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ABSTRACT

The Senegalese peanut basin, located in the Sudano-Sahelian zone, experiences significant
climatic variability that strongly influences vegetation dynamics and agricultural performance.
This study analyses the spatiotemporal evolution of the NDVI and SAVI indices over the period
1984-2025, using Landsat and Sentinel-2 imagery processed through Google Earth Engine,
combined with CHIRPS and TerraClimate climatic datasets. An inter-sensor harmonization
procedure was applied to correct the additive bias at the Landsat/Sentinel-2 transition (2017-2022),
confirming minimal residual bias (< 0.02 NDVI units). Results reveal a general upward trend in
vegetation indices, structured across three phases: stagnation during persistent drought (1984-
1999), progressive recovery (2000-2019), and a marked acceleration after 2020, with SAVI peaks
reaching 0.55-0.60. BFAST structural break analysis confirms two statistically significant
breakpoints. Seasonality is tightly coupled to the rainfall regime, with a vegetation peak in
September-October. Precipitation and RAI emerge as the dominant climatic drivers (RF
permutation importance AMSE ~ 9.0x10™* and 8.0x107%, respectively), while mean temperature
exerts a moderate negative effect (r = -0.14). Among seven models tested (GLM, Random Forest,
XGBoost, GAM, SVR, Elastic Net, and a Mean Ensemble), Random Forest delivers the best
predictive performance (R*=0.323, RMSE = 0.0487), confirming the non-linear nature of climate-
vegetation relationships. Bootstrap prediction intervals (B = 200) demonstrate appropriate RF
calibration with ~95% coverage. Analysis of climate-unexplained NDVI residuals reveals no
significant non-climatic trend (Mann-Kendall T = 0.026, p = 0.378), supporting climate as the
primary driver of observed dynamics. ARIMA-based projections to 2040 suggest relative NDVI
stability under a baseline scenario (S1: ~0.15-0.20), with a marginal decrease under a pessimistic
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scenario (S2: -10% precipitation, +0.5°C per decade). SAVI proves more discriminating than
NDVI in sparse vegetation areas due to its soil-background correction. These findings contribute
to understanding Sahelian vegetation resilience and offer an operational framework for
agroecological monitoring and sustainable land management under climate change.

Keywords: NDVI, SAVI, remote sensing, climatic variability, peanut basin, Sahel, Random
Forest, BFAST, inter-sensor harmonization

1. INTRODUCTION

The West African Sahel is one of the world’s regions most vulnerable to interannual climatic
variability and long-term climate change (Nicholson, 2013; Dai, 2011). The Senegalese peanut
basin, situated between the 400 and 900 mm isohyets, at the interface of the Sahelian and Sudano-
Sahelian zones, concentrates the majority of the country’s rural population and represents the
principal centre of rainfed agricultural production, dominated by groundnut (Arachis hypogaea L.)
and pearl millet (Pennisetum glaucum) (Faye et al., 2014; Sene et al., 2024).

Between the 1960s and 1990s, this region experienced a prolonged drought that led to a drastic
reduction in vegetation cover, degradation of ferruginous tropical soils, and a deep disruption of
agropastoral systems (Diouf & Lambin, 2001; Sougou et al., 2021). Since the 1990s-2000s, several
studies have reported a partial recovery of vegetation, interpreted as a manifestation of the “Sahel
greening” phenomenon (Herrmann et al., 2005; Fensholt et al., 2012), whose mechanisms and
sustainability remain debated.

Among available remote sensing indicators, the NDVI (Normalized Difference Vegetation Index)
remains the most widely used vegetation index for characterizing the density, phenology and
primary productivity of vegetation (Tucker, 1979; Myneni et al., 1995). However, in Sahelian
environments where bare soil occupies a significant portion of the spectral signal outside the rainy
season, NDVI is subject to soil-background effects that bias interpretation. To address this
limitation, Huete (1988) proposed the SAVI (Soil-Adjusted Vegetation Index), which incorporates
a correction factor L = 0.5, demonstrating better robustness in sparse vegetation environments.

Few studies combine long diachronic analysis (1984-2025) with the systematic NDVI-SAVI
coupling, the integration of multivariate climatic indices (SPI, SPEI, PCI, RAI), inter-sensor
harmonization, uncertainty quantification, and future projection modelling. This gap fully justifies
the present study, which was additionally strengthened in response to peer-review
recommendations (Review Report AER072114).

The present study pursues four main objectives: (i) to analyse temporal trends in NDVI and SAVI
with structural break detection (BFAST); (ii) to quantify climate-vegetation relationships using
seven complementary statistical and machine learning models; (iii) to quantify model uncertainty
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via bootstrap prediction intervals; and (iv) to project future NDVI dynamics to 2040 under baseline
and pessimistic climate scenarios.

2. MATERIALS AND METHODS
2.1 Study Area

The Senegalese peanut basin is located approximately between 13°N and 16°N latitude and 14°W
and 17°W longitude, covering the administrative regions of Thies, Diourbel, Fatick, Kaolack,
Kaffrine and part of Louga (Figure 1). It extends over approximately 4.7 million hectares,
corresponding to nearly 24% of the national territory. The climate is of the Sudano-Sahelian type,
characterized by a long dry season (October to May) and a short rainy season (June to September),
with annual precipitation ranging from 400 mm in the north to 900 mm in the south. Mean annual
temperatures range between 27°C and 31°C. Dominant soils are leached ferruginous tropical soils
(Dior), shallow and with low water retention capacity, along with vertisols and hydromorphic soils
in lowlands (Faye et al., 2014; Sougou et al., 2021). Residual natural vegetation consists of shrub
and tree savannahs dominated by Guiera senegalensis, Piliostigma reticulatum, Cordyla
pinnata and Faidherbia albida, integrated in traditional agroforestry systems known as
“parklands”.
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Figure 1: Location map of the study area
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2.2 Remote Sensing and Climatic Data

Landsat 5 TM and Landsat 7 ETM+ (Collection 2, Level-2) data were used for 1984-2021 (30 m
resolution), and Sentinel-2 MSI (Level-2A) for 2022-2025 (10 m). All data were acquired and
processed via Google Earth Engine. CHIRPS daily precipitation was aggregated to monthly totals;
TerraClimate provided monthly minimum and maximum temperatures for computation of mean

monthly temperature (TempMean). NDVI and SAVI were calculated from surface reflectance
using L. = 0.5 (Huete, 1988).

2.3 Inter-sensor Harmonization

To address potential inter-sensor inconsistencies between Landsat and Sentinel-2 datasets
(identified as a weakness in peer review) an explicit harmonization procedure was implemented
(Figure 2). The overlap period (2017-2021, when both sensor families were operational) was used
to compute monthly additive bias factors between the two series. These bias corrections were
applied to Sentinel-2-only data (2022-2025). The resulting bias was minimal (< 0.02 NDVI units
across all months), confirming strong spectral consistency between Level-2 products. Nonetheless,
applying the correction ensures maximum temporal comparability across the full 1984-2025 series.

2.4 Derived Climatic Indices

Four complementary derived climatic indices were calculated: SPI (3, 6, 12 months), SPEI (3, 6,
12 months), PCI, and RAI. Prior to modelling, a Variance Inflation Factor (VIF) analysis was
conducted to detect multicollinearity among the ten candidate predictors. Iterative VIF pruning
(threshold VIF < 10) removed aliased variables, yielding a parsimonious predictor set for model
calibration.

2.5 Trend Analysis and Structural Breaks

Long-term trends in NDVI, SAVI and precipitation were assessed using the non-parametric Mann-
Kendall test (Kendall, 1975) and associated Sen’s slope estimator (Sen, 1968), implemented in the
R trend package (Pohlert, 2023). These non-parametric approaches are appropriate for non-normal,
serially correlated environmental time series. BFAST (Breaks For Additive Seasonal and Trend)
structural break detection (Verbesselt et al., 2010) was applied to identify significant change points
in the NDVI and SAVI series, using harmonic seasonal decomposition and iterative break detection
(h=0.15, maximum iterations = 5).

2.6 Statistical Modelling

NDVI prediction from ten climatic variables was approached using seven modelling frameworks
covering a spectrum from classical parametric to advanced machine learning methods: (1) GLM
as a linear parametric reference; (2) Random Forest (ntree = 500; Breiman, 2001); (3) XGBoost
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(n = 0.05, depth = 6, 200 iterations; Chen & Guestrin, 2016); (4) GAM with REML smoothing
splines (Wood, 2017); (5) Support Vector Regression (SVR) with RBF kernel (Vapnik, 1995;
el071 R package); (6) Elastic Net regression (a = 0.5, A selected by 10-fold cross-validation; Zou
& Hastie, 2005; glmnet R package); and (7) a Mean Ensemble combining predictions from all six
base models. SVR and Elastic Net were added to improve predictive performance and model
coverage, as recommended by reviewers.

2.7 Validation

An 80/20 random stratified split (caret; Kuhn, 2008) provided the primary test set. Additionally, a
Leave-One-Year-Out Cross-Validation (LOYO-CV) was implemented across all 41 years (1984-
2025): for each year, models were trained on the remaining 40 years and tested on the held-out
year. This temporally structured validation protocol is more conservative than random splits and
guards against temporal autocorrelation inflation of performance metrics.

2.8 Uncertainty Quantification

Bootstrap prediction intervals (95%) for the Random Forest model were computed from B = 200
bootstrap resamples of the training set. For each bootstrap iteration, a simplified forest (ntree =
100) was trained and applied to the test set; empirical 2.5th and 97.5th percentiles of the 200
prediction distributions formed the interval bounds. Coverage (proportion of observed values
within the 95% PI) was computed as a calibration diagnostic.

2.9 Non-climatic Residual Analysis

To partially account for non-climatic drivers (land-use change, agricultural practices, demographic
pressure), climate-unexplained NDVI anomalies were computed as residuals from the full GAM
climate model applied to the complete 1984-2025 series. A Mann-Kendall trend test on these
residuals was used to determine whether a statistically significant non-climatic trend exists in the
data.

2.10 Future Projections

ARIMA-based projections of NDVI dynamics were produced to 2040 (180 months) using the
auto.arima function (R forecast package; Hyndman & Khandakar, 2008) fitted to the full
harmonized NDVI series. Two scenarios were considered: S1 (baseline: continuation of observed
ARIMA trend with 80% and 95% prediction intervals) and S2 (pessimistic: S1 adjusted by a GAM-
based delta computed for -10% precipitation and +0.5°C per decade, representative of moderate
RCP4.5-RCP6.0 projections for the Sahel by 2040).
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3. RESULTS
3.1 Inter-sensor Harmonization and Structural Breaks

The inter-sensor harmonization procedure (Figure 2) revealed minimal monthly bias between the
Landsat and Sentinel-2 series during the 2017-2021 overlap period (< 0.02 NDVI units across all
months). The harmonized series is nearly superimposable on the original, validating the spectral
consistency of Level-2 surface reflectance products from both sensor families. This result
strengthens confidence in the temporal homogeneity of the 1984-2025 record.

BFAST structural break detection identified two significant change points in the NDVI time series,
consistent with the three-phase dynamics described below. These breakpoints correspond to well-
documented hydroclimatic transitions in the Sahel literature (Nicholson, 2013; Herrmann et al.,
2005).
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Figure 2: Sensor Harmonization
3.2 Temporal Evolution of NDVI and SAVI (1984-2025)

Analysis of the monthly time series (Figure 3) reveals a general upward trend in both indices over
1984-2025, confirmed by LOESS smoothing and the BFAST trend component. Three distinct
phases can be identified.

Phase 1: Stagnation during persistent drought (1984-1999): NDVI and SAVI values remained low
and weakly variable, oscillating mainly between 0.05 and 0.20. This period corresponds to the
persistent Sahelian drought documented in the literature (Nicholson, 2013; L Hoéte et al., 2002).
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Phase 2: Progressive recovery with increased variability (2000-2019): A progressive increase in
both indices is observable, accompanied by more marked seasonal amplitude. Punctual peaks
reach 0.30-0.40 during favourable rainy seasons.

Phase 3: Post-2020 acceleration (2020-2025): The recent period is marked by a clear acceleration
of both indices, with SAVI peaks reaching 0.55-0.60 and NDVI exceeding 0.30-0.40, potentially
reflecting improved rainfall conditions, expansion of agroforestry and FMNR practices (Sene,
2024).

Throughout the series, SAVI displays systematically higher values than NDVI and greater
interannual variability, illustrating its greater sensitivity to vegetation cover variations in bare-soil-
dominated environments (Huete, 1988).
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Figure 3: Monthly time series of NDVI (green) and SAVI (orange) in the Senegalese peanut
basin (1984-2025). Thick lines represent LOESS smoothing trends (span = 0.25). The dash-
dot line is the BFAST trend component; dotted vertical lines indicate BFAST structural
breakpoints.

3.3 Seasonality and Interannual Variability

Analysis of monthly distributions (Figure 4) reveals a marked seasonality strictly synchronous
with the Sudano-Sahelian rainfall regime. During the dry season (January-June), NDVI and SAVI
medians oscillate around 0.08-0.10 and 0.12-0.15, respectively. The vegetative peak (September-
October) shows median NDVI values of approximately 0.20-0.22 and SAVI values of
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approximately 0.28-0.32. SAVI displays systematically higher medians than NDVI, with a
maximum differential in September-October (~0.10 units).
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Figure 4: Monthly distribution of NDVI (green) and SAVI (orange) values (1984-2025).
Boxes show the interquartile range; horizontal lines indicate medians; whiskers extend to
1.5x IQR.

3.4 Correlations between Vegetation Indices and Climatic Variables

The Pearson correlation matrix (Figure 5) reveals the structure of relationships between vegetation
indices and climatic variables over 1984-2025 (Table 1). Precipitation (r =0.23) and RAI (r=0.23)
present the strongest positive correlations with NDVI, followed by SPEIs (r=0.25), SPIs (r = 0.22)
and SPliz (r =0.22). SPEIs shows r =0.21 and SPEI:> r = 0.14, indicating decreasing hydroclimatic
integration at longer scales. Mean temperature shows a moderate negative correlation (r = -0.14),
consistent with the role of heat as a water stress amplifier. PCI shows no significant correlation (r
~ 0.00), confirming the evolutionary adaptation of Sahelian vegetation to concentrated rainfall
regimes.

Table 1: Pearson correlation coefficients between NDVI/SAVI and climatic indices (n = 492
monthly observations, 1984-2025; values read from Figure 5).

Climatic variable r (NDVI) r (SAVI) Interpretation

Precipitation 0.23 0.23 Direct precipitation signal

RAI 0.23 0.23 Normalised precipitation anomaly
SPEL 0.25 0.25 Short-term hydroclimatic signal
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Climatic variable r (NDVI) r (SAVI) Interpretation
SPIs 0.22 0.22 Semi-annual precipitation signal
SPI.2 0.22 0.22 Annual precipitation signal
SPEIs 0.21 0.21 Semi-annual hydroclimatic signal
SPL 0.19 0.19 Quarterly precipitation signal
SPEl:- 0.14 0.14 Annual hydroclimatic signal (moderate)
TempMean -0.14 -0.14 Moderate inverse relationship
PCI 0.00 0.00 Negligible correlation
RAlI{ 023 0.23 0.02 1.00
PClq 004 0.04 -0.02 0.00
SPEly,4{ o007 007 -0.42 004
Pearson r
1.0
SPElg{ 0414 0.14 -0.46 0.06 l
SPEl,{ 021 0.21 -0.50 0.09 05
8Pli{ 025 0.25 -0.13 0.10
SPls{ 022 022 -0.14 0.11 00
SPl,{ 0.9 019 -0.11 0.14 1.00 0.54 0.3 0.37 0.21 017 -0.02 0.14
-0.5
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Figure 5: Pearson correlation matrix between NDVI, SAVI and ten climatic indices in the
Senegalese peanut basin (1984-2025; n = 492 monthly observations). Colour scale: blue =
negative, red = positive correlation.
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Comparison of the seven models on the test set (20% of data) confirms the superiority of ensemble-
type approaches (Table 2; Figure 6 & 7). Random Forest achieves the best performance with
RMSE = 0.0487 and R? = 0.323, followed by XGBoost (RMSE = 0.0522; R? = 0.259), SVR (R?=
0.203) and the Mean Ensemble (R? = 0.230, RMSE = 0.0517). The Mean Ensemble outperforms
GLM, GAM, and Elastic Net individually, demonstrating the added value of model combination.
GAM (R?=0.100) and GLM (R?= 0.122) remain the weakest predictors, reflecting the limitations

of linear and additive-smooth assumptions on this high-variance monthly series.

Table 2: Comparative performance of NDVI prediction models on the test set (20% of

observations, 1984-2025). Models are ranked by R2.

Model RMSE MAE R? Bias Rank
Random Forest 0.0487 - 0.323 - 1
XGBoost 0.0522 - 0.259 - 2
Mean Ensemble 0.0517 - 0.230 - 3
SVR (RBF) 0.0527 - 0.203 - 4
Elastic Net 0.0551 - 0.125 - 5
GLM 0.0553 - 0.122 - 6
GAM 0.0572 - 0.100 - 7
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Leave-One-Year-Out Cross-Validation (LOYO-CV) confirmed Random Forest as the most stable
model across the 41-year record, with lower inter-annual variance in RMSE than GLM, further
validating its generalization capacity.
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series for the test set across the seven modelling approaches (GLM, RF, XGB, GAM, SVR,

ElasNet, Ensemble).
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3.6 Model Uncertainty

Bootstrap prediction intervals (B = 200) for the Random Forest model (Figure 8) reveal a narrow
95% PI band across most of the test period, demonstrating good model calibration. Observed
NDVI values fell within the 95% PI for approximately 94-95% of test observations, consistent
with the nominal coverage target. The PI widens around extreme events (notably the 2014-2015
anomaly episode), reflecting increased model uncertainty during periods of exceptional climatic
stress that lie outside the distribution of the training data.
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Shaded band = 95% bootstrap prediction interval {B = 200).
Black = observed; amber = RF prediction.

Figure 8: Random Forest 95% bootstrap prediction interval (B =200) for NDVI on the test
set. Shaded band = PI; amber line = RF prediction; black line = observed NDVI
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The dashed line indicates the observed NDVI median
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3.7 Variable Importance (Random Forest)

Permutation-based variable importance (Figure 10; Table 3) identifies Precipitation (AMSE =
9.0x107*) and RAI (AMSE = 8.0x107*) as the two dominant climatic drivers, followed by SPI:2 (=
5.5x107*), SPILs (= 4.7x107*) and SPEI: (= 4.0x107*). The primacy of raw precipitation ahead of its
standardized derivatives (SPI, SPEI) underlines that absolute monthly precipitation amounts
remain the primary immediate driver of vegetation greenness in this region, while anomaly indices
capture inter-annual memory effects. TempMean ranks eighth (= 2.0x107*), confirming its role as
a secondary limiting factor. PCI ranks last (= 1.2x107*), confirming the absence of significant
concentration-productivity relationships at basin scale.

Table 3: Importance of climatic variables in the Random Forest model for NDVI prediction
(decreasing permutation importance; Figure 10)

Rank Variable Importance (x107%) Category

1 Precipitation 9.0 Direct precipitation

2 RAI 8.0 Precipitation anomaly

3 SPl. 5.5 Annual precipitation index

4 SPIs 4.7 Semi-annual precipitation index
5 SPEL 4.0 Short-term hydroclimatic index
6 SPEL: 2.5 Annual hydroclimatic index

7 SPIs 2.5 Quarterly precipitation index

8 TempMean 2.0 Mean temperature

9 SPEIs 1.5 Semi-annual hydroclimatic index
10 PCI 1.2 Precipitation concentration index
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Figure 10: Permutation-based variable importance for the Random Forest model
predicting NDVI. Values represent mean increase in MSE upon variable permutation.

3.8 Non-linear Effects (GAM)

Analysis of the GAM smooth term response curves (Figure 11) reveals contrasted partial
relationships. Mean temperature shows a slightly negative profile beyond 25°C, reflecting
amplified evapotranspirative demand (Vicente-Serrano et al, 2010). The partial effect of
precipitation is positive and plateaus beyond approximately 150 mm/month, characteristic of
vegetation signal saturation (Carlson & Ripley, 1997). SPEI; presents the most pronounced spline,
confirming its relevance as an early drought indicator. PCI’s spline is rigorously flat, confirming
negligible concentration-productivity effects. The wide confidence intervals for most predictors
reflect their limited individual marginal explanatory power on this highly seasonal and variable

monthly series.
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Figure 11: GAM partial smooth effects of each climatic predictor on NDVI. Shaded areas =
95% confidence intervals; rug marks = data distribution.

3.9 Non-climatic Residual Analysis

Analysis of climate-unexplained NDVI residuals (Figure 12) reveals that the residual signal -
representing NDVI variance attributable to non-climatic factors such as land-use change,
agricultural practices, and demographic pressure, does not exhibit a statistically significant long-
term trend. The Mann-Kendall test yields Tt = 0.026 (p = 0.378), confirming the absence of a
monotonic non-climatic trend. The LOESS trend of residuals fluctuates around zero, with a slight
negative phase during 1995-2015 and a recent positive recovery. These results support climate as
the primary and dominant driver of NDVI dynamics at basin scale over 1984-2025, while
acknowledging that episodic non-climatic events (FMNR expansion, land clearing) may generate
local-scale, non-trending effects not detectable at the regional mean level of this analysis.
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Figure 12: Climate-unexplained NDVI residuals (observed - GAM climate prediction),
1984-2025. Grey = monthly residuals; mauve = LOESS trend (span = 0.35). Mann-Kendall
7=0.026, p = 0.378 (non-significant)

3.10 Future Projections

ARIMA-based projections to 2040 (Figure 13) suggest overall relative stability of NDVI dynamics
under both scenarios. The baseline scenario S1 (continuation of observed ARIMA trend) projects
mean annual NDVI of approximately 0.15-0.20 by 2035-2040, with the characteristic seasonal
oscillation of the Sudano-Sahelian cycle. The pessimistic scenario S2 (-10% precipitation, +0.5°C
per decade) produces a marginal downward adjustment that is barely distinguishable from S1 at
the 80% prediction interval level, reflecting the limited additional explanatory power of the GAM
climate adjustment on the strong seasonal ARIMA signal. The 95% prediction interval widens
progressively with projection horizon, reaching approximately +0.10 NDVI units by 2040,
appropriately reflecting growing temporal uncertainty in long-range projections. These results
should be interpreted as exploratory scenarios rather than deterministic forecasts, given the
absence of explicit land-use and demographic change scenarios.
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Figure 13: ARIMA-based NDVI projections 2026-2040. Grey = historical series (2010-
2025); green = S1 baseline projection; orange dashed = S2 pessimistic projection (-10%
precipitation, +0.5°C per decade). Shading = 80% (darker) and 95% (lighter) prediction
intervals. Dotted vertical line = projection start (2026)

4. DISCUSSION
4.1 Long-term NDVI and SAVI Dynamics: Between Degradation and Resilience

The dynamics of vegetation indices over 1984-2025 faithfully reflect the contrasted climatic
history of the peanut basin. The stagnation phase (1984-1999) corresponds to the persistent
Sahelian drought (L’Hote et al., 2002; Nicholson, 2013). The progressive recovery observable
from 2000 is consistent with the Sahel greening phenomenon (Herrmann et al., 2005; Fensholt et
al., 2012). BFAST structural break detection provides a statistically rigorous confirmation of these
phase transitions, independently of subjective visual interpretation. The post-2020 acceleration of
both indices, with SAVI peaks reaching 0.55-0.60, suggests an intensification of greening whose
climatic and anthropogenic causes deserve further investigation at finer spatial scales.

4.2 Inter-sensor Harmonization and Data Quality

The minimal inter-sensor bias confirmed by Figure 2 (< 0.02 NDVI units) validates the original
dataset while justifying the systematic application of harmonization for maximum rigor. This result
is consistent with comparative analyses of Landsat and Sentinel-2 Level-2 products in semi-arid
environments (Claverie et al., 2018), which report sub-0.02 NDVI differences after surface
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reflectance normalization. The Landsat 7 SLC-off artefacts (post-2003) represent a minor residual
uncertainty source, mitigated by the spatial averaging at 5 km resolution in this study.

4.3 Comparative Model Performance and Added Value of the Extended Model Suite

The extended model suite (seven models vs. four in the original study) provides a more
comprehensive characterization of predictive uncertainty and model complexity trade-offs.
Random Forest (R* = 0.323) now clearly outperforms all alternatives, an improvement from R? =
0.294 1n the original analysis attributable to the use of harmonized NDVI as the response variable.
The Elastic Net (R* = 0.125) and GLM (R? = 0.122) perform comparably, confirming that
regularization provides only marginal benefit over standard regression for this dataset, likely
because the limiting factor is non-linearity rather than overfitting. SVR (R? = 0.203) occupies an
intermediate position, capturing some non-linearity via the RBF kernel while remaining below
ensemble approaches. The Mean Ensemble (R? = 0.230) illustrates the classical variance reduction
benefit of model averaging, consistently outperforming all linear models.

Moderate R? values across all models reflect the substantial contribution of non-climatic factors
not integrated in the modelling (Sougou et al., 2021; Faye et al., 2014), the high temporal
variability of monthly NDVI, and potential vegetation signal saturation at high biomass (Carlson
& Ripley, 1997). The non-climatic residual analysis (Section 3.9) clarifies this point by showing
that the residual non-climatic signal is not systematically trended, suggesting that episodic rather
than monotonic processes (e.g., annual cropping cycles, interannual FMNR expansion variability)
dominate the unexplained variance.

4.4 Dominant Role of Precipitation and Hydroclimatic Mechanisms

The RF variable importance analysis confirms precipitation and RAI as the dominant drivers
(Table 3), consistent with the correlation analysis (Table 1). The primacy of raw precipitation (rank
1) over its standardized derivatives in the RF model (a reversal from earlier analyses where RAI
ranked first), reflects the sensitivity of permutation importance to the full distribution of values
rather than ranked anomalies. In a regime where precipitation shows substantial absolute inter-
annual variability (100-800 mm annual totals), raw precipitation values carry more predictive
information per permutation step than normalized indices. Both metrics together confirm the
water-limitation paradigm of Sahelian vegetation productivity (Nicholson et al., 1998).

GAM smooth effects (Figure 11) further refine this understanding. The plateau in the precipitation-
NDVI relationship beyond ~150 mm/month confirms spectral saturation (Carlson & Ripley, 1997).
SPEI presents the most pronounced non-linear spline, demonstrating the importance of short-term
water balance (integrating evapotranspirative demand) as an early vegetation stress signal,
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consistent with Vicente-Serrano et al. (2010). The negative temperature effect beyond 25°C
illustrates the dual thermal stress mechanism in a warming climate.

4.5 Uncertainty Analysis and Model Calibration

The bootstrap 95% prediction interval (Figure 8) demonstrates satisfactory Random Forest
calibration (~94-95% empirical coverage), within the expected range for bootstrap PI methods
applied to moderately correlated time series. The widening of the PI around the 2014-2015
anomaly episode - associated with an extreme rainfall deficit and anomalous negative NDVI values
- correctly reflects the model’s increased uncertainty when extrapolating beyond its training
distribution. This type of explicit uncertainty quantification is particularly important for
operational agricultural drought monitoring applications, where false confidence in model
predictions can lead to inappropriate policy decisions.

4.6 Non-climatic Drivers and Limitations

The non-significant Mann-Kendall trend in climate-unexplained residuals (t = 0.026, p = 0.378)
implies that, at the regional basin scale and the monthly temporal resolution of this study, land-use
change, demographic pressure and agricultural practices do not produce a detectable monotonic
NDVI trend beyond the climate signal. This finding should not be interpreted as an absence of
non-climatic effects at local scales, but rather as evidence that these effects are spatially
heterogeneous and temporally variable, averaging out at basin scale. Future studies incorporating
land-use change maps and agricultural census data at sub-basin resolution would be necessary to
detect and quantify local non-climatic signals.

Other limitations include: (i) NDVI saturation for high biomass values (LAI > 3), potentially
underestimating variations in very favourable years; (ii) spatial resolution uncertainties in CHIRPS
and TerraClimate data given the limited density of ground-based rainfall gauges; (iii) the
Thornthwaite method for PET calculation, which may underestimate evapotranspirative demand
under warming; and (iv) the ARIMA projections, which assume stationarity of the temporal
autocorrelation structure and do not explicitly model land-use change trajectories.

4.7 Future Projections and Implications

The ARIMA projections (Figure 13) suggest relative NDVI stability to 2040 under both scenarios,
with the pessimistic S2 scenario producing only a marginal difference from S1 at the 95% PI level.
This result reflects the dominant seasonal ARIMA component relative to the trend component, and
implies that moderate precipitation decreases (-10%/decade) and temperature increases
(+0.5°C/decade) - within the range of RCP4.5 projections for the Sahel (IPCC, 2021), may not
dramatically alter average NDVI if the seasonal rainfall regime is preserved. However, changes in
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intra-seasonal rainfall distribution (not captured in this analysis) could have larger impacts than
changes in totals.

These findings have direct implications for: (i) early drought warning system design, using SPEIs
and Random Forest models for seasonal NDVI forecasting; (ii) evaluation of FMNR and
reforestation programme impacts on vegetation trends; and (iii) contribution to Senegal’s Land
Degradation Neutrality (LDN) reporting under SDG 15.3.

5. CONCLUSION

This study proposes an original and rigorous diachronic analysis of NDVI and SAVI dynamics in
the Senegalese peanut basin over 1984-2025. Key methodological additions include: (1) explicit
inter-sensor Landsat/Sentinel-2 harmonization confirming minimal bias (< 0.02 NDVT units); (i1)
BFAST structural break detection identifying two statistically significant change points; (iii) an
extended model suite (GLM, RF, XGBoost, GAM, SVR, Elastic Net, Ensemble), with RF
achieving the best performance (R* = 0.323, RMSE = 0.0487); (iv) bootstrap 95% prediction
intervals demonstrating appropriate RF calibration (~95% coverage); (v) Leave-One-Year-Out
Cross-Validation confirming model temporal generalizability; (vi) non-climatic residual analysis
showing no significant non-climatic trend (MK t = 0.026, p = 0.378); and (vii) ARIMA-based
future projections to 2040 under baseline and pessimistic scenarios.

Precipitation and RAI emerge as the dominant climatic drivers of NDVI dynamics, while
temperature exerts a secondary negative influence. Random Forest superiority confirms the non-
linear nature of climate-vegetation relationships in this semi-arid context. SAVI maintains its
advantage over NDVI in sparse vegetation areas. The relative NDVI stability projected to 2040
under moderate climate change scenarios provides cautious grounds for optimism regarding
Sahelian vegetation resilience, contingent on maintaining current rainfall seasonality. These results
contribute a reproducible and transferable methodology combining remote sensing, advanced
statistical modelling, inter-sensor harmonization, and multi-scale climatic indices, applicable to
other agropastoral regions of West Africa.
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