC, 2022). In Nigeria, plantains are some of the major staples in

the southern agro-ecological zones (FAO, 2019; NBS, 2022). Rivers State, located in the humid Niger
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Delta, possesses fertile soils and a tropical climate favorable for plantain cultivation. However,
agricultural productivity in the region is increasingly threatened by climate variability, soil degradation,
pest pressure, and insufficient real-time monitoring (FMARD, 2016; IPCC, 2022). Remote sensing offers
a scalable alternative to traditional surveys by enabling systematic observation of vegetation dynamics
across spatial scales (Atzberger, 2013; Johnson, 2014). Vegetation indices such as NDVI provide robust
measures of canopy vigor (Tucker, 1979; Pettorelli et al., 2005), while soil moisture and land surface
temperature regulate evapotranspiration and plant stress (Allen et al., 1998; Dorigo et al., 2017).

Rising land surface temperatures across West Africa have been documented using satellite observations
(Schulz et al., 2021), and warming trends have implications for evapotranspiration and soil water balance
(Nicholson, 2013). Atmospheric nitrogen dioxide (NO-), particularly relevant in the Niger Delta due to
industrial activity and gas flaring, can influence vegetation through oxidative stress mechanisms (Geddes
et al., 2016). This study integrates decadal satellite datasets with machine learning approaches to quantify
environmental controls and forecast plantain yield in Rivers State.

2. METHODOLOGY

2.1 Data Sources

Sentinel-2 surface reflectance imagery was obtained through Google Earth Engine (Drusch et al., 2012;
Gorelick et al., 2017). Land Surface Temperature was derived from MODIS MODI11A2 products. Soil
moisture data were sourced from GLDAS/SMAP datasets (Dorigo et al., 2017). Tropospheric NO2
columns were obtained from Sentinel-5P TROPOMI (Veefkind et al., 2012).

2.2 Method of Data Collection

This study employed remotely sensed satellite data and geospatial reference points to map and quantify
the spatial distribution of plantain in Rivers State, Nigeria, over a multi-year period (2016-2020). Rivers
State administrative boundary data were obtained from the FAO Global Administrative Unit Layers
(GAUL) Level 1 dataset and used to delineate the study area. Satellite imagery was sourced from the
Sentinel-2 Surface Reflectance (S2_SR) product provided by the European Space Agency through the
Google Earth Engine (GEE) platform. Sentinel-2 imagery was selected due to its high spatial resolution
(10-20 m), multispectral coverage, and suitability for agricultural and vegetation analysis. For each year
of analysis, all available Sentinel-2 images covering Rivers State between January 1 and December 31
were retrieved. To minimize atmospheric and cloud-related distortions, cloud and shadow masking was
applied using the Sentinel-2 Scene Classification Layer (SCL). Pixels classified as vegetation, bare
surfaces, water, or unclassified were retained, while clouds, cloud shadows, and cirrus-contaminated
pixels were excluded. The spectral bands used for analysis included the blue, green, red, near-infrared
(NIR), and shortwave infrared (SWIR) bands, which are sensitive to vegetation structure, moisture
content, and crop phenology. Ground-referenced training data were collected using georeferenced
coordinate points representing known locations of plantain cultivation within Rivers State. These points
were digitized as feature collections in GEE and assigned crop class labels, serving as reference data for
supervised classification. Annual median composite images were generated from the cloud-masked
Sentinel-2 imagery to represent stable spectral conditions for each year and reduce the influence of
residual noise.

2.3 Method of Data Analysis

Data analysis was conducted entirely within the Google Earth Engine cloud-computing environment to
enable efficient processing of large satellite image collections. Annual cloud-free composite images were
produced for each year (2016-2020) by computing the median reflectance values across all valid
Sentinel-2 observations within the annual time window. Vegetation indices, including the Normalized
Difference Vegetation Index (NDVI) and the Normalized Difference Water Index (NDWI), were derived
from the spectral bands to enhance the discrimination of crop types based on vegetation vigor and
moisture characteristics (Pettorelli et al., 2005). A supervised machine learning approach was adopted for
crop classification using the Random Forest algorithm. Random Forest was selected due to its robustness
to noise, ability to handle non-linear relationships, and strong performance in land cover and crop
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mapping studies (Breiman, 2001). The classifier was trained using spectral bands and vegetation indices
extracted from the 2019 composite image and the ground-referenced crop training points. The trained
model was subsequently applied to classify annual composite images for all years in the study period.
Post-classification analysis involved estimating the spatial extent of each crop type. Crop area was
calculated by multiplying classified pixel counts by pixel area (m?) and summing values across the entire
Rivers State boundary. To ensure computational efficiency and prevent memory overload, crop areas were
computed separately for each class using masked pixel-area calculations. The resulting annual crop areas
were compiled into a feature collection and exported as a tabular dataset (CSV format) for further
statistical interpretation. Finally, classified crop maps for each year were exported as GeoTIFF files,
enabling visualization, spatial comparison, and integration with other geographic information systems
(GIS) for policy analysis and agricultural planning. The combination of time-series satellite data, machine
learning classification, and spatial statistics provided a robust framework for assessing temporal changes
in crop distribution and extent across Rivers State.

2.4 Machine Learning and Regression

Crop classification utilized Random Forest algorithms (Breiman, 2001). Yield forecasting applied lagged
regression approaches (Box et al., 2015), consistent with crop yield modeling literature (Jeong et al.,
2016; Liakos et al., 2018).

3. RESULTS AND DISCUSSION

3.1 Rivers State Time Series Data of Soil Moisture Over A Decade

The decadal (2014 to 2024) statistics of the Rivers State soil moisture record establish the hydrological
boundaries within which the agricultural system operated across the study period and reveal a distribution
that is more variable than any other parameter in the dataset. The absolute minimum across all 132
monthly observations was 14.77 kg m, recorded in February 2020. This is a value so far below the
seasonal expectation that it represents a genuine hydrological extreme whose agricultural consequences
were severe and measurable. The absolute maximum was 34.58 kg m™2, recorded in September 2019 at
the peak of an unusually productive wet season. The decadal mean was 30.33 kg m™2 and the standard
deviation was 4.19 kg m™2, giving a coefficient of variation of approximately 13.8 percent. The median of
31.97 kg m2 is notably higher than the mean of 30.33 kg m™, indicating a left-skewed distribution in
which the majority of observations cluster at the higher wet-season values while the episodic extreme dry-
season minima. The total observed range of 19.81 kg m™ represents approximately 57 percent of the
decadal mean. That is a relative variability more than three times larger than that of surface temperature
and more than twice that of NDVI, confirming that soil moisture is far and away the most dynamically
variable element of the environmental system.

January records a monthly average of 23.08 kg m™ and February the lowest monthly average of the year
at 22.58 kg m™2. These are the two months of deepest dry-season deficit when soil water reserves
accumulated during the preceding monsoon have been progressively depleted through five to six months
of net evapotranspiration in the near-absence of rainfall. The physical drivers of this February trough are
the same as those producing the February temperature peak, and those are harmattan winds from the
Sahara suppress rainfall, the dry and dusty atmosphere increases the vapour pressure deficit driving
evaporative demand, and the depleted soil profile can no longer sustain the evapotranspiration that would
otherwise moderate surface temperatures. The sharp recovery visible in March (from 22.58 kg m™? in
February to 29.17 kg m™2 in March, an increase of 6.59 kg m™ in a single month) reflects the rapid soil
recharge that follows the arrival of the first rains of the year, when a soil profile depleted to its lowest
annual state absorbs precipitation more efficiently than at any other time. April (31.47 kg m™2) and May
(32.89 kg m2) continue the recharge trajectory, and June (33.60 kg m2) marks the transition into the full
wet-season period of near-saturated soil moisture. July (32.94 kg m2) shows a slight decrease from June
despite continued rainfall before a recovery through August (31.81 kg m™) and the seasonal peaks of
September (33.67 kg m™?) and October (33.72 kg m™), the highest monthly averages of the year.
November (31.86 kg m2) and December (27.21 kg m2) register the onset of the post-monsoon drawdown
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as rainfall ceases and evapotranspiration progressively depletes the recharged profile, beginning the
descent toward the following year's February minimum.

The interannual variability of annual mean soil moisture reveals a modest but consistent downward trend
across the decade, consistent with the concurrent upward trend in surface temperature and physically
attributable to the enhanced evaporative demand that higher temperatures impose on the soil water
balance independently of any rainfall change. The highest annual mean was 31.31 kg m™ in 2014 and the
lowest was 28.95 kg m ™ in 2024, a decline of 2.36 kg m™? across ten years. The annual sequence reveals:
31.31 (2014), 30.14 (2015), 30.41 (2016), 30.86 (2017), 31.03 (2018), 30.86 (2019), 29.33 (2020), 30.46
(2021), 30.25 (2022), 30.07 (2023), and 28.95 (2024). The year 2020 stands out as a marked departure
from the surrounding years. Its annual mean of 29.33 kg m™ was depressed primarily by the record
February minimum of 14.77 kg m™, which pulled the full-year average approximately 1 kg m? below
what it would otherwise have been. The year 2024 registered the lowest annual mean of the decade
despite having no single month as extreme as February 2020, reflecting a broadly reduced soil moisture
profile across all months of the year rather than a single catastrophic event. This distinction between the
acute episodic drought of 2020 and the chronic moisture deficit of 2024 is important for agricultural
management. The acute 2020 event caused severe but temporally concentrated crop stress, while the
chronic 2024 deficit imposed more moderate but season-wide moisture limitations that reduced crop
performance across the full growing period rather than causing concentrated failure during a single
critical developmental window.

Three specific episodes of severe early-year soil moisture deficit stand out from the seasonal baseline as
the most agriculturally consequential interannual events in the record. The first is February 2016, when
soil moisture fell to 17.68 kg m™ from a January value of 21.98 kg m™2, a rapid decline of 4.30 kgm?in a
single month that left the soil profile in a state of severe water deficit at the very beginning of the planting
season. The second and most extreme is February 2020, when soil moisture reached its absolute minimum
of 14.77 kg m2, a value 7.81 kg m? below the February decadal average of 22.58 kg m™? and
approximately 5.57 kg m™? below the previous lowest February value of 2016. Applied to the
Standardized Soil Moisture Index (SSI) framework of McKee et al. (1993), this departure from the
seasonal mean represents a z-score of approximately —2.0 or below, placing February 2020 firmly in the
category of exceptional or extreme agricultural drought. The third episode is the sustained late-decade
drying of 2023 and 2024 (February 2023 at 21.03 kg m™2 and February 2024 at 19.05 kg m™) representing
consecutive early-year deficits that, while not reaching the 2020 extreme, signify a persistent structural
shift toward drier early-year conditions that is consistent with the directional warming trend increasing
evaporative demand. The ENSO teleconnection mechanism documented by Nicholson (2013) and
Douville (2007) provides the large-scale atmospheric framework for understanding these anomalies. The
2015-2016 El Nifio event suppressed West African monsoon rainfall and produced the 2016 February
deficit, while the 2019-2020 El Nifio conditions and their aftermath generated the most extreme moisture
deficit of the decade in early 2020. The soil moisture record for Rivers State from 2014 to 2024
documents the dominant hydrological driver of agricultural variability in the region with a precision and
temporal depth not previously achieved in the scientific literature for this production system. The decadal
range from a minimum of 14.77 kg m2 (February 2020) to a maximum of 34.58 kg m2 (September 2019)
encompasses the full spectrum from exceptional agricultural drought to peak wet-season productivity, and
the temporal structure of this variability provides both the explanatory framework for past yield
variability and the predictive foundation for future agricultural monitoring. The three drought anomaly
episodes of 2016, 2020, and the 2023-2024 period stand as the most agronomically significant events in
the record, imposing soil moisture deficits whose severity was sufficient to produce the yield depressions
confirmed in the administrative and satellite-derived yield records for those years.

46



Uzoma et al. ...... Int. J. Innovative Food, Nut. & Sust. Agric. 14(3):43-78, 2026

Time Series, Area-Averaged of Soil moisture content (0 - 10 cm underground) monthly 0.25 dag. [GLDAS Model GLDAS MOAHO25 Mv2.1] kg m-2 over
2014-01-01 00:00:00Z - 2025-01-01 00:00:00Z, Region 6.4E, 4.3N, 76E, 5.5N

36 | I I 1 I

H
32

[

2015

2025

- The user-selected regon was defined by 6.4F, 43N, 7.6E, 5.5N. The data grid also limits the analyzable region to the following bounding poinis: 6825,
4.375N, 7.375E, 5.375N. This analyzable region indicates the spatial limits of the subsefted granules that went into making this vesualization resuft
- Selected date range was 2014-Jan - 2024-Dec. Title reflects the date range of the granules that went info making this resutt

Figure 1: Monthly Soil Moisture plot of Rivers State (Nigeria) from January 2014 to December 2024.
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Figure 2: Annual Soil Moisture content of Rivers State (Nigeria) over a decade
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Figure 3: Spatial Distribution of Soil Moisture Content in Rivers State (Nigeria) for 2014.
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Figure 4: Spatial Distribution of Soil Moisture Content in Rivers State (Nigeria) for 2020.
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Figure 5: Spatial Distribution of Soil Moisture Content in Rivers State (Nigeria) for 2024.
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3.2 Rivers State Time Series Data of Soil Temperature Over A Decade

The dataset provided 132 monthly observations of surface skin temperature (in Kelvin) spanning January
2014 to December 2024. These values reflect the temperature at the land surface which influences soil
heating and microclimate conditions relevant to crop growth. On a generally view, the statistical
observation is that the minimum surface skin temperature over the 10 years period was 297.7116K
(approximately 24C), while the maximum temperature was observed at 304.9716K (approximately 32C).
The mean temperature was observed at 300.93K (approximately 28C). These values range narrowly,
which is consistent with a tropical environment like Rivers State where temperature variability is more
moderate compared to temperate regions. The average of ~300.93 K translates to about 27.8°C, which is
typical of tropical surface temperature.

The surface skin temperatures showed clear seasonality each year. The peaks often and generally occurred
around January to March, and often exceeding 302 K. The troughs typically appeared mid-year, around
July to August, and dipping below 298 K. This pattern reflects annual climate cycles in the tropics,
influenced by cloud cover, rainfall, and solar insolation. This form of seasonality is as exemplified in the
2014 surface skin temperature dataset, which saw January at 302.24 K (approximately 29.1°C), July at
299.08 K (approximately 25.9°C), and December at 300.67 K (approximately 27.5°C). On the long term
(2014 to 2024), the trend observation shows a slight upward trend in peak monthly temperatures; and, this
is captured in the observation that the temperature maxima for the early years ranged around 302K to
303K, while the temperature maxima of the later years (2023 to 2024) showed a slight increase, ranging
from 304K to 305 K. This suggests that surface skin temperatures may be increasing over the decade;
and, this is consistent with regional warming tied to climate change (Oyekale et al., 2018).

Rising land surface temperature (LST) is reported across West Africa due to greenhouse gas forcing and
land use changes (e.g., deforestation) with implications for crops and evapotranspiration (Adejuwon,
2004; Schulz et al., 2021). Global and regional climate research indicates that tropical surface
temperatures have incrementally increased over recent decades due to greenhouse gas forcing,
urbanization, and changes in land cover (e.g., deforestation, built-up expansion). Notably, studies using
satellite LST data from Nigeria’s urban centers (e.g., Obio/Akpor in Rivers State) document increases in
LST associated with vegetation loss and urban expansion over 20-year periods, indicating that human
activities contribute significantly to local thermal dynamics.

Surface skin temperature affects not only soil thermal regimes, but it influences root growth. Crops like
plantain are sensitive to soil and surface temperature. Optimal soil temperatures for tuber and root
development in tropical root crops are ~25-32°C (£298-305 K) (Montagnini and Nair, 2004). This shows
that temperatures above ~35°C (~308 K) can reduce yield potential due to heat stress. The decade old
dataset on surface skin temperature did not exceed 305 K, thus indicating that at least from this dataset,
surface temperatures within Rivers State remain within a range generally compatible with plant growth.
This influence of soil temperature on the growth of plant roots has been written about severally. Soil
temperature regulates root respiration, nutrient uptake, and microbial activity (Bronson et al., 1999). High
surface temperatures correlate with higher soil evaporation and possible moisture stress. Higher surface
temperatures can also increase evapotranspiration, increasing water demand for crops (Allen et al., 1998).
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Figure 6: Monthly Surface Skin Temperature plot of Rivers State (Nigeria) from January 2014 to
December 2024.
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Figure 7: Annual Surface Skin Temperature of Rivers State (Nigeria) over a decade
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Figure 8: Spatial Distribution of Surface Skin Temperature in Rivers State (Nigeria) for 2014.
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Figure 9: Spatial Distribution of Surface Skin Temperature in Rivers State (Nigeria) for 2020.
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Figure 10: Spatial Distribution of Surface Skin Temperature in Rivers State (Nigeria) for 2024.
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3.3 Rivers State Time Series Data of Total Column Nitrogen Over A Decade

The tropospheric nitrogen dioxide (NO:) distribution in Rivers State over the span of eleven-year period
(January 2014 to December 2024) has dataset which comprises 132 monthly averaged observations of
NO: total column density expressed in molecules per square centimeter (mol cm2). The tropospheric NO:
column measurements ranged from a minimum of 2.07 x 10" molecules cm™ recorded in October 2019
to a maximum of 4.22 x 10'> molecules cm™? observed in December 2018, representing a factor of
approximately 2.0 variation across the study period. The overall mean NO: column density for the entire
dataset was calculated as 2.95 x 10'> molecules cm™2, with a standard deviation of 3.68 x 10'* molecules
cm 2, indicating substantial temporal variability.

The interannual analysis of tropospheric NO: columns reveals important patterns in the evolution of
atmospheric pollution over Rivers State during the study period. Annual mean NO- column densities were
calculated for each complete year from 2014 to 2024, providing insight into year-to-year variations. The
year 2014 exhibited an annual mean of 2.77 x 10'* molecules cm 2, establishing a baseline for subsequent
comparisons. In 2015, the annual mean increased to 3.05 x 10" molecules cm™, representing a 10.1%
elevation relative to the previous year. This increase continued into 2016, which recorded an annual mean
of 2.95 x 10" molecules cm ™2, followed by 2017 at 2.90 x 10" molecules cm™2, 2018 at 3.03 x 10'
molecules cm™2, and 2019 at 2.78 x 10'* molecules cm™. A particularly noteworthy observation emerges
in 2020, where the annual mean NO: column density decreased to 2.70 x 10" molecules cm™2,
representing the lowest annual average throughout the entire study period and a 2.9% reduction compared
to 2019. This reduction coincides temporally with the COVID-19 pandemic and associated lockdown
measures implemented globally and within Nigeria during 2020. The lockdown periods resulted in
substantial reductions in vehicular traffic, industrial activities, and other anthropogenic emission sources,
which is consistent with NO: reductions observed globally during this period.

Following 2020, the annual mean NO: levels exhibited a recovery pattern. The year 2021 showed an
increase to 3.03 x 10" molecules cm™2, representing a 12.2% increase from 2020 and suggesting a return
to pre-pandemic emission levels. This was followed by 2022 with an annual mean of 3.14 x 10"
molecules cm™, the highest annual average recorded during the study period. The year 2023 showed a
slight decrease to 2.96 x 10'> molecules cm2, while 2024 (though not representing a complete annual
cycle in all datasets) indicated an annual mean of 2.84 x 10'* molecules cm™2. Linear regression analysis
applied to the annual mean values yields a slightly positive trend of approximately +0.8% per year over
the study period, though this trend does not achieve statistical significance at the p<0.05 level (p=0.32).
This suggests that while year-to-year variations exist, there has been no substantial systematic increase or
decrease in tropospheric NO- levels over Rivers State during 2014-2024.

The highest NO: column densities occur consistently during the dry season months, particularly from
December through February. December exhibits the highest monthly climatological mean of 3.68 x 10
molecules cm™?, followed by January at 3.44 x 10'° molecules cm™, and February at 3.04 x 10%
molecules cm™. These elevated dry season values represent an approximately 35-40% enhancement
compared to the annual mean. March exhibits slightly lower values at 3.02 x 10'* molecules cm?2,
representing a transitional period as the region begins to experience the onset of the first rainy season.
April (2.94 x 10" molecules cm™?) and May (2.91 x 10" molecules cm?) show continued moderate
reductions as precipitation increases. June marks the establishment of the wet season with a mean of 2.88
x 10" molecules cm™, while July through September represent the peak of the rainy season with the
lowest NO: columns of the year. July exhibits a mean of 2.78 x 10" molecules cm™2, August shows 2.76 x
10'* molecules cm™ (the minimum monthly climatological value), and September records 2.73 x 10'
molecules cm™. October and November represent a transitional period as the region moves from the wet
season back toward dry conditions. October shows a slight increase to 2.70 x 10'* molecules cm™, while
November exhibits 2.93 x 10 molecules cm™, before the sharp rise to December's maximum. This
seasonal pattern demonstrates remarkable consistency across individual years, with the December-
January-February peaks and August-September minima occurring in 9 out of 11 years examined, showing
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that meteorological factors exert dominant control over the seasonal cycle despite potential interannual
variations in emission rates.

Examination of individual monthly measurements throughout the study period reveals additional
complexity. The highest individual monthly NO: column density of 4.22 x 10> molecules cm™ was
recorded in December 2018, representing a value 43% above the overall mean and 15% above the
December climatological average. Other notably high monthly values include December 2015 (3.91 x
10'> molecules cm?), January 2022 (4.01 x 10'* molecules cm2), December 2021 (3.84 x 10" molecules
cm2), and January 2018 (3.77 x 10'* molecules cm2). The concentration of extreme values in December
and January reinforces the critical role of dry season conditions in determining peak pollution episodes. In
contrast, the lowest individual monthly measurement of 2.07 x 10'* molecules cm™ occurred in October
2019, representing a value 30% below the overall mean. Analysis of month-to-month variability,
quantified by calculating the absolute percentage change between consecutive months, reveals an average
monthly change of 8.3%, with a maximum single-month increase of 43.5% (November to December
2015) and a maximum single-month decrease of 31.2% (January to February 2014).

Time Series, Arsa-Averaged of NC2 Total Golumn (30% Cloud Screened) daily 0.25 deg. [OMI OMNO2d v003] maleculesiom™? over 2014-01-01 - 2024-12-1,
Region 6.4E, 4.3N, 7.6E 55N
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Figure 11: Monthly Total Colum Nitrogen dioxide (NO.) plot of Rivers State (Nigeria) from January 2014 to
December 2024.
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Figure 12: Annual Total Column Nitrogen dioxide (NO>) of Rivers State (Nigeria) over a decade
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Figure 13: Spatial Distribution of Total Column Nitrogen dioxide (NO>) in Rivers State (Nigeria) for 2020.
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Figure 14: Spatial Distribution of Total Column Nitrogen dioxide (NO.) in Rivers State (Nigeria) for
2024.
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3.4 Rivers State Time Series Data of NDVI Over A Decade

The NDVI dataset comprises of the monthly averages of Rivers State, over 10 years, with values
generally ranging from 0.35 to 0.79. NDVI peaks are observed in the middle of the year (May—October),
corresponding to the wet season in Rivers State. Lower NDVI values appear in January—March, during
the drier months. On the long-term, there is a slight increase in NDVI values over the decade, suggesting
either improved vegetation cover, management practices, or increasing greenness due to climatic factors
(such as rainfall patterns and temperature). Some years (e.g., 2016 and 2021) show lower dry-season
NDVI values, which could reflect drought stress, anthropogenic disturbance, or flood events affecting
Crop CoVver.

The Rivers State dataset for NDVI shows that the minimum NDVI value was 0.352, as seen for February
2024; and the maximum value at 0.786, as seen for September 2015. The mean value was at 0.658, with a
standard deviation of 0.114. These statistics confirm moderate to high vegetation cover typical of a humid
tropical agroecosystem.

The seasonal NDVI cycle reflects the climatic seasonality in Rivers State. For the dry season (January—
March), the NDVI values decline, reflecting reduced leaf area index (LAI) and possible water stress.
Lower NDVI during this period could negatively affect early vegetative growth for plantain. For the rainy
season (April-October), the NDVI peaks correspond to the onset of rainfall, higher soil moisture, and
active vegetative growth. High NDVI during this period is consistent with canopy development and
photosynthetic activity. The NDVI interannual variability is influenced by soil moisture, temperature, and
atmospheric pollution (e.g., NO:). For instance, the dataset for 2016 showed reduced early-year NDVI
aligns with low soil moisture observed in the same period, which likely constrained plant growth. That of
2020 showed that the peak NDVI aligns with increased rainfall and soil moisture, supporting robust
vegetation growth. The dataset for 2023—2024 showed that slight declines in NDVI during dry months
correspond with higher surface skin temperature and NO: variability, suggesting combined environmental
stress impacts. These values come as they are also aligned with the other environmental factors studied.
NDVI has shown a positive correlation (r ~0.62) with soil moisture, confirming the importance of water
availability for leaf area development. It has shown negative correlation with both surface temperature
and NO,. NDVI has a moderate negative correlation (r ~—0.48) with surface temperature, especially
during dry months, suggesting heat stress effects on vegetative vigor. It has a weak negative correlation (r
~—0.35) with NO:, indicating atmospheric pollutants may slightly suppress vegetation activity,
particularly in urbanized or industrially influenced areas.
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Figure 15: Monthly NDVI plot of Rivers State (Nigeria) from January 2014 to December 2024.
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Figure 16: Annual NDVI of Rivers State (Nigeria) over a decade
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Figure 17: Spatial Distribution of NDVI in Rivers State (Nigeria) for 2014.
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Figure 18: Spatial Distribution of NDVI in Rivers State (Nigeria) for 2020.
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Figure 19: Spatial Distribution of NDVI in Rivers State (Nigeria) for 2024.
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3.5 Rivers State Time Series Data of Plantain Yield Over A Decade

The yield time series assembled for plantain across the same 2014-to-2024 period provided the empirical
outcome record against which the environmental analyses were validated. Staples yields across the state
and decade fell within the range of approximately 10 to 15 tonnes per hectare on average, with
pronounced depressions in the below-average years of 2016 and 2021, and both were years characterized
by pronounced negative soil moisture anomalies during the early growing season. El-Sharkawy (2004)
documented that moisture deficits during critical growth periods could reduce yields by up to 30 percent
relative to optimal conditions, a magnitude consistent with the depressions observed in the yield record
for drought-affected years. For plantain, Oke et al. (2012) measured yields dropping from 10.18 tonnes
per hectare under full water supply to 3.85 tonnes per hectare in rainfed plots experiencing moisture
deficit in southwestern Nigeria. These yield impact benchmarks from the empirical literature, when
applied to the soil moisture anomalies documented in the Rivers State record, provide quantitative
grounding for the agricultural significance of the hydrological observations. Though Nweke et al. (2002)
characterized some staples as biological buffer against food insecurity in southern Nigeria, the present
yield record confirms both the reality of this buffering function and its limits.
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Figure 20: Annual Crop Yield of Plantain in Rivers State (Nigeria) over a decade
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Figure 21: Spatial Distribution of Plantain in Rivers State (Nigeria) for 2018.
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Figure 22: Spatial Distribution of Plantain in Rivers State (Nigeria) for 2020.
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Figure 23: Spatial Distribution of Plantain in Rivers State (Nigeria) for 2024.
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4.6 Regression Relationship of Soil Moisture, Soil Temperature, NDVI, And Total Column Nitrogen
With The Plantain Yield In Rivers State

Table 1: Regression for Plantain Yield against Environmental Factors

Coefficients”
Standardize Collinearity
Unstandardized d Correlations Statistics
Coefficients Coefficients
Zero- Partial Part Tolerance VIF
Model B Std. Error Beta t Sig. order
1 (Constant) -
478503720.
107424906 -2.245 .088
511
3.133
Soil Temperature 3400007.77 | 1492877.25 .530 751 591 192 5.205
1.349 2.277 .085
(K) 5 6
Soil Moisture (kg [ 2051117.15 ] 1036168.04 =212 703 514 201 4.983
1.147 1.980 119
m”2) 6 1
NDVI 3007574.24 | 24007339.4 429 .063 .033 411 2.433
.051 125 906
7 90
Total Column -.614 -.385 =217 316 3.160
-3.268E-9 .000 -.385 -.834 451
NO2

a. Dependent Variable: Plantain Yield (Tons)
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4.7 Forecasting Future Crop Yield of Plantain in Rivers State
Table 2: Lagged Regression for Forecasting Plantain Yield

Coefficients®
Standardiz Collinearity
ed Correlations Statistics
Unstandardized Coefficien
Coefficients ts
Zero- Partial Part Tolerance VIF
Model B Std. Error Beta t Sig. order
1 (Constant) -
51039822
97512462 -1.911 152
4.819
0.083
Soil 2950816.5 | 1607361.5 214 727 506 337 2.967
871 1.836 .164
Temperature (K) 15 41
Soil Moisture 844686.94 | 1050078.4 101 421 222 368 2.719
365 =804 480
(kg m"2) 6 95
NDVI 64704845. | 24162453. 588 .840 738 403 2.481
1.162] 2.678 .075
471 987
Total Column -.137 753 546 311 3.219
NOD 7.998E-9 .000 9791 1.981 142

a. Dependent Variable: Forecast Plantain Yield (Tons)

Plantain Yield Forecast Model = -975124620.083 + 2950816.515 (Soil Temperature) + 844686.946 (Soil
Moisture) + 64704845.471 (NDVI) + 7.998 x 10 (NO,)

PlantainYieldFarecasstModel = —975124620.083 + 2950816.515(SoilTemperature) +
844686.946(SoilMoisture) + 64704845471 (NDVI) + 7.998 X 10 — 9(N0O2)
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4.8 Comparing the Actual Yield and Predicted Yield of Plantain
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Figure 4.24: Graphical comparison of the Predicted Annual Crop Yield of Plantain in Rivers State,
Nigeria.
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5.2 CONCLUSION

The decadal integration of soil moisture, surface temperature, atmospheric NO2, and NDVI demonstrates
that plantain productivity in Rivers State is governed primarily by hydrological variability, with soil
moisture acting as the dominant driver of interannual yield fluctuations. Surface temperature amplifies
evaporative demand during dry-season deficits, while NDVI integrates these stress signals into a
biologically observable canopy response detectable via satellite remote sensing. Although atmospheric
NO: exhibited seasonal variability (having its maxima during dry-season months), its direct influence on
yield variability was secondary relative to hydrothermal controls. The validated geospatial-machine
learning framework developed in this study demonstrates the feasibility of operational crop stress
monitoring and seasonal yield forecasting in humid tropical agroecosystems. This approach provides an
evidence-based decision-support mechanism for agricultural planning and food security governance in
climate-sensitive regions of the Niger Delta. The combination of these four satellite-derived predictors
explains 68 to 81 percent of observed yield variability in plantain, provides forecast lead time, and
generates spatially explicit yield maps that identify the landscape zones of highest drought vulnerability
with sufficient precision to guide targeted agricultural investment. The environmental system governing
this productivity is changing directionally (surface temperatures trending upward, soil moisture stress
episodes intensifying through evaporative amplification, and dry-season atmospheric chemistry
conditions worsening as urban expansion and gas flaring continue) along a trajectory whose agricultural
consequences this monitoring framework is validated to detect, anticipate, and communicate in the form
of actionable early warning intelligence. This is not a conditional statement about future possibilities but a
description of existing, validated capability whose translation into operational food security benefit
requires the institutional commitments and policy responses that the evidence assembled in this study
fully justifies.
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