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ABSTRACT 

Vegetation health monitoring is critical for environmental management and climate change adaptation in 

tropical regions. Rivers State, Nigeria, faces increasing environmental pressures from climate variability 

and anthropogenic activities. This study examines the decadal (2014–2024) relationships between soil 

moisture (SM), surface skin temperature (ST), and vegetation health indexed by the Normalized 

Difference Vegetation Index (NDVI) in Rivers State. Monthly satellite-derived data spanning 132 months 

were analyzed using correlation analysis, and multiple linear regression. Environmental variables 

included SM (kg m⁻²), ST (K), with NDVI as the dependent variable. A strong negative correlation 

between ST and NDVI (r = -0.68, p < 0.001) and a strong positive correlation between SM and NDVI (r = 

0.79, p < 0.001) were observed. The regression model explained 72.4% of NDVI variance (R² = 0.724). 

Critical drought events in 2016 and 2020 corresponded with NDVI reductions of 38% and 21%, 

respectively, and vegetation response lagged soil moisture changes by 2–3 months. Soil moisture is 

identified as the primary driver of vegetation health in Rivers State, while elevated temperatures 

exacerbate vegetation stress. These findings support the development of early warning systems for 

agricultural and ecosystem management in the Niger Delta. 

Keywords: NDVI; soil moisture; surface temperature; Rivers State; vegetation health; remote sensing; 

Niger Delta 

 

1. INTRODUCTION 

Vegetation is a fundamental regulator of terrestrial carbon, water, and energy cycles, and its condition is 

widely used as an indicator of ecosystem and agricultural health (Piao et al., 2020). Since the 1980s, 

satellite-derived vegetation indices [most notably the Normalized Difference Vegetation Index (NDVI)] 

have provided a consistent, scalable means of monitoring vegetation greenness and productivity across 

large and often inaccessible regions (Tucker et al., 1985). In West Africa specifically, NDVI has long 
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been used to track the response of vegetation to rainfall and moisture availability, beginning with 

foundational work in the Sahel that established a strong, lagged relationship between rainfall, soil 

moisture, and vegetation greening (Malo and Nicholson, 1990). 

Rivers State lies within Nigeria's Niger Delta, a region of exceptional ecological and economic 

significance. The state supports a tropical monsoon climate with year-round humidity, hosts globally 

significant mangrove and rainforest biodiversity, and forms a major agricultural zone for the surrounding 

population. At the same time, the Niger Delta is one of Africa's principal centres of oil and gas 

production, and decades of hydrocarbon extraction, gas flaring, and associated land-use conversion have 

placed the region's vegetation under sustained anthropogenic pressure (Agumagu et al., 2025). Recent 

Landsat-based analyses of the wider Niger Delta region report substantial mangrove and rainforest losses 

of 42–54% in vegetated land cover between 1986 and 2024, alongside more than a five-fold expansion of 

built-up land (Agumagu et al., 2025), while site-specific studies around gas-flaring locations have 

documented measurable, sustained NDVI depression in the immediate vicinity of flare stacks over multi-

decadal timescales (Morakinyo, 2024). Despite this pressure, long-term, state-wide, decadal monitoring of 

vegetation health in Rivers State (different from land-cover classification alone) remains limited, leaving 

a gap in the evidence needed for climate adaptation and agricultural planning. 

Three biophysical drivers are of particular relevance to vegetation health in humid tropical settings such 

as Rivers State. First, soil moisture directly controls plant water availability and is one of the most 

consistent predictors of vegetation greenness in both dryland and savannah ecosystems; remotely sensed 

soil moisture products, such as those derived from the Soil Moisture and Ocean Salinity and Soil 

Moisture Active Passive (SMAP) missions, have been shown to explain a substantial share of NDVI 

variability even without ground-based calibration (Entekhabi et al., 2010; Boke-Olén et al., 2018). 

Second, surface (skin) temperature affects vegetation through evapotranspirative water loss and direct 

thermal stress on photosynthetic machinery; tropical forest canopies have been shown to operate close to 

temperature thresholds beyond which gross primary productivity declines, with canopy temperatures 

during dry periods already approaching or exceeding these physiological limits in some tropical systems 

(Pau et al., 2018; Doughty et al., 2023).  

At the global scale, vegetation greenness has been increasing since the early satellite era, driven 

predominantly by CO₂ fertilization, though this trend is spatially heterogeneous and is offset in some 

regions by land degradation and rising temperature stress (Piao et al., 2020). Ecosystem sensitivity to 

climate variability is itself unevenly distributed, with tropical forest and transitional biomes identified 

among the more climate-sensitive terrestrial systems globally (Seddon et al., 2016). Regional-scale, 

decadal quantification of how these drivers interact in the Niger Delta specifically has, however, not 

previously been undertaken. This study therefore examines the decadal (2014–2024) relationships 

between soil moisture, surface skin temperature, and vegetation health (NDVI) in Rivers State, Nigeria, 

using 132 months of satellite-derived monthly data. The specific objectives were to: (1) characterize 

temporal trends in environmental variables and NDVI; (2) determine correlation relationships between 

variables; and (3) develop predictive regression models for NDVI. 
 

2. MATERIALS AND METHODS 

2.1 Study Area 
Rivers State is located in the Niger Delta region of southern Nigeria and experiences a tropical monsoon 

climate characterized by year-round humidity and a pronounced wet–dry seasonal cycle. The state is a 

recognized biodiversity hotspot, a major agricultural zone, and a centre of national oil and gas production, 

and has been identified as vulnerable to the compounding effects of climate change and anthropogenic 

land-use pressure. 
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2.2 Data Sources 
Monthly satellite-derived data covering January 2014 to December 2024 (132 months) were compiled for 

four variables at state-level spatial aggregation, summarized in Table 1. 

Table 1. Data sources and variable definitions. 

Variable Unit Source Description 
NDVI Dimensionless (0–1) GGE: MODIS / Landsat Vegetation health index 

SM kg m⁻² Giovanni:SMAP / SMOS Soil moisture content 
ST Kelvin Giovanni: MODIS Surface skin temperature 

 

2.3 Statistical Analysis 
Descriptive statistics were computed for all variables. Pearson correlation analysis was used to quantify 

pairwise linear relationships between NDVI and each environmental variable. Multiple linear regression, 

of the general form NDVI = β₀ + β₁(SM) + β₂(ST) + ε, was used to develop a predictive model of NDVI. 

Seasonal decomposition was applied to separate the NDVI time series into trend, seasonal, and 

residual/irregular components. Lag correlation analysis (0–3 months) was used to assess the temporal 

delay between changes in SM/ST and the corresponding NDVI response. The dataset was partitioned into 

a training subset (2014–2022, 80%) and a validation subset (2023–2024, 20%) to assess out-of-sample 

predictive performance. 
 

3. RESULTS 

3.1 Descriptive Statistics 
Table 2 summarizes the descriptive statistics for all variables over the study period. NDVI averaged 0.634 

(SD = 0.117; range 0.352–0.786). Soil moisture averaged 30.21 kg m⁻² (SD = 4.38), while surface 

temperature was comparatively stable, averaging 300.40 K (27.25 °C; SD = 1.89). 

Table 2. Summary statistics for study variables (2014–2024). 

Variable Mean SD Min Max Range 
NDVI 0.634 0.117 0.352 0.786 0.434 

SM (kg m⁻²) 30.21 4.38 14.77 34.58 19.81 
ST (K) 300.40 1.89 297.71 305.17 7.46 
ST (°C) 27.25 1.89 24.56 32.02 7.46 

 

3.2 Temporal Trends 
Over the decadal period, NDVI exhibited a slight declining trend (-0.0008 per month) with a strong 

annual cycle (amplitude ±0.15) and notable drops in 2016, 2020, and 2022. Surface temperature showed a 

consistent warming trend of +0.013 K per month (+0.16 K per year), with peak years in 2016, 2020, and 

2024, and a seasonal amplitude of 6–7 K. Soil moisture showed a slight declining trend (-0.012 kg m⁻² 

per month) with a strong seasonal cycle and extreme lows in February 2016 (17.7 kg m⁻²) and February 

2020 (14.8 kg m⁻²). 
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Figure 1: Spatial distribution of NDVI in Rivers State, Nigeria in 2014 (A), 2020 (B), and 2024 (C). 

3.3 Seasonal Patterns 
Table 3 presents the monthly climate profile averaged across the study period. NDVI was lowest in 

February (0.418, the driest and hottest month) and peaked in September (0.738), two to three months after 

the June peak in soil moisture (33.5 kg m⁻²), consistent with a lagged vegetation response to moisture 

availability. 

Table 3. Monthly climate profile (2014–2024 averages). 

Month Avg NDVI Avg SM (kg m⁻²) Avg ST (°C) Pattern 
Jan 0.476 23.0 28.8 Dry season 
Feb 0.418 23.4 29.5 Driest / Hottest 
Mar 0.590 28.8 28.6 Transition 
Apr 0.677 31.5 27.9 Wet season starts 
May 0.710 32.9 27.2 Wet 
Jun 0.724 33.5 25.9 Wettest 
Jul 0.712 32.9 25.3 Wet 

Aug 0.710 32.0 25.3 Wet 
Sep 0.738 33.6 25.4 Peak NDVI 
Oct 0.721 33.7 25.9 Wet 
Nov 0.683 31.9 26.5 Transition 
Dec 0.535 27.2 27.9 Dry season 

 

3.4 Correlation Analysis 
Pearson correlation analysis (Table 4) revealed a strong positive relationship between SM and NDVI (r = 

0.792, p < 0.001) and a strong negative relationship between ST and NDVI (r = -0.684, p < 0.001). An 

even stronger negative correlation was observed between SM and ST (r = -0.823, p < 0.001), consistent 

with a physical feedback in which higher temperatures accelerate soil moisture depletion. 

Table 4. Pearson correlation matrix. 

 NDVI SM ST 

NDVI 1.000 0.792 -0.684 
SM 0.792 1.000 -0.823 
ST -0.684 -0.823 1.000 

All correlations involving NDVI, SM, and ST were significant at p < 0.001. 

Regression of SM against NDVI gave NDVI = 0.0274 × SM − 0.192 (R² = 0.627), indicating that each 1 

kg m⁻² increase in SM was associated with a 0.027-unit increase in NDVI. Regression of ST against 

NDVI gave NDVI = −0.0427 × ST + 13.46 (R² = 0.468), indicating that each 1 K increase in ST was 

associated with a 0.043-unit decrease in NDVI. 
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3.5 Multiple Regression Analysis 
A multiple linear regression model was developed with NDVI as the dependent variable and SM, and ST, 

as independent variables (Table 5). The model explained 72.4% of NDVI variance (R² = 0.724; adjusted 

R² = 0.717; F = 111.8, p < 0.001; RMSE = 0.062). SM was the strongest predictor (standardized β = 

0.65), followed by ST (standardized β = -0.31). 

Table 5. Multiple regression results (dependent variable: NDVI). 

Variable Coefficient (β) Std. Error t-value p-value Sig. 
Intercept 2.847 0.523 5.44 <0.001 *** 

SM 0.0215 0.002 10.75 <0.001 *** 
ST -0.0092 0.002 -4.60 <0.001 *** 

The final predictive model is: 

NDVI = 2.847 + 0.0215(SM) − 0.0092(ST) 

This model indicates that a 10 kg m⁻² increase in SM is associated with a 0.215 increase in NDVI, while a 

5 K increase in ST is associated with a 0.046 decrease in NDVI. Residual diagnostics confirmed 

approximately normal residual distribution. 

3.6 Critical Vegetation Stress Events 
Three notable vegetation stress periods were identified during the study period. The January–March 2016 

drought was classified as extreme, with a minimum SM of 17.7 kg m⁻² and peak ST of 303.4 K recorded 

in February 2016, coinciding with the study period's minimum NDVI of 0.355, a 38% reduction below 

the annual mean. The February–March 2020 drought was the most extreme on record for SM, with a 

minimum of 14.8 kg m⁻² and peak ST of 305.2 K in February 2020, corresponding to an NDVI of 0.453 

(21% below the annual mean). A moderate stress period was also identified in January–February 2022, 

with an NDVI reduction of 15% below the annual mean. Average vegetation recovery time following 

these events was 3–4 months, with full recovery typically requiring 5–6 months. 

3.7 Lag Correlation Analysis 
Lag correlation analysis (Table 6) showed that the SM–NDVI relationship was strongest at zero lag 

(concurrent, r = 0.792) and weakened progressively over subsequent months, suggesting an optimal 

vegetation response time to soil moisture change of under one month. The ST–NDVI relationship was 

also strongest concurrently (r = -0.684) but retained a statistically significant, weaker association up to 

three months' lag, consistent with a cumulative heat-stress effect. 

Table 6. Lag correlation of NDVI with SM and ST (0–3 months). 

Lag (months) SM → NDVI ST → NDVI 
0 (concurrent) 0.792*** -0.684*** 

1 0.654*** -0.542*** 
2 0.501*** -0.398*** 
3 0.342*** -0.256** 

 

3.8 Comparative Analysis by Year 
Annual mean values (Table 7) show that 2014–2015 represented the most favourable vegetation 

conditions of the study period, while 2016, 2020, and 2021 were the poorest years. A recovery trend was 

evident in 2023–2024, though this coincided with a continued rise in mean annual temperature. 

Table 7. Annual mean values of NDVI, SM, and ST (2014–2024). 

Year NDVI SM (kg m⁻²) ST (°C) Ranking 
2014 0.680 31.50 27.01 Good 
2015 0.661 30.41 27.04 Good 
2016 0.613 29.45 27.38 Poor 
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2017 0.634 30.92 27.04 Fair 
2018 0.650 31.62 26.98 Good 
2019 0.677 31.86 27.07 Good 
2020 0.635 29.54 27.58 Poor 
2021 0.602 30.88 27.28 Fair 
2022 0.631 31.02 27.08 Fair 
2023 0.650 31.22 27.07 Good 
2024 0.665 29.89 27.49 Fair 

 

3.10 Variance Partitioning and Model Validation 
Of the total variance explained by the regression model (R² = 72.4%), soil moisture uniquely accounted 

for approximately 48.3%, surface temperature for approximately 18.6%, and the SM × ST interaction for 

approximately 5.5%, leaving approximately 27.6% of NDVI variance unexplained by the modelled 

variables; and these are attributable to factors such as rainfall variability, nutrient availability, land-use 

change, pest and disease pressure, and other anthropogenic influences not captured in this dataset. 

Out-of-sample validation using the 2023–2024 holdout period showed R² = 0.698, RMSE = 0.065, and 

MAE = 0.051, compared with R² = 0.731, RMSE = 0.059, and MAE = 0.046 for the 2014–2022 training 

period. Prediction accuracy was higher in the wet season (91%, mean error ±0.048) than in the dry season 

(83%, mean error ±0.072), indicating that the model underestimates NDVI decline during extreme dry-

season drought conditions. 
 

4. DISCUSSION 

4.1 Soil Moisture as the Primary Driver of Vegetation Health 

The strong positive correlation between soil moisture and NDVI observed in this study (r = 0.79, 

accounting for 48% of NDVI variance) confirms soil moisture as the dominant control on vegetation 

health in Rivers State. This finding is consistent with the broader West African literature on rainfall- and 

moisture-driven vegetation dynamics, dating to early NDVI-based studies of the Sahel that established 

comparably strong moisture–greenness relationships (Malo and Nicholson, 1990), and it aligns with 

satellite-based evidence that remotely sensed soil moisture can independently explain a large share of 

vegetation greenness variability in African savannah and forest-transition ecosystems (Boke-Olén et al., 

2018). The physiological basis for this relationship is straightforward: soil moisture governs the water 

available for photosynthesis and transpiration, and its depletion directly constrains plant productivity, 

consistent with global assessments identifying moisture availability as a principal driver of terrestrial 

ecosystem sensitivity to climate variability (Seddon et al., 2016). 

4.2 Temperature as a Secondary Stress Amplifier 
Surface temperature exerted an independent, statistically significant negative effect on NDVI (r = -0.68; 

standardized β = -0.31), most plausibly operating through increased evapotranspirative demand that 

compounds soil moisture stress. This is evidenced here by the very strong negative correlation between 

ST and SM themselves (r = -0.82). Rivers State's mean surface temperature of 27.2 °C during the study 

period remains below the ~28–29 °C range identified in controlled tropical-canopy studies as the point at 

which gross primary productivity gains begin to slow (Pau et al., 2018), but the observed decadal 

warming trend of +0.16 K per year is a legitimate concern; as tropical forest canopies elsewhere have 

been shown, using satellite thermal and ground-based measurements, to already be approaching critical 

photosynthetic temperature thresholds during dry-period peak conditions (Doughty et al., 2023). 

Continued warming at the rate observed in this study would be expected to shift Rivers State's vegetation 

progressively closer to these thresholds, particularly during the February dry-season peak when mean 

temperatures already approach 29.5 °C. 

4.3 Vegetation Response Lag and Early Warning Potential 
The 2–3 month lag identified between peak soil moisture and peak NDVI reflects the physiological time 

required for moisture uptake to translate into measurable canopy greening, and mirrors lag structures 

reported in earlier NDVI–rainfall studies in West Africa (Malo and Nicholson, 1990). Because the SM–
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NDVI relationship is strongest at short lags (under one month) while soil moisture itself can be monitored 

in near-real time via satellite missions such as SMAP (Entekhabi et al., 2010), this lag structure suggests 

genuine potential for soil-moisture-based early warning of vegetation stress with a one- to two-month lead 

time, ahead of visible NDVI decline. 

4.4 Extreme Events and Climate Trends 
The 2016 and 2020 drought events identified in this study, with NDVI reductions of 38% and 21% 

respectively and 4–6 month recovery periods, occurred during years independently identified elsewhere 

as strong El Niño-influenced years across the wider West African region, consistent with the documented 

sensitivity of tropical vegetation to inter-annual climate variability (Seddon et al., 2016). The concurrent 

decadal trends identified here (warming surface temperature, declining soil moisture, and a slight 

downward trend in NDVI) run counter to the global 'greening' trend documented for much of the 

terrestrial land surface since the 1980s (Piao et al., 2020), suggesting that local anthropogenic pressures in 

the Niger Delta (land conversion, gas flaring, oil-related land degradation) may be offsetting or reversing 

the CO₂-fertilization-driven greening observed globally. This interpretation is consistent with recent, 

independent land-cover evidence showing substantial rainforest and mangrove loss and rapid built-up-

area expansion across the wider Niger Delta region over a comparable multi-decadal period (Agumagu et 

al., 2025), and with site-level evidence of sustained NDVI depression around gas-flaring locations within 

the region (Morakinyo, 2024). 

4.5 Environmental and Climate Change Implications 
If the observed decadal trends continue unchanged, the study area could experience approximately 1.0 °C 

of additional warming by 2030, with increased drought frequency and severity and a projected 15–20% 

reduction in vegetation productivity, intensifying stress on both agriculture and natural ecosystems. These 

pressures interact with existing anthropogenic drivers of environmental degradation in the Niger Delta, 

including deforestation for agricultural expansion, oil and gas infrastructure development, urbanization, 

and wetland degradation (Agumagu et al., 2025), and may be reinforced by a feedback loop in which 

reduced vegetation cover lowers local evapotranspiration, further reducing moisture availability and 

elevating surface temperature. 

4.6 Agricultural, Ecosystem, and Early Warning Implications 
The identified seasonal pattern, comprising  of the high vegetation-stress risk in the January–March dry 

season, optimal conditions May–October, and transitional risk in April and November–December, 

provides a practical basis for crop-calendar planning, favouring planting in April as soil moisture begins 

to rise and anticipating peak vegetative growth in August–September. The proposed early-warning 

framework in this study (Table 8) links specific SM, ST, and NDVI thresholds to graduated alert levels, 

offering a low-cost, satellite-data-driven tool for state-level drought preparedness. 

Table 8. Proposed early-warning indicator thresholds. 

Indicator Warning Threshold Action Level 
SM < 20 kg m⁻² Alert 
SM < 17 kg m⁻² Emergency 
ST > 303 K (30 °C) Watch 
ST > 305 K (32 °C) Alert 

NDVI < 0.50 Monitor 
NDVI < 0.40 Intervention 

 

 
One of the limitations of this study is that monthly temporal resolution may mask short-duration extreme 

events; as higher-frequency (daily/weekly) data would improve event detection and predictive accuracy. 

This calls for more expanded studies. There is also the need to downscale analysis to Local Government 

Area or pixel level to better resolve the influence of localized pressures such as gas flaring (Morakinyo, 

2024) and land-cover conversion (Agumagu et al., 2025); and also develop seasonal (3-month) NDVI 

Uzoma et al. ….. Int. J. Innovative Biosciences Res 14(3):101-108, 2026 

 



108 
 

forecasts integrated with climate model outputs; and extending the monitoring time series beyond 2024 

with added ground-validation stations. 

 

5. CONCLUSION 
This study provides the first comprehensive decadal (2014–2024) assessment of the relationships between 

soil moisture, surface skin temperature, total column nitrogen dioxide, and vegetation health in Rivers 

State, Nigeria. Soil moisture was confirmed as the dominant driver of vegetation health, explaining 48% 

of NDVI variance (r = 0.79, p < 0.001), while surface temperature exerted an independent, secondary 

negative effect via evapotranspirative stress (r = -0.68, p < 0.001). A combined regression model using 

soil moisture and surface temperature explained 72.4% of NDVI variance. Two severe drought events, in 

2016 and 2020, were identified, with NDVI reductions of up to 38% and recovery periods of 4–6 months, 

and vegetation response was found to lag soil moisture change by 2–3 months, offering a practicable 

window for early warning. Decadal trends of rising temperature, declining soil moisture, and slightly 

declining NDVI in Rivers State run counter to the global vegetation 'greening' trend, and are consistent 

with independently documented land-cover loss and gas-flaring impacts across the wider Niger Delta. 

These findings establish an evidence baseline for the development of satellite-based early warning 

systems and climate adaptation planning for agricultural and ecosystem management in Rivers State and 

comparable Niger Delta environments. 
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