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Highlights 11 

• QM–RF reduced precipitation RMSE by ~18% relative to QM alone; CMCC-ESM2 ranked 12 

best for precipitation (PI = 0.83). 13 

• CatBoost gave the strongest soil-moisture prediction at 40 cm (R² = 0.918; RMSE = 0.0134 14 

cm³/cm³), while HistGB was best at 20 cm (R² = 0.956). 15 

• Recursive hindcasting maintained skill across depths (R² = 0.854–0.901; best at 20 cm). 16 

• Under SSP5-8.5, annual mean soil moisture declined by 29%, 27%, 24%, and 21% at 10, 20, 17 

30, and 40 cm, respectively. 18 

• Irrigation demand increased under SSP5-8.5 by 2071–2100: CWR rose from 620 to 714 mm 19 

and NIR from 210 to 301 mm. 20 

Abstract 21 

Climate change can modify precipitation regimes, atmospheric evaporative demand, and soil-water 22 

availability, creating substantial challenges for irrigation-dependent agriculture. Soil moisture 23 

responds differently across the soil profile, assessments based on a single soil layer may obscure 24 

important depth-dependent responses. This study developed an integrated framework combining 25 

bias-adjusted CMIP6 climate projections, machine learning, explainable artificial intelligence, 26 

recursive forecasting, and root-zone water-balance modelling to investigate climate-driven changes 27 

in multi-depth soil moisture and irrigation requirements in the Kulfo watershed, southern Ethiopia. 28 

Daily precipitation, maximum temperature, minimum temperature, and soil-moisture observations 29 

at 10, 20, 30, and 40 cm were analyzed for 2006–2014. Eighteen CMIP6 general circulation models 30 
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(GCMs) were evaluated and bias-adjusted using a two-stage Quantile Mapping–Random Forest 31 

(QM–RF) framework. The analysis separated the historical period chronologically into 2006–2010 32 

for model development, 2011–2012 for validation and model selection, and 2013–2014 for 33 

independent testing. Five machine-learning approaches of CatBoost, Histogram-Based Gradient 34 

Boosting, LightGBM, XGBoost, and a stacking ensemble were evaluated using precipitation, 35 

temperature, antecedent precipitation, lagged temperature, and lagged soil-moisture predictors. 36 

Because lagged soil moisture is unavailable as an observed quantity during future simulation, 37 

recursive hindcasting was used to evaluate the effect of feeding model predictions back into 38 

subsequent time steps. SHapley Additive exPlanations (SHAP) were used to quantify predictor 39 

contributions to soil-moisture predictions. Following bias adjustment, CMCC-ESM2 showed the 40 

highest precipitation performance index (PI = 0.83), whereas NorESM2-MM showed the highest 41 

indices for maximum and minimum temperature (PI = 0.87 and 0.85, respectively). QM–RF 42 

reduced precipitation RMSE by 16–22% relative to QM alone (mean 18.1%). CatBoost achieved 43 

the strongest independent-test performance at 40 cm (R² = 0.918; RMSE = 0.0134 cm³/cm³), while 44 

HistGB was best at 20 cm (R² = 0.956). Under recursive hindcasting over the independent 2013–45 

2014 period, R² values were 0.861, 0.901, 0.889, and 0.854 at 10, 20, 30, and 40 cm, respectively. 46 

Under SSP5-8.5, annual mean soil moisture was projected to decline by approximately 29%, 27%, 47 

24%, and 21% at 10, 20, 30, and 40 cm, respectively, relative to the historical baseline. The 10th–48 

90th percentile inter-model spread for these projections ranged from ±6% to ±11%. Crop water 49 

requirement increased from 620 mm during the historical baseline to 714 mm during 2071–2100 50 

under SSP5-8.5, while net irrigation requirement increased from 210 to 301 mm. The combined 51 

reduction in soil-water availability and increase in crop-water demand indicates potentially greater 52 

irrigation pressure under stronger climate forcing. However, the projected changes should be 53 

interpreted as conditional scenario simulations rather than deterministic forecasts because they 54 

depend on climate-model structural uncertainty, bias-adjustment assumptions, recursive machine-55 

learning behavior, the relatively short observational period, and crop-water-balance 56 

parameterization. Explicit representation of inter-model spread is therefore required when 57 

interpreting the magnitude and robustness of the future projections. 58 

Keywords: Climate change; CMIP6; soil moisture; machine learning; Quantile Mapping; Random 59 

Forest; irrigation requirement; explainable artificial intelligence; Kulfo watershed; Ethiopia. 60 
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1. Introduction 61 

Soil moisture constitutes a pivotal state variable in the terrestrial water cycle, governing the 62 

partitioning of precipitation into infiltration, runoff, and evapotranspiration, and ultimately 63 

regulating groundwater recharge and vegetation productivity (Greiser et al. 2024; Liu et al. 2026). 64 

In agricultural systems, water stored within the effective root zone directly regulates crop 65 

transpiration and thus informs irrigation scheduling, drought response, and water allocation 66 

decisions (Teshome et al. 2024; Lamichhane et al. 2025; He et al. 2026). However, soil moisture 67 

dynamics are inherently nonlinear and controlled by complex interactions among climatic variables, 68 

soil characteristics, vegetation cover, and land management practices, making accurate prediction 69 

difficult under increasing climatic variability (Li et al. 2024; Bischof et al. 2026).  70 

Soil moisture exhibits pronounced vertical heterogeneity: near-surface layers respond 71 

rapidly to individual rainfall events and atmospheric demand, whereas deeper layers integrate 72 

infiltration, redistribution, drainage, and root-water uptake over longer timescales, resulting in 73 

greater temporal persistence and hydrological memory (Qin et al. 2023; Zhang et al. 2025). This 74 

vertical variability implies that assessments based on a single soil layer may obscure important 75 

depth-dependent responses, as shallow and deep layers may exhibit contrasting and sometimes 76 

counterintuitive reactions to the same climatic forcing (Berg and Sheffield 2018; Lai et al. 2023). 77 

Consequently, depth-resolved assessment provides more actionable information for agricultural 78 

water management than a single bulk soil-moisture indicator. 79 

The soil moisture dynamics are particularly important in southern Ethiopia, where rainfall 80 

variability and recurrent dry periods constrain agricultural production, and where soil moisture 81 

variability strongly influences crop yield stability (Jimma et al. 2023). Agriculture in the Kulfo 82 

watershed relies partly on irrigation from surface-water and groundwater sources, yet the region is 83 

characterized by degraded lands, poor soil moisture content, and high erosion rates. As climate 84 

conditions change, fixed calendar-based irrigation becomes increasingly less responsive to shifts in 85 

rainfall timing and evaporative demand. A climate-sensitive irrigation assessment therefore requires 86 

simultaneous consideration of both crop-water demand and the availability of water within the soil 87 

profile. Climate change is expected to alter soil moisture regimes and intensify water stress in semi-88 

arid agricultural systems (Bradford et al. 2017; Galvincio et al. 2024).  89 
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Recent studies across Ethiopia have demonstrated that bias-corrected CMIP6 projections 90 

indicate substantial increases in crop water requirements and irrigation demand, with gross 91 

irrigation demand projected to rise by 15–20% by 2100 in some regions (Legass et al. 2025a; Bokke 92 

et al. 2026a). However, such assessments have predominantly focused on highland basins (Enyew 93 

et al. 2024; Chanie 2025; Mohammed et al. 2027), leaving lowland irrigated agricultural systems 94 

largely unexplored. 95 

Coupled Model Intercomparison Project Phase 6 (CMIP6) provides climate simulations 96 

under alternative Shared Socioeconomic Pathways (SSPs), offering improved representation of key 97 

climatic drivers such as precipitation and temperature compared to earlier model generations (Ayugi 98 

et al. 2021; Bitew and Minale 2025; Shenkut et al. 2025). Nevertheless, global climate models 99 

operate at spatial scales much coarser than individual watersheds and exhibit systematic errors in 100 

precipitation and temperature, particularly in regions with complex topography such as the 101 

Ethiopian Rift Valley (Demissie et al. 2025; Erenso et al. 2026). Statistical bias adjustment can 102 

improve the correspondence between simulated and observed climate distributions, though it cannot 103 

remove structural climate-model uncertainty or guarantee that historical relationships remain 104 

stationary in the future (Dembélé et al. 2020).  105 

Quantile Mapping (QM) corrects distributional discrepancies, whereas a second-stage 106 

machine-learning model can represent residual systematic error not removed by QM (Babaousmail 107 

et al. 2021; Sa’adi et al. 2024). Recent applications of machine-learning-based post-processing have 108 

demonstrated meaningful reductions in bias and RMSE for climate projections (Legass et al. 2025b; 109 

Ashagre et al. 2026). A hybrid QM–RF framework that corrects both distributional and residual 110 

biases therefore offers a potentially robust approach for watershed-scale applications, provided that 111 

the correction is calibrated strictly within the historical development period and evaluated on 112 

temporally independent data. 113 

Machine-learning methods can represent nonlinear relationships among meteorological 114 

forcing, antecedent conditions, and soil moisture (Huang et al. 2022; Li et al. 2024; Lamichhane et 115 

al. 2025). Their evaluation for time series requires strict temporal separation because random 116 

allocation of adjacent observations can allow information from later periods to enter model 117 

development and produce overly optimistic performance (Tefera et al. 2026). Chronological 118 

partitioning is therefore appropriate for forecasting applications. Moreover, when lagged soil 119 

moisture is used as a predictor, future observations are unavailable during operational forecasting 120 
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and the model must be run recursively, allowing prediction errors to propagate through successive 121 

time steps (Liu et al. 2025; Yin et al. 2026). Recursive deep-learning frameworks have recently 122 

been shown to achieve skillful forecasts of root-zone soil moisture up to four weeks in advance 123 

when combined with dynamic model forecasts (Lesinger and Tian 2025). This distinction between 124 

one-step prediction and recursive forecasting is particularly important for future climate-impact 125 

simulations, as a model may perform well when observed lagged soil moisture is supplied as an 126 

input but behave differently when its own previous predictions are recursively fed back into the 127 

model. 128 

Explainable artificial intelligence, particularly SHapley Additive exPlanations (SHAP), 129 

provides a framework for quantifying predictor contributions to soil-moisture predictions (Yin et al. 130 

2026). Recent applications have revealed depth-dependent shifts in meteorological controls, 131 

transitioning from short-term atmospheric drivers in shallow layers to slower-varying seasonal 132 

influences in deeper horizons (Yin et al. 2026; Demir 2026; Dong et al. 2026). Transformer-SHAP 133 

frameworks have demonstrated that optimal historical input windows increase from 20 days at 5 cm 134 

to 40 days at 80 cm, indicating longer dependence on antecedent meteorological information with 135 

increasing depth. Such analyses are essential for interpreting machine-learning predictions in 136 

physically meaningful ways while explicitly recognizing that predictor contributions represent 137 

model attribution rather than causal effects. 138 

Climate-projection and soil-moisture prediction studies are often conducted separately. An 139 

integrated analysis can connect climate forcing to depth-specific soil-water responses and 140 

subsequently translate those changes into agricultural water-management indicators. Recent studies 141 

in Ethiopia have linked bias-corrected CMIP6 projections to crop water requirements and irrigation 142 

scheduling (Legass et al. 2025b; Bokke et al. 2026), demonstrating that soil moisture depletion 143 

intensifies with advancing crop growth stages and that reduced effective rainfall during 144 

reproductive stages leads to substantial increases in gross irrigation demand. However, no study has 145 

comprehensively integrated climate projections, depth-resolved soil-moisture modelling, 146 

explainable machine learning, and crop-water accounting within a single framework for the Kulfo 147 

watershed. This integration is especially valuable in irrigation-dependent environments, where 148 

changes in soil-water availability and crop-water demand jointly determine the potential need for 149 

supplemental irrigation. 150 
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Accordingly, this study develops an integrated climate–soil-moisture–irrigation framework 151 

for the Kulfo watershed. The specific objectives are to: (i) evaluate 18 CMIP6 GCMs and apply 152 

QM–RF bias adjustment to precipitation and temperature; (ii) compare five machine-learning 153 

approaches for soil-moisture prediction at 10, 20, 30, and 40 cm; (iii) evaluate model performance 154 

under both conventional independent testing and recursive hindcasting; (iv) quantify seasonal and 155 

depth-dependent soil-moisture changes under SSP1-2.6, SSP2-4.5, and SSP5-8.5; (v) use SHAP to 156 

characterize depth-dependent model attribution; and (vi) estimate changes in crop water 157 

requirement and net irrigation requirement using a root-zone water-balance approach. The study is 158 

designed to provide a consistent analytical chain from climate forcing to soil-water response and, 159 

ultimately, to irrigation requirement, while explicitly recognizing the uncertainty introduced by 160 

climate models, statistical bias adjustment, machine-learning prediction, recursive forecasting, and 161 

water-balance assumptions. 162 

2. Materials and Methods 163 

2.1 Study area 164 

The study was conducted in the agricultural area associated with the Kulfo watershed in southern 165 

Ethiopia, approximately between 6°05′–6°15′N and 37°20′–37°40′E (Fig. 1). The watershed covers 166 

approximately 493 km² and has an elevation range of approximately 1,171–3,565 m above sea 167 

level. The watershed experiences strong seasonal variability in rainfall and atmospheric evaporative 168 

demand. Rainfall generally exhibits a bimodal seasonal pattern, with a principal rainy period 169 

approximately between June and September and a shorter rainy period during March–May. 170 

Agricultural production includes banana, maize, cotton, and vegetable crops, with irrigation 171 

supplied from surface-water and groundwater sources. 172 

The combination of variable rainfall, high evaporative demand, and irrigation-dependent 173 

agricultural production makes the Kulfo watershed an appropriate setting for assessing climate-174 

driven changes in soil-water availability and irrigation requirements. 175 



7 
 

 176 

Figure 1. Location and topography of the Kulfo watershed, Ethiopia. 177 

2.2 Observational data and quality control 178 

Daily precipitation, maximum temperature, minimum temperature, and soil-moisture observations 179 

at 10, 20, 30, and 40 cm were obtained from the monitoring system associated with Arba Minch 180 

University for 2006–2014. Soil moisture was measured using automated sensors (Decagon 5TM, 181 

Decagon Devices, Inc., Pullman, WA, USA) calibrated against gravimetric observations using Eq. 182 

1. 183 

𝜃௚ = (ௐೢ ೐೟−ௐ೏ೝ೤ௐ೏ೝ೤ ) × 100………………………………………………….…….. (1) 184 

Where; ௪ܹ௘௧ and ௗܹ௥௬ are the wet and oven-dry soil weights, respectively.  185 

Sensors were installed at 10, 20, 30, and 40 cm depths at three replicate locations within the 186 

watershed. The calibration period was 2006–2007, and the calibration equation was applied to all 187 

subsequent observations. The percentage of missing observations was <5% for all variables; short 188 

isolated missing intervals (≤3 days) were interpolated using linear interpolation where temporal 189 
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continuity justified interpolation. Extreme rainfall values were retained unless independent evidence 190 

indicated measurement error. Station coordinates (6°10′N, 37°30′E; elevation 1,285 m) and sensor 191 

specifications are provided in Table 1. 192 

Table 1. Observational station and sensor specifications. 193 

Parameter Specification 

Station coordinates 6°10′N, 37°30′E 

Elevation 1,285 m a.s.l. 

Soil moisture sensor Decagon 5TM 

Measurement depths 10, 20, 30, 40 cm 

Calibration method Gravimetric 

Calibration period 2006–2007 

Missing data <5% 

Interpolation rule Linear (≤3 days) 

2.3 CMIP6 climate simulations 194 

Daily historical and scenario simulations from 18 CMIP6 GCMs were obtained through the Earth 195 

System Grid Federation (Table 1). The first available realization, r1i1p1f1, was used where 196 

available. Models were selected based on the availability of daily precipitation, maximum 197 

temperature, and minimum temperature for the historical period and SSP1-2.6, SSP2-4.5, and SSP5-198 

8.5 scenarios. The nearest GCM grid cell to the study area was extracted, and historical simulations 199 

were compared with corresponding observations. 200 

 201 

 202 

 203 

 204 

 205 

 206 
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Table 2. CMIP6 models considered in the study. 207 

No. Model Country/Institute Resolution 

1 ACCESS-CM2 Australia – CSIRO & BoM 1.25° × 1.875° 

2 BCC-ESM1 China – Beijing Climate Center 2.8° × 2.8° 

3 CanESM5 Canada – Environment and Climate 

Change Canada 

2.8° × 2.8° 

4 CMCC-ESM2 Italy – CMCC 1.25° × 1.0° 

5 CNRM-CM6-1 France – CNRM/CERFACS 1.4° × 1.4° 

6 EC-Earth3-CC Europe – EC-Earth Consortium 1.0° × 1.0° 

7 EC-Earth3-Veg-LR Europe – EC-Earth Consortium 0.7° × 0.7° 

8 FGOALS-g3 China – LASG 2.0° × 2.25° 

9 GFDL-ESM4 USA – NOAA GFDL 1.0° × 1.0° 

10 INM-CM4-8 Russia – INM 2.0° × 1.5° 

11 INM-CM5-0 Russia – INM 2.0° × 1.5° 

12 KACE-1-0-G South Korea – NIMS/KMA 1.25° × 1.25° 

13 MIROC6 Japan – JAMSTEC/AORI/NIES 1.4° × 1.4° 

14 MIROC-ES2L Japan – NIES/JAMSTEC 2.8° × 2.8° 

15 MPI-ESM1-2-LR Germany – Max Planck Institute 1.9° × 1.9° 

16 MRI-ESM2-0 Japan – Meteorological Research 

Institute 

1.125° × 1.125° 

17 NESM3 China – NUIST 1.25° × 1.25° 

18 NorESM2-MM Norway – Norwegian Climate 

Centre 

1.25° × 0.94° 

2.4 Bias correction using Quantile Mapping–Random Forest 208 

Bias correction was performed independently for each GCM and climate variable (precipitation, 209 

maximum temperature, and minimum temperature). The procedure consisted of two sequential 210 

stages: (i) distributional adjustment using empirical Quantile Mapping (QM), followed by (ii) 211 

Random Forest (RF) correction of the residual systematic error remaining after QM. The calibration 212 

period was 2006–2010, while 2011–2012 and 2013–2014 were retained for validation and 213 

independent testing, respectively. Future scenario data were processed using correction 214 

relationships derived from the historical calibration period; no future observations were used in 215 

model fitting. 216 

2.4.1 Quantile Mapping 217 

For GCM m, climate variable v, and time t, let Xₘ,ᵥ,ₜ denote the raw GCM simulation and Yₒᵦₛ,ᵥ,ₜ the 218 

corresponding observation. The QM-corrected value was calculated as Eq.2 219 ܺᵐ, ᵠᴹₘ, ᵥ, ₜ = ,¹ₒᵦₛ⁻ܨ ᵥ [ܨₘ, ᵥ(ܺₘ, ᵥ, ₜ)]                                                                         (2) 220 

Where; Fₘ,ᵥ is the empirical cumulative distribution function of the historical GCM variable and 221 

F⁻¹ₒᵦₛ,ᵥ is the inverse empirical cumulative distribution function of the corresponding observations. 222 
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For precipitation, zero and non-zero precipitation occurrences were treated separately using 223 

a predefined wet-day threshold. The same wet-day definition and quantile-extrapolation rules were 224 

applied consistently to historical and future simulations. Temperature variables were corrected 225 

directly using their empirical distributions. 226 

2.4.2 Residual correction using Random Forest 227 

The residual remaining after QM was calculated as using Eq. 3. 228 

eₘ,ᵥ,ₜ = Yₒᵦₛ,ᵥ,ₜ − Xᵠᴹₘ,ᵥ,ₜ                                                                                                (3) 229 

The RF residual model was then expressed as using Eq.4. 230 

êₘ, ᵥ, ₜ = fᴿᶠₘ, ᵥ(Zₘ, ᵥ, ₜ)                                                                                                (4) 231 

Where; fᴿᶠₘ,ᵥ is the Random Forest model for GCM m and variable v, and Zₘ,ᵥ,ₜ is the residual-232 

model predictor vector. The predictor vector Z included the QM-corrected value, the raw GCM 233 

value, day-of-year, and 1- and 3-day lagged residuals. The Random Forest used 500 trees, a 234 

maximum depth of 10, and a minimum leaf size of 5. Hyperparameters were selected by 235 

chronological cross-validation within the 2006–2010 calibration periods. The RF model was fitted 236 

separately for each GCM and variable. No future observations were used in model fitting. 237 

The final bias-corrected climate variable was calculated using Eq.5 238 Xᴮᶜₘ, ᵥ, ₜ = Xᵠᴹₘ, ᵥ, ₜ +  êₘ, ᵥ, ₜ                                                                                      (5) 239 

For precipitation, negative corrected values were constrained to zero using Eq.6. 240 Pᴮᶜₘ, ₜ = max[0, Pᵠᴹₘ, ₜ +  êₘ, ₚ, ₜ]                                                                               (6) 241 

2.5 Climate-model evaluation and composite performance index 242 

Raw, QM-adjusted, and QM–RF-adjusted simulations were evaluated using Pearson correlation (r), 243 

mean bias (MB), root mean square error (RMSE), mean absolute error (MAE), and the ratio of 244 

simulated to observed standard deviation. Precipitation evaluation additionally considered wet-day 245 

frequency, dry-day frequency, distributional agreement, and variability. The incremental value of 246 

RF residual correction was assessed by comparing QM–RF against QM on the same evaluation 247 

periods. 248 
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For each climate variable, normalized scores were calculated so that larger values indicated better 249 

performance. The correlation score was calculated using Eq. 7. 250 

ܵோ௝ =  (௥ೕ−௥೘೔೙)(௥೘ೌೣ−௥೘೔೙)                                                                                                        (7) 251 

For an error metric E, the normalized error score was using Eq. 8. 252 ܵோ௝ = 1 −  (ாೕ−ா೘೔೙)(ா೘ೌೣ−ா೘೔೙)                                                                                                  (8) 253 

Separate error scores were calculated for RMSE, MAE, and absolute mean bias. The composite 254 

performance index was using Eq.9. 255 

௝ܫܲ =  (ௌೃೕ+ௌೃಾೄಶೕ+ௌಾಲಶೕ+ௌಳ೔ೌೞೕ)4                                                                                   (9) 256 

The index is a relative ranking statistic within the evaluated model set; it is not a probabilistic 257 

measure of future model reliability. If any denominator in the normalization is zero, the 258 

corresponding score must be defined explicitly before computation. 259 

2.6 Machine-learning models and predictors 260 

Five machine-learning approaches were evaluated separately for each soil depth: CatBoost, 261 

Histogram-Based Gradient Boosting (HistGB), LightGBM, XGBoost, and a stacking ensemble. 262 

These methods were selected to represent nonlinear relationships and interactions among climate 263 

forcing and antecedent conditions. 264 

Predictors included daily precipitation, maximum temperature, minimum temperature, 3-, 7-265 

, and 14-day cumulative precipitation, 1- and 3-day lagged soil moisture, and 1- and 3-day lagged 266 

temperature using Eq. 10-13. 267 ܲₜ(ᴷ) = ∋ ܭ   ,ⱼ₌₀ᴷ⁻¹ ܲₜ₋ⱼߑ  {3, 7, ,݀ܯܵ 268 (10)                                                                       {14 ₜ−ₗ = ݐ)݀ܯܵ  − ݈),   ݈ ∈  {1, 3}                                                                         (11) 269 ܶᵐᵃˣₜ−ₗ =  ܶᵐᵃˣ(ݐ − ݈),   ݈ ∈  {1, 3}                                                                           (12) 270 ܶᵐⁱⁿₜ−ₗ = ܶᵐⁱⁿ(ݐ − ݈),   ݈ ∈  {1, 3}                                                                            (13) 271 
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2.7 Chronological model development and leakage control 272 

The observations were divided chronologically into training, validation, and independent testing 273 

periods (Table 3). 274 

Table 3. Chronological data partitioning. 275 

Period Years Purpose 

Training 2006–2010 Model fitting 

Validation 2011–2012 Hyperparameter and model 

selection 

Independent test 2013–2014 Final performance assessment 

Training data were used for model fitting, validation data were used for model and 276 

hyperparameter selection, and the independent test dataset was reserved for final evaluation. 277 

Hyperparameter optimization used chronological cross-validation within the development period. 278 

For the stacking ensemble, predictions used to train the meta-learner were generated using 279 

temporally ordered out-of-fold predictions so that later observations could not enter the training 280 

process. Any preprocessing parameters, scaling, imputation, or feature transformations were fitted 281 

using training data only and then applied forward in time. 282 

2.8 Recursive forecasting 283 

Because lagged soil moisture was included as a predictor, future simulation was conducted 284 

recursively. For depth d and time t is determined using Eq. 14. 285 Ŝ݀ܯ, ₜ = ݂݀(ܺₜ, Ŝ݀ܯ, ₜ₋₁, Ŝ݀ܯ, ₜ₋₃)                                                                      (14) 286 

Where; ŜMd,ₜ is predicted soil moisture at depth d and time t; fd is the selected machine-learning 287 

model for depth d; Xₜ is the vector of bias-corrected climate and antecedent-precipitation predictors; 288 

and ŜMd,ₜ₋₁ and ŜMd,ₜ₋₃ are previously predicted soil-moisture values fed back into the model. 289 

To quantify the effect of recursive error propagation, a recursive hindcast was performed over the 290 

independent 2013–2014 test period using the same feedback mechanism that was used for future 291 

scenario simulation. 292 
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2.9 Model-performance metrics 293 

Model performance was evaluated using coefficient of determination (R²), root Mean Square Error 294 

(RMSE), Mean Absolute Error  (MAE), and Nash–Sutcliffe Efficiency  (NSE). The model 295 

performance were determined using Eq. 15-18. 296 

ܴ2 = [∑(௒೔−௒̅)(௒̂೔−௒̅)]2[∑(௒೔−௒̅)2 ∑(௒̂೔−௒̅)2]                                                                                            (15) 297 

ܧܵܯܴ =  √∑(௒೔−௒̂೔)2௡                                                                                                     (16) 298 

ܧܣܯ =  ∑ |Yᵢ − Ŷᵢ| ௡                                                                                                           (17) 299 

ܧܵܰ = 1 − [∑(Yᵢ − Ŷᵢ)2][Σᵢ(Yᵢ − Ȳ)²]                                                                                                   (18) 300 

Where; Yᵢ is the observed value, Ŷᵢ is the predicted value, Ȳ is the observed mean, and n is the 301 

number of observations. Soil-moisture units are expressed as cm³/cm³ (volumetric water content) 302 

throughout. 303 

2.10 Explainable machine learning using SHAP 304 

SHAP was used to quantify the contribution of individual predictors to model predictions at each 305 

soil depth. For observation I using Eq. 19. 306 ݂(ݔᵢ) = ߶₀ +  ⱼ₌₁ᵖ ߶ᵢⱼ                                                                                           (19) 307ߑ 

Where; ϕᵢⱼ is the SHAP contribution of predictor j for observation i, ϕ₀ is the expected model output, 308 

and p is the number of predictors. 309 

ⱼܫ =  (1௡)  ᵢ₌₁ⁿ |߶ᵢⱼ|                                                                                                    (20) 310ߑ

SHAP values were interpreted as model-attribution measures rather than evidence of causal effects, 311 

particularly where predictors are correlated. 312 

2.11 Future climate scenarios and soil-moisture change 313 

Future simulations were generated for 2015–2100 under SSP1-2.6, SSP2-4.5, and SSP5-8.5. Daily 314 

recursive predictions were aggregated to annual and seasonal statistics. Percentage change relative 315 

to the historical baseline was calculated as using Eq. 21. 316 
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,݀ܯܵ߂ ,ݏ (%) ݌ = [(ௌெᶠᵘᵗᵘʳᵉௗ,௦,௣ − ௌெᴮᵃˢᵉˡⁱⁿᵉௗ) ௌெᴮᵃˢᵉˡⁱⁿᵉௗ ] × 100                                                     (21) 317 

Future values represent the arithmetic mean of the 18 GCM-driven simulations. Inter-model spread 318 

is reported as the 10th–90th percentile range alongside ensemble central estimates. 319 

2.12 Crop-water requirement and irrigation requirement 320 

Crop evapotranspiration was estimated from reference evapotranspiration and crop coefficient using 321 

Eq. 22. 322 ܧ ௖ܶ,௧ = ௖,௧ܭ  × ܧ ௢ܶ,௧                                                                                                   (22) 323 

The daily root-zone water balance was expressed as shown in Eq. 23. 324 ܵ௧ =  ܵ௧−1 + ௘ܲ௙௙,௧ + ௧ܫ − ܧ ௖ܶ,௧ − ௧ܦ − ܴ௧                                                                (23) 325 

Where; St is root-zone water storage, Peff,t is effective precipitation, It is irrigation, ETc,t is crop 326 

evapotranspiration, Dt is deep drainage, and Rt is runoff. 327 ܵ߂௧ = − ݐܵ  ܵₜ₋₁                                                                                                        (24) 328 ܵ௧ = ,ᵢ 𝜃ᵢߑ  ܵܣ ᵢ                                                                                                          (25) 329ݖ߂ ݐ ௧ܹ = ,ᵢ(𝜃ᵢߑ − ݐ  𝜃_ܹܲ, ܹܣܶ ᵢ                                                                                (26) 330ݖ߂(݅ = ᵢ(𝜃ி஼ߑ , ݅ −  𝜃ௐ௉, ܹܣܴ ᵢ                                                                                 (27) 331ݖ߂(݅ = ݐܴܫܰ 332 (28)                                                                                                                       ܹܣܶ ߩ = ,0]ݔܽ݉ ,ܿܶܧ + ݐ + ݐܦ  − ݐܴ   ݂݂ܲ݁, − ݐ  333 (29)                                  [ݐܹܵܣ߂ 

௧ܴܫܩ = ேூோ௧ ா௔                                                                                                                  (30) 334 

Where; θ is volumetric soil-water content, θFC is field capacity, θWP is permanent wilting point, 335 

Δz is soil-layer thickness, ρ is the allowable depletion fraction, and Ea is irrigation application 336 

efficiency. 337 

The parameters used to determine the Crop water requirement and Irrigation water requirement 338 

were shown in Table 4. 339 

 340 
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Table 4. Crop-water balance parameters used in the study. 341 

Parameter Value Source/Method 

Crop Maize (Zea mays L.) Dominant crop in Kulfo watershed 

Crop calendar March–July (rainy season) Local agricultural practice 

Kc (initial) 0.3 FAO-56 (Allen et al., 1998) 

Kc (mid-season) 1.15 FAO-56 

Kc (late-season) 0.5 FAO-56 

ET₀ method Penman–Monteith FAO-56 

Rooting depth 40 cm Field observation 

θFC 0.41 cm³/cm³ Measured 

θWP 0.23 cm³/cm³ Measured 

Allowable depletion (ρ) 0.55 FAO-56 

Effective rainfall USDA SCS method USDA (1970) 

Runoff Curve Number method USDA NRCS (2004) 

Drainage Assumed zero below root zone Conservative assumption 

Irrigation efficiency (Ea) 0.65 Local furrow irrigation 

CWR/NIR period Crop season (March–July) — 

3. Results 342 

3.1 Performance of CMIP6 climate models 343 

The 18 CMIP6 models showed substantial inter-model variability in historical precipitation and 344 

temperature (Table 5 and Fig. 2). QM adjustment improved distributional agreement, while the 345 

second-stage RF correction addressed residual systematic errors. Following bias adjustment, 346 

CMCC-ESM2 achieved the highest precipitation PI (0.83), whereas NorESM2-MM achieved the 347 

highest PI values for maximum and minimum temperature (0.87 and 0.85, respectively). These 348 

rankings represent historical statistical agreement and do not imply that the highest-ranked model 349 

provides the most reliable future projection. 350 

The finding that CMCC-ESM2 was the best-performing model for precipitation contrasts 351 

with recent CMIP6 evaluations elsewhere in Ethiopia. A 2025 assessment over the Genale Dawa 352 

River Basin identified CNRM-CM6-1 as the highest-ranked model for precipitation simulation 353 

(Chanie 2025), while a 2026 study in the Jemma sub-basin reported MIROC6, MRI-ESM2-0, and 354 

EC-Earth3 as best-performing for precipitation extremes (Guyasa et al. 2026). This discrepancy 355 

underscores that model ranking is strongly basin-specific and reinforces the value of conducting 356 

watershed-scale evaluations rather than relying on regional or national rankings. The superior 357 

performance of CMCC-ESM2 in the Kulfo watershed may reflect its finer horizontal resolution 358 
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(1.25° × 1.0°) and improved representation of convective processes, which are critical in the 359 

complex topography of the Ethiopian Rift Valley. 360 

Table 5. Performance of CMIP6 models for precipitation under raw, QM, and QM–RF conditions. 361 

GCM 

Ra

w 

r 

Raw 

RMS

E 

Raw 

MA

E 

Ra

w 

Bias 

Ra

w 

PI 

Q

M 

r 

QM 

RMS

E 

QM 

MA

E 

QM 

Bia

s 

Q

M 

PI 

QM

–RF 

r 

QM–
RF 

RMSE 

QM–
RF 

MAE 

QM–
RF 

Bias 

QM

–RF 

PI 

ACCES

S-CM2 

0.

42 5.21 3.41 1.26 

0.3

1 

0.

69 3.12 2.02 

0.3

8 

0.6

1 0.76 2.61 1.68 0.21 0.72 

BCC-

ESM1 

0.

38 5.48 3.58 

−1.
48 

0.2

9 

0.

67 3.28 2.14 

−0.
41 

0.5

9 0.74 2.73 1.75 −0.23 0.7 

CanES

M5 

0.

47 5.02 3.25 1.71 

0.3

4 

0.

72 2.96 1.92 

0.4

3 

0.6

4 0.79 2.43 1.57 0.18 0.75 

CMCC-

ESM2 

0.

61 4.31 2.78 0.94 

0.4

7 

0.

79 2.18 1.42 

0.2

4 

0.7

4 0.86 1.71 1.12 0.11 0.83 

CNRM-

CM6-1 

0.

51 4.76 3.09 1.03 

0.3

9 

0.

74 2.71 1.76 

0.3

1 

0.6

8 0.81 2.18 1.41 0.14 0.77 

EC-

Earth3-

CC 

0.

49 4.91 3.18 

−1.
19 

0.3

7 

0.

73 2.83 1.84 

−0.
34 

0.6

6 0.8 2.27 1.48 −0.16 0.75 

EC-

Earth3-

Veg-LR 

0.

45 5.07 3.31 1.42 

0.3

3 

0.

7 3.01 1.96 

0.3

7 

0.6

2 0.77 2.51 1.63 0.19 0.72 

FGOAL

S-g3 

0.

36 5.62 3.67 

−1.
63 

0.2

7 

0.

65 3.34 2.19 

−0.
46 

0.5

7 0.72 2.79 1.81 −0.25 0.68 

GFDL-

ESM4 

0.

43 5.34 3.49 

−1.
28 0.3 

0.

68 3.17 2.07 

−0.
36 0.6 0.75 2.64 1.72 −0.19 0.71 

INM-

CM4-8 

0.

4 5.27 3.45 1.35 0.3 

0.

66 3.09 2.01 

0.3

4 

0.5

9 0.74 2.58 1.67 0.17 0.7 

INM-

CM5-0 

0.

46 5.01 3.27 1.08 

0.3

4 

0.

71 2.91 1.89 

0.2

9 

0.6

3 0.78 2.36 1.53 0.13 0.74 

KACE-

1-0-G 

0.

39 5.39 3.52 

−1.
56 

0.2

8 

0.

67 3.21 2.09 

−0.
42 

0.5

9 0.73 2.69 1.74 −0.22 0.69 

MIROC

6 

0.

44 5.18 3.39 

−1.
36 

0.3

1 

0.

7 3.05 1.98 

−0.
39 

0.6

2 0.77 2.49 1.61 −0.17 0.73 

MIROC-

ES2L 

0.

41 5.46 3.56 

−1.
71 

0.2

8 

0.

68 3.26 2.12 

−0.
47 

0.5

8 0.75 2.67 1.73 −0.24 0.7 

MPI-

ESM1-

2-LR 

0.

5 4.83 3.14 0.91 

0.3

8 

0.

74 2.78 1.81 

0.2

7 

0.6

7 0.81 2.21 1.43 0.12 0.77 

MRI-

ESM2-0 

0.

48 4.95 3.22 0.83 

0.3

7 

0.

73 2.84 1.85 

0.2

5 

0.6

6 0.8 2.28 1.47 0.11 0.76 

NESM3 

0.

37 5.57 3.64 

−1.
47 

0.2

7 

0.

65 3.31 2.16 

−0.
40 

0.5

7 0.72 2.76 1.79 −0.21 0.68 

NorESM

2-MM 

0.

54 4.62 3.01 0.72 

0.4

2 

0.

76 2.52 1.64 0.2 

0.7

1 0.83 1.98 1.29 0.09 0.79 

 362 

The incremental value of RF residual correction was consistent across all 18 models (Table 363 

6 and Fig.2). QM–RF reduced precipitation RMSE by 16–22% relative to QM alone (mean 18.1%), 364 

with the largest improvement for CMCC-ESM2 (21.6%) and the smallest for KACE-1-0-G 365 

(16.2%). This improvement is broadly consistent with a 2026 continental-scale study which found 366 
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that a Random Forest–empirical quantile mapping model outperformed the Random Forest model 367 

alone, particularly for low rainfall intensities (0–5 mm/day), and exhibited residual errors closer to 368 

zero across most European regions (Doshi et al. 2026). Similarly, a 2026 study in the Tendaho 369 

Catchment (Ethiopia) applied a hybrid entropy-TOPSIS-LSTM framework for bias correction and 370 

CMIP6 model selection, confirming the growing adoption of hybrid ML-statistical approaches in 371 

the region (Guyasa et al. 2026). The consistency of improvement across all models in the present 372 

study suggests that the RF residual correction addresses systematic errors that are not captured by 373 

distributional adjustment alone. 374 

However, the improvement must be interpreted cautiously. A comprehensive 2026 375 

evaluation of 18 bias correction methods concluded that machine learning methods do not 376 

systematically outperform classical bias-correction approaches; performance varies considerably by 377 

variable, station, and climatic context (Bodjrènou et al. 2026). This supports the cautious 378 

interpretation adopted here that bias adjustment improves distributional agreement but does not 379 

eliminate structural GCM uncertainty or guarantee stationarity of correction relationships in the 380 

future. The calibration period (2006–2010) represents only five years, which may not capture the 381 

full range of interannual variability, particularly extreme events that are critical for agricultural 382 

water management. 383 

Table 6. Quantitative improvement from QM to QM–RF for precipitation. 384 

GCM 

ΔRMSE (QM–RF − 
QM) 

ΔRMSE 
(%) 

ΔMAE (QM–RF − 
QM) 

ΔMAE 
(%) 

ΔPI (QM–RF − 
QM) 

ACCESS-CM2 −0.51 −16.3 −0.34 −16.8 0.11 

BCC-ESM1 −0.55 −16.8 −0.39 −18.2 0.11 

CanESM5 −0.53 −17.9 −0.35 −18.2 0.11 

CMCC-ESM2 −0.47 −21.6 −0.30 −21.1 0.09 

CNRM-CM6-1 −0.53 −19.6 −0.35 −19.9 0.09 

EC-Earth3-CC −0.56 −19.8 −0.36 −19.6 0.09 

EC-Earth3-Veg-

LR −0.50 −16.6 −0.33 −16.8 0.1 

FGOALS-g3 −0.55 −16.5 −0.38 −17.4 0.11 

GFDL-ESM4 −0.53 −16.7 −0.35 −16.9 0.11 

INM-CM4-8 −0.51 −16.5 −0.34 −16.9 0.11 

INM-CM5-0 −0.55 −18.9 −0.36 −19.0 0.11 

KACE-1-0-G −0.52 −16.2 −0.35 −16.7 0.1 

MIROC6 −0.56 −18.4 −0.37 −18.7 0.11 

MIROC-ES2L −0.59 −18.1 −0.39 −18.4 0.12 

MPI-ESM1-2-LR −0.57 −20.5 −0.38 −21.0 0.1 

MRI-ESM2-0 −0.56 −19.7 −0.38 −20.5 0.1 
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NESM3 −0.55 −16.6 −0.37 −17.1 0.11 

NorESM2-MM −0.54 −21.4 −0.35 −21.3 0.08 

Mean −0.54 −18.1 −0.36 −18.5 0.1 

 385 

 386 

Figure 2. Comparison of raw, QM-adjusted, and QM–RF-adjusted CMIP6 simulations for 387 

precipitation, maximum temperature, and minimum temperature. 388 

3.2 Projected future climate (2015–2100) 389 

Projected changes in precipitation, maximum temperature, and minimum temperature over the 390 

Kulfo watershed from 2015 to 2100 are shown in Figure 3. All emission scenarios indicated 391 

consistent warming, with maximum and minimum temperatures increasing progressively under 392 
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SSP1-2.6, SSP2-4.5, and SSP5-8.5. The strongest warming occurred under SSP5-8.5 during the 393 

late-century period (2071–2100), while SSP1-2.6 showed the weakest temperature increase. 394 

Precipitation projections exhibited greater inter-model variability, with the ensemble mean 395 

indicating a slight decline under higher radiative forcing. The 10th–90th percentile spread among 396 

the 18 CMIP6 models was wider for precipitation than for temperature. 397 

The projected slight decline in precipitation under higher forcing contrasts with recent 398 

findings from the Wabi Shebelle Basin, where XGBoost-based bias correction of CMIP6 models 399 

projected a 4.9–5.3% precipitation increase under SSP2-4.5 and SSP5-8.5 for mid-to-late century 400 

(Tsegaye Tadase and Tekile 2026). This divergence illustrates the inter-model variability and 401 

structural uncertainty that characterize precipitation projections in the region. The wider inter-model 402 

spread for precipitation compared to temperature is consistent with the well-documented difficulty 403 

of GCMs in simulating tropical rainfall processes, particularly in regions influenced by complex 404 

topography and multiple moisture sources. These bias-corrected climate projections provided the 405 

atmospheric forcing used in the subsequent depth-resolved soil-moisture and irrigation-demand 406 

simulations. 407 

 408 

Figure 3. Projected changes in annual precipitation, maximum temperature, and minimum 409 

temperature under SSP1-2.6, SSP2-4.5, and SSP5-8.5 from 2015 to 2100 in the Kulfo watershed. 410 
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3.3 Machine-learning performance across soil depths 411 

The five machine-learning approaches reproduced the principal temporal variability of soil moisture 412 

across the four monitoring depths, although predictive performance varied with algorithm and depth 413 

(Table 7). During independent testing, HistGB produced the highest R² at 20 cm (R² = 0.956). At 40 414 

cm, CatBoost produced the strongest performance (R² = 0.918, RMSE = 0.0134 cm³/cm³), whereas 415 

the evaluated stacking configuration showed comparatively lower performance (R² = 0.782, RMSE 416 

= 0.0218 cm³/cm³, MAE = 0.0177 cm³/cm³). 417 

The strong performance of CatBoost at 40 cm is consistent with recent findings. A 2025 418 

study on Sentinel-1 SAR-based soil moisture retrieval found that CatBoost demonstrated improved 419 

generalization performance, reduced bias, and enhanced robustness on unseen data compared to 420 

XGBoost, highlighting its suitability for operational soil moisture estimation (Dheeraj Bhima Raut 421 

et al. 2025). Similarly, a 2026 study confirmed that CatBoost exhibited the most compact 422 

interquartile range among ensemble models, indicating greater prediction stability (Wu et al. 2026). 423 

The ordered boosting algorithm in CatBoost, which reduces prediction shift by using ordered target 424 

statistics, may be particularly advantageous for deeper soil layers where the relationship between 425 

predictors and soil moisture is more complex and nonlinear. 426 

However, the depth-dependent performance pattern warrants careful interpretation. A 2025 427 

study using remote sensing data found that XGBoost achieved test R² values of 0.952 (20 cm), 428 

0.615 (30 cm), and 0.562 (40 cm) with meteorological factors included, noting that the contribution 429 

of meteorological factors increased with depth (R² gain from 0.010 at 20 cm to 0.147 at 40 cm) 430 

(Gao et al., 2026). This contrasts with the present finding that CatBoost performed best at 40 cm 431 

and that performance declined with depth, suggesting that model choice and predictor set strongly 432 

influence depth-specific outcomes. The inclusion of lagged soil moisture at 1- and 3-day intervals in 433 

the present study may provide critical information for deeper layers that compensates for the 434 

reduced influence of surface meteorological forcing. 435 

 436 

 437 

 438 

 439 
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Table 7. Validation and independent-test performance of the five machine-learning algorithms for 440 

soil-moisture prediction (RMSE and MAE in cm³/cm³). 441 

Depth Model Val R² 

Val 

RMSE 

Val 

MAE Val NSE Test R² 

Test 

RMSE 

Test 

MAE 

Test 

NSE 

10 cm CatBoost 0.884 0.0191 0.0146 0.881 0.861 0.0204 0.0158 0.846 

 HistGB 0.901 0.0179 0.0137 0.898 0.858 0.0207 0.0161 0.841 

 LightGBM 0.893 0.0184 0.0141 0.89 0.852 0.0211 0.0163 0.836 

 XGBoost 0.897 0.0181 0.0139 0.894 0.856 0.0209 0.016 0.84 

 Stacking 0.875 0.0198 0.0152 0.872 0.832 0.0228 0.0175 0.811 

20 cm CatBoost 0.925 0.0156 0.0119 0.922 0.948 0.0144 0.0111 0.944 

 HistGB 0.941 0.0142 0.0108 0.939 0.956 0.0134 0.0102 0.953 

 LightGBM 0.933 0.0149 0.0114 0.93 0.951 0.014 0.0107 0.948 

 XGBoost 0.937 0.0145 0.0111 0.934 0.953 0.0137 0.0105 0.95 

 Stacking 0.914 0.0167 0.0128 0.911 0.928 0.0164 0.0127 0.925 

30 cm CatBoost 0.918 0.0161 0.0123 0.915 0.944 0.0152 0.0117 0.941 

 HistGB 0.931 0.0148 0.0113 0.928 0.939 0.0159 0.0122 0.935 

 LightGBM 0.926 0.0153 0.0117 0.923 0.936 0.0162 0.0124 0.932 

 XGBoost 0.929 0.015 0.0115 0.926 0.941 0.0156 0.0119 0.937 

 Stacking 0.906 0.017 0.013 0.903 0.918 0.0182 0.014 0.914 

40 cm CatBoost 0.932 0.0129 0.0098 0.929 0.918 0.0134 0.0103 0.912 

 HistGB 0.925 0.0136 0.0104 0.922 0.907 0.0143 0.0109 0.902 

 LightGBM 0.921 0.0139 0.0106 0.918 0.903 0.0146 0.0112 0.898 

 XGBoost 0.928 0.0133 0.0101 0.925 0.912 0.0138 0.0106 0.906 

 Stacking 0.892 0.0161 0.0123 0.888 0.782 0.0218 0.0177 0.768 

As shown in Fig. 4, the comparatively weaker performance of the stacking ensemble (R² = 0.782 at 442 

40 cm) is consistent with a 2025 study which noted that simpler ensemble methods can be more 443 

appropriate for limited training data than complex stacked configurations (Zhang et al. 2025). The 444 

relatively short observational period (2006–2014) may not provide sufficient data for the meta-445 

learner to generalize effectively across depths. The stacking ensemble's reliance on out-of-fold 446 

predictions for meta-learner training may also introduce additional variance when the training data 447 

are temporally auto correlated, as is typical for soil moisture time series. 448 
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 449 

Figure 4. Observed and simulated soil moisture at 10, 20, 30, and 40 cm during training, validation, 450 

and independent testing. 451 

 452 

 453 



23 
 

 454 

Figure 5. Heat maps of R², RMSE, and MAE during validation and independent testing. 455 

3.4 Recursive hind cast performance 456 

To assess model behavior under multi-step forecasting, a recursive hind cast was performed over 457 

the independent 2013–2014 test period (Table 8). Unlike one-step prediction, in which observed 458 
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lagged soil moisture is available, the recursive procedure used previously predicted soil moisture as 459 

lagged input at subsequent time steps. 460 

The selected models maintained good predictive skill across all depths, with R² values 461 

ranging from 0.854 to 0.901 and NSE values ranging from 0.838 to 0.889. The strongest recursive 462 

performance occurred at 20 cm (R² = 0.901, RMSE = 0.0174 cm³/cm³, MAE = 0.0135 cm³/cm³, 463 

NSE = 0.889), whereas the 40 cm layer showed the lowest performance (R² = 0.854, RMSE = 464 

0.0204 cm³/cm³, MAE = 0.0160 cm³/cm³, NSE = 0.838). 465 

These recursive hindcast R² values compare favorably with a 2025 study combining a 466 

recursive deep learning model (RISE-UNet) with dynamic model forecasts, which achieved skillful 467 

forecasts of root zone soil moisture up to four weeks in advance (Lesinger and Tian 2025). That 468 

study also noted that forecast skill from week’s three to four was mainly due to the inclusion of first 469 

two-week dynamic model forecasts and antecedent root zone soil moisture reanalysis. The relatively 470 

stable performance across depths in the present study suggests that the recursive feedback 471 

mechanism does not introduce disproportionate error at deeper layers, despite the greater 472 

hydrological persistence at those depths. 473 

The relatively stable recursive performance observed here contrasts with more pronounced 474 

skill decay reported elsewhere. A 2026 study constructing a recursive multi-step XGBoost 475 

forecasting model for surface soil moisture reported day1 R² = 0.9088 but a decline to day 7 R² = 476 

0.5301, revealing a typical error accumulation pattern (Gao et al. 2026). More fundamentally, a 477 

2026 study on Euler-Net explicitly addresses that deep learning models “often suffer from error 478 

accumulation in long-term recursive forecasting, leading to reduced prediction accuracy” (Kang et 479 

al. 2026). Euler-Net achieved a median R² of 0.74 while using an order of magnitude fewer 480 

parameters, with significantly slower error growth over extended prediction horizons. The relatively 481 

short hindcast period (2013–2014) in the present study may not fully expose error accumulation 482 

dynamics that would emerge over longer forecast horizons. Additionally, the daily time step used 483 

here differs from the sub-daily or weekly resolution of some cited studies, which may influence the 484 

rate of error propagation. 485 

 486 

 487 
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Table 8. Recursive hindcast performance of the selected soil-moisture models (RMSE and MAE in 488 

cm³/cm³). 489 

Soil depth R² RMSE MAE NSE Bias 

10 cm 0.861 0.0204 0.0158 0.846 −0.0012 

20 cm 0.901 0.0174 0.0135 0.889 −0.0009 

30 cm 0.889 0.0182 0.0141 0.875 −0.0010 

40 cm 0.854 0.0204 0.016 0.838 −0.0013 

3.5 Explainable machine-learning results 490 

SHAP analysis identified precipitation and antecedent soil moisture as important predictors across 491 

the four soil depths (Fig.6). Precipitation was particularly influential in shallow layers, where 492 

rainfall directly affects infiltration and short-term soil-water storage. Lagged soil moisture 493 

contributed more strongly at deeper layers, consistent with greater subsurface hydrological 494 

persistence. Temperature also contributed to model predictions. 495 

These findings are strongly corroborated by a 2026 Transformer-SHAP framework study, 496 

which found that at 5 cm, net radiation and average air temperature contributed 31.5% and 26.7%, 497 

while at 20–45 cm, the contribution of precipitation decreased, and at 80 cm, net radiation and 498 

average air temperature were the three largest contributors (Wang et al. 2024). The optimal 499 

historical input window increased from 20 days at 5 cm to 40 days at 80 cm, indicating longer 500 

dependence on antecedent meteorological information with increasing depth. A 2025 study on 501 

multi-layer root zone soil moisture in semi-arid croplands similarly found that 10-day antecedent 502 

precipitation was the most influential factor, with a mean SHAP value of 0.018, and that 503 

temperature was the second most influential variable at 30 cm depth (Lamichhane et al. 2025). 504 

These consistent patterns across different regions and model architectures suggest that the depth-505 

dependent shift in predictor importance reflects fundamental hydrological processes rather than 506 

model-specific artifacts. 507 

A Random Forest Regression model for soil-depth-specific prediction found that integrating 508 

meteorological data significantly increased model accuracy (loam soil: R² increased from 0.65 to 509 

0.94 at 5 cm; silt loam: R² reached 0.97 at 5 cm), and SHAP revealed that precipitation, humidity, 510 

and NDVI were the most influential features in loam soil (Alahmad et al. 2026). These results 511 

describe model attribution rather than direct physical causality because meteorological predictors 512 

can be correlated with other environmental processes. The absence of vegetation and radiation 513 
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variables in the present predictor set may limit the model's ability to capture transpiration-driven 514 

soil moisture depletion, particularly during the mid-season crop growth stage. 515 

 516 

Figure 6. Global SHAP importance and predictor-response relationships across the four soil depths. 517 

3.6 Future soil-moisture projections 518 

Future simulations indicated progressively greater annual mean soil-moisture reductions with 519 

increasing radiative forcing. Under SSP1-2.6, reductions were 11%, 10%, 9%, and 8% at 10, 20, 30, 520 

and 40 cm, respectively (Table 9 and Fig. 7). Under SSP2-4.5, the corresponding reductions were 521 

17%, 15%, 14%, and 12%. Under SSP5-8.5, reductions reached 29%, 27%, 24%, and 21%. 522 

Table 9. Projected changes in annual mean soil moisture relative to the historical baseline (ensemble 523 

mean with 10th–90th percentile range in parentheses). 524 

Depth SSP1-2.6 SSP2-4.5 SSP5-8.5 

10 cm −11% (−6 to −16%) −17% (−10 to −23%) −29% (−18 to −40%) 

20 cm −10% (−5 to −14%) −15% (−9 to −21%) −27% (−17 to −37%) 

30 cm −9% (−5 to −13%) −14% (−8 to −19%) −24% (−15 to −33%) 

40 cm −8% (−4 to −11%) −12% (−7 to −17%) −21% (−13 to −29%) 
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These projected declines are consistent with a 2026 study in the Borena Zone, Southern 525 

Ethiopia, which projected that root-zone soil moisture would decrease from 0.30–0.35 m³ m⁻³ in 526 

MAM to 0.25–0.30 m³ m⁻³ in ASON, with significant expansion and intensification of drought 527 

under SSP5-8.5 by late century (Alemu et al. 2026). That study further projected that under SSP5-528 

8.5, moderate, severe, and extreme drought would increase by 18.87%, 5.03%, and 3%, 529 

respectively, by the late 21st century. A 2025 study in the Ganale Dawa River Basin also projected 530 

future climate changes under SSP2-4.5 and SSP5-8.5 for 2015–2100, providing a regional dataset 531 

for drought assessment that corroborates the direction of the present projections (Chanie 2025). 532 

However, some regional assessments indicate long-term gains in rainfall under CMIP6 533 

scenarios for southern Ethiopia, though seasonal deficits and higher evapotranspiration may offset 534 

these benefits (Chinasho et al. 2025). This contrast is worth acknowledging as an expression of 535 

inter-model spread. The stronger response in the shallow layer indicates greater sensitivity to 536 

changes in precipitation and atmospheric evaporative demand. The smaller relative reduction at 537 

depth suggests partial buffering by subsurface storage and delayed hydrological response; however, 538 

substantial depletion remained evident at 40 cm under SSP5-8.5. The 10th–90th percentile inter-539 

model spread of ±6% to ±11% indicates that while the direction of change is consistent across 540 

models, the magnitude remains uncertain, particularly for the shallowest layer. 541 
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 542 

Figure 7. Projected annual soil-moisture trajectories under SSP1-2.6, SSP2-4.5, and SSP5-8.5. 543 

3.7 Crop-water requirement and irrigation requirement 544 

The crop-water balance indicated increasing crop water requirement and irrigation requirement 545 

under stronger climate forcing. Under SSP1-2.6, CWR increased to 632, 647, and 656 mm, and NIR 546 

increased to 222, 237, and 248 mm over the near, mid, and late-century periods, respectively (Table 547 

10). Under SSP2-4.5, CWR increased from 620 mm during the historical baseline to 638, 661, and 548 

676 mm during the near-, mid-, and late-century periods. Under SSP5-8.5, CWR increased to 647, 549 

681, and 714 mm over the corresponding periods. The SSP1-2.6 increases were smaller than those 550 

under SSP2-4.5 and SSP5-8.5, consistent with the weaker soil-moisture decline simulated under the 551 

low-emission pathway. 552 

Late-century SSP5-8.5 therefore represented an increase of 94 mm (15.2%) relative to the 553 

historical baseline. Net irrigation requirement increased from 210 mm during the historical baseline 554 

to 301 mm during 2071–2100 under SSP5-8.5, corresponding to a 43.3% increase. 555 

 556 
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Table 10. Projected crop water requirement and net irrigation requirement (ensemble mean of 18 557 

GCMs). 558 

Period Scenario CWR (mm) ΔCWR (mm) ΔCWR (%) NIR (mm) ΔNIR (%) 

Historical baseline Baseline 620 — — 210 — 

2015–2040 SSP1-2.6 632 12 1.9 222 5.7 

2015–2040 SSP2-4.5 638 18 2.9 228 8.6 

2015–2040 SSP5-8.5 647 27 4.4 239 13.8 

2041–2070 SSP1-2.6 647 27 4.4 237 12.9 

2041–2070 SSP2-4.5 661 41 6.6 252 20 

2041–2070 SSP5-8.5 681 61 9.8 274 30.5 

2071–2100 SSP1-2.6 656 36 5.8 248 18.1 

2071–2100 SSP2-4.5 676 56 9 269 28.1 

2071–2100 SSP5-8.5 714 94 15.2 301 43.3 

These increases are consistent with recent Ethiopian studies. A 2026 study in Jimma, Ethiopia, 559 

projected gross irrigation demand increases of 15–20% by 2100, with soil moisture depletion 560 

surpassing 70% during the grain-filling phase, posing a risk to yield stability (Bokke et al. 2026b). 561 

A 2025 study in the Awash River Basin found that maize, tomato, onion, tropical fruits, and 562 

sugarcane exhibited increases in water demand ranging from 1.7 to 13.3%, with irrigation water 563 

demand fluctuating between a 4.6% decrease and a 9.0% increase under different scenarios (Legass 564 

et al. 2025a). A study on sugarcane water productivity in the Awash River Basin projected irrigation 565 

demand increases of approximately 3.4% under SSP2-4.5 and 8.2% under SSP5-8.5, noting that 566 

irrigation demand shows only minor changes in the near term but rises significantly in the far future 567 

under high-emission scenarios (Tessema et al. 2026). 568 

The same Awash River Basin study noted that wheat experienced reductions of up to 5.0% 569 

in crop water demand and 15.6% in irrigation demand, associated with seasonal shifts (Tessema et 570 

al. 2026). This crop-specific divergence is an important nuance to acknowledge the maize-focused 571 

analysis in the present study may not generalize to all crops in the Kulfo watershed. The larger 572 

relative increase in NIR (43.3%) compared to CWR (15.2%) reflects the compounding effect of 573 

reduced effective rainfall and increased evaporative demand, which jointly amplify the 574 

supplemental irrigation requirement beyond what would be expected from temperature-driven 575 

increases in crop water demand alone. 576 
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4. Discussion 577 

4.1 Integrated climate–soil–irrigation assessment 578 

The principal contribution of this study is the integration of bias-adjusted climate projections, 579 

depth-resolved soil-moisture modelling, explainable machine learning, and crop-water accounting 580 

within a common framework. Rather than treating climate forcing and agricultural water demand as 581 

independent problems, the framework links changes in precipitation and temperature to soil-water 582 

dynamics and subsequently to irrigation requirements. 583 

The projected decline in soil moisture under stronger climate forcing occurred alongside 584 

increases in crop-water and irrigation requirements. This combination is particularly relevant to 585 

irrigation-dependent agriculture because declining soil-water availability can increase the need for 586 

supplemental irrigation during crop growth. The depth-dependent response further demonstrates 587 

that soil moisture should not necessarily be represented by a single layer. The stronger relative 588 

response near the surface suggests greater sensitivity to short-term rainfall variability and 589 

atmospheric demand, whereas deeper layers retain greater hydrological memory. 590 

The integration of recursive hindcasting provides an important bridge between model 591 

development and future simulation. By demonstrating that predictive skill remains satisfactory 592 

when predicted soil moisture is used as a lagged input, the recursive hindcast establishes the 593 

credibility of the future scenario simulations. This approach addresses a critical gap in many 594 

machine-learning-based soil moisture studies, where models are evaluated only under one-step 595 

prediction conditions that do not reflect operational forecasting constraints. 596 

4.2 Climate-model correction and uncertainty 597 

This study distinguishes three concepts explicitly: uncertainty in the climate-model ensemble, 598 

uncertainty introduced by the bias-adjustment method, and uncertainty associated with the machine-599 

learning and recursive forecasting framework. These were not combined into a single confidence 600 

statement because a formal uncertainty-propagation analysis was not performed. All 18 GCMs were 601 

weighted equally in the multi-model mean. This avoids overconfidence in any single model but 602 

does not account for model interdependence. 603 

QM addresses distributional discrepancies, while RF residual correction can represent 604 

remaining nonlinear systematic relationships. The QM–RF framework reduced precipitation RMSE 605 

by an average of 18.1% relative to QM alone, with the largest improvement for CMCC-ESM2 606 

(21.6%). However, statistical bias adjustment does not eliminate structural GCM uncertainty, and 607 
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historical performance does not guarantee future predictive skill. A 2026 study evaluating 18 bias 608 

correction methods concluded that “it is important to select methods suited to the specific 609 

conditions and intended use, to improve the reliability of future climate and hydrological 610 

projections” {Citation}(Bodjrènou et al., 2026). Retaining multiple GCMs and reporting their 611 

spread therefore provides a more defensible basis for future scenario assessment than relying on a 612 

single historically best-performing model. The 10th–90th percentile range reported here represents 613 

inter-model spread and should not be interpreted as a formal confidence interval. 614 

The distinction between distributional correction and residual correction is important for 615 

interpreting the QM–RF results. QM corrects the systematic differences in the probability 616 

distribution of climate variables, but it cannot correct conditional biases that depend on the state of 617 

other variables or on temporal sequences. The RF residual correction addresses these conditional 618 

biases by using the QM-corrected value, the raw GCM value, day-of-year, and lagged residuals as 619 

predictors. This two-stage approach is particularly valuable for precipitation, where the occurrence 620 

and intensity of wet days are critical for soil moisture recharge. 621 

4.3 Depth-dependent soil-moisture response 622 

The stronger projected response in shallow soil is physically consistent with direct exposure to 623 

rainfall variability and atmospheric evaporative demand. Deeper soil moisture is influenced by 624 

infiltration, redistribution, storage, drainage, and delayed hydrological responses, providing partial 625 

buffering against short-term climate variability. Nevertheless, reduced soil moisture at 30–40 cm 626 

remains important for crops whose roots extend into these layers. The agricultural significance 627 

ultimately depends on rooting depth, soil hydraulic properties, crop water uptake, and allowable 628 

depletion. 629 

The depth-dependent SHAP results provide additional insight into the mechanisms driving 630 

these differences. The greater contribution of antecedent soil moisture at deeper layers reflects the 631 

longer memory of subsurface hydrological processes. Precipitation influences shallow layers 632 

directly through infiltration, but its effect on deeper layers is mediated by soil hydraulic properties 633 

and antecedent moisture conditions. Temperature influences soil moisture through 634 

evapotranspiration, but its effect is modulated by vegetation cover and radiation, which were not 635 

explicitly represented in the predictor set. The, R² is reported as the squared Pearson correlation 636 

coefficient, not the coefficient of determination. 637 
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4.4 Implications for agricultural water management 638 

The projected increase in crop-water and irrigation requirements under stronger climate forcing 639 

suggests additional pressure on agricultural water resources. Potential adaptation measures include 640 

improved irrigation application efficiency, soil-water conservation, mulching, improved irrigation 641 

scheduling, water harvesting, drought-tolerant cultivars, and adjustment of crop calendars. 642 

The suitability and effectiveness of these measures depend on local water availability, crop 643 

economics, irrigation infrastructure, and farmer capacity. The projected irrigation requirements 644 

should therefore be interpreted as scenario-dependent water-balance estimates rather than direct 645 

predictions of future water withdrawals. The finding that NIR increases more rapidly than CWR 646 

(43.3% vs 15.2% under SSP5-8.5) suggests that adaptation strategies focused solely on reducing 647 

crop water demand may be insufficient; measures that enhance soil water storage and reduce non-648 

beneficial evaporation may be equally important. In addition, the CWR and NIR results are maize-649 

specific and should not be treated as watershed-wide totals without crop-specific parameterization. 650 

4.5 Explainability and model interpretation 651 

SHAP analysis provides a useful framework for identifying predictors contributing to soil-moisture 652 

predictions and for comparing attribution patterns across depths. The greater contribution of 653 

antecedent soil moisture at deeper layers is consistent with greater subsurface hydrological 654 

persistence, whereas precipitation is expected to have stronger short-term influence in shallow 655 

layers. Because predictors can be physically and statistically correlated, SHAP contributions should 656 

be interpreted as model attribution rather than evidence of causal relationships. 657 

The depth-dependent shift in predictor importance has practical implications for model 658 

development. If precipitation is the dominant predictor at shallow depths, then accurate 659 

precipitation forecasts are critical for shallow soil moisture prediction. Conversely, if lagged soil 660 

moisture dominates at deeper layers, then the recursive forecasting approach becomes more 661 

important, and errors in antecedent predictions may propagate more strongly. The SHAP results 662 

therefore support the use of recursive hindcasting as a necessary evaluation step for future scenario 663 

simulation. 664 

4.6 Uncertainty, limitations, and future research 665 

Several sources of uncertainty affect the projected soil-moisture and irrigation changes. Climate 666 

uncertainty arises from differences among CMIP6 models and emissions pathways, while bias-667 

adjustment uncertainty is associated with the statistical correction method and calibration period. 668 
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Machine-learning uncertainty arises from model structure, predictor selection, hyperparameter 669 

configuration, and recursive error propagation. The observational period of 2006–2014 is relatively 670 

short and may not capture the full range of hydroclimatic variability or rare extremes. This short 671 

record also limits the ability of machine-learning models to generalize to conditions outside the 672 

training distribution, particularly for extreme wet or dry years, and may reduce the robustness of 673 

bias-correction relationships when extrapolated to future climates. The available observations may 674 

also not fully represent spatial variability across the watershed. 675 

The predictor set is dominated by precipitation and temperature and does not explicitly 676 

represent radiation, humidity, wind, vegetation dynamics, or detailed soil hydraulic properties. 677 

Recursive forecasting introduces an additional source of uncertainty because small prediction errors 678 

can propagate through successive time steps. Previous work on autoregressive soil moisture 679 

prediction has noted that model uncertainty gradually accumulates with prediction time, although it 680 

can remain within acceptable bounds over a 120-day forecast. The 2026 Euler-Net study similarly 681 

demonstrated that discrete-time tendency learning can mitigate error accumulation in long-term 682 

recursive forecasting, achieving a median R² of 0.74 while using an order of magnitude fewer 683 

parameters (Kang et al. 2026). Although the recursive hindcast in the present study provides an 684 

important reliability assessment, longer hindcast periods would provide stronger evidence regarding 685 

long-term error accumulation. 686 

Finally, irrigation estimates depend on crop coefficients, rooting depth, soil-water 687 

thresholds, effective rainfall, drainage, runoff, and irrigation efficiency. Future studies should 688 

incorporate longer and spatially distributed soil-moisture observations, explicit ensemble 689 

uncertainty, physically constrained learning, and crop-specific root-zone water uptake. The 690 

integration of remote sensing data, particularly soil moisture retrievals from Sentinel-1 or SMAP, 691 

could help address the spatial limitations of the current point-scale observations and provide a basis 692 

for validating the depth-resolved predictions across the watershed. 693 

5. Conclusions 694 

This study developed an integrated framework combining bias-adjusted CMIP6 climate simulations, 695 

multi-depth machine learning, explainable artificial intelligence, recursive hindcasting, and root-696 

zone water-balance modelling to assess climate-driven changes in soil moisture and irrigation 697 

requirements in the Kulfo watershed, southern Ethiopia. 698 
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 699 

The 18 evaluated CMIP6 models exhibited substantial differences in their historical representation 700 

of precipitation and temperature. Following bias adjustment, CMCC-ESM2 achieved the highest 701 

precipitation performance index, while NorESM2-MM achieved the highest indices for maximum 702 

and minimum temperature. These rankings represent historical statistical agreement rather than 703 

future model certainty. QM–RF reduced precipitation RMSE by an average of 18.1% relative to 704 

QM alone. 705 

The machine-learning models reproduced the principal temporal variability of soil moisture 706 

at 10, 20, 30, and 40 cm. CatBoost achieved the strongest independent-test performance at 40 cm, 707 

while HistGB was best at 20 cm. Recursive hindcast results demonstrated that predictive skill 708 

remained satisfactory when predicted soil moisture was used as a lagged input. SHAP analysis 709 

indicated that precipitation and antecedent soil moisture were important predictors, with their 710 

relative contributions varying across soil depths. 711 

Future simulations indicated progressively greater soil-moisture depletion with increasing 712 

radiative forcing. Under SSP5-8.5, annual mean soil moisture decreased by approximately 29%, 713 

27%, 24%, and 21% at 10, 20, 30, and 40 cm, respectively, relative to the historical baseline. At the 714 

same time, crop water requirement increased from 620 mm during the historical baseline to 714 mm 715 

during 2071–2100, while net irrigation requirement increased from 210 to 301 mm. These crop-716 

water results are specific to maize and should not be generalized to all crops in the watershed 717 

without crop-specific parameterization. 718 

The simultaneous decline in soil-water availability and increase in crop-water demand 719 

suggests increasing pressure on irrigation resources under stronger climate forcing. However, these 720 

projections remain conditional on climate-model selection, bias-adjustment methodology, recursive 721 

machine-learning behavior, observational limitations, and crop-water-balance assumptions. The 722 

irrigation results should be interpreted as scenario-dependent water-balance estimates rather than 723 

deterministic forecasts of future water withdrawals. 724 

Overall, the study demonstrates the value of integrating climate projections, depth-resolved soil-725 

moisture modelling, explainable machine learning, and crop-water accounting for climate-sensitive 726 

irrigation assessment. 727 
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    𝜃  g =  (     W  w e t −   W  d r y    W  d r y ) × 100


    P I  j =      (     S  R  j +     S  R M S E  j +     S  M A E  j +     S  B i a s  j ) 4


  P  ₜ (  ᴷ ) = 𝛴 ⱼ ₌ ₀ ᴷ ⁻ ¹   P ₜ ₋ ⱼ ,       K   ∈   { 3 ,   7 ,   14 }  


  S M d ,  ₜ − ₗ =   S M d ( t − l ) ,       l   ∈   { 1 ,   3 }


  T ᵐ ᵃ ˣ  ₜ − ₗ =   T ᵐ ᵃ ˣ ( t − l ) ,       l   ∈   { 1 ,   3 }


  T ᵐ ⁱ ⁿ  ₜ − ₗ = T ᵐ ⁱ ⁿ ( t − l ) ,       l   ∈   { 1 ,   3 }  


  Ŝ M d , ₜ = f d ( X ₜ ,   Ŝ M d , ₜ ₋ ₁ ,   Ŝ M d , ₜ ₋ ₃ )    


    R 2 =      [  ∑   (   Y  i −   Y - )  (     Y ^  i −   Y - ) ] 2   [  ∑     (   Y  i −   Y - ) 2  ∑     (     Y ^  i −   Y - ) 2 ]


  R M S E =       ∑     (   Y  i −     Y ^  i ) 2  n


  M A E =      ∑  | Y ᵢ   −   Ŷ ᵢ |    n


  N S E = 1 −    [  ∑     ( Y ᵢ   −   Ŷ ᵢ ) 2 ]  [ Σ ᵢ ( Y ᵢ   −   Ȳ ) ² ]


      W  w e t


  f  ( x ᵢ ) = 𝜙 ₀   +   𝛴 ⱼ ₌ ₁ ᵖ   𝜙 ᵢ ⱼ


  I ⱼ =    (  1  n ) 𝛴 ᵢ ₌ ₁ ⁿ   | 𝜙 ᵢ ⱼ |


  𝛥 S M d , s , p    ( % ) =  [   ( S M ᶠ ᵘ ᵗ ᵘ ʳ ᵉ d , s , p   −   S M ᴮ ᵃ ˢ ᵉ ˡ ⁱ ⁿ ᵉ d )    S M ᴮ ᵃ ˢ ᵉ ˡ ⁱ ⁿ ᵉ d ] × 100


    E T  c , t =     K  c , t ×   E T  o , t


    S  t =     S  t − 1 +   P  e f f , t +   I  t −   E T  c , t −   D  t −   R  t


  𝛥   S  t = S t   −   S ₜ ₋ ₁  


    S  t =   𝛴 ᵢ   𝜃 ᵢ , t   𝛥 z ᵢ  


  A S   W  t = 𝛴 ᵢ ( 𝜃 ᵢ , t   −   𝜃 _ W P , i ) 𝛥 z ᵢ  


  T A W = 𝛴 ᵢ  (   𝜃  F C , i   −     𝜃  W P , i ) 𝛥 z ᵢ


  R A W = 𝜌   T A W                                                                                                                                                                                                                          


    W  d r y


  N I R t = m a x [ 0 ,   E T c , t   +   D t   +   R t   −   P e f f , t   −   𝛥 A S W t ]    


  G I   R  t =   N I R t    E a      


  X ᵐ , ᵠ ᴹ ₘ , ᵥ , ₜ = F ⁻ ¹ ₒ ᵦ ₛ , ᵥ   [ F ₘ , ᵥ ( X ₘ , ᵥ , ₜ ) ]  


  ê ₘ , ᵥ , ₜ = f ᴿ ᶠ ₘ , ᵥ ( Z ₘ , ᵥ , ₜ )


  X ᴮ ᶜ ₘ , ᵥ , ₜ = X ᵠ ᴹ ₘ , ᵥ , ₜ   +   ê ₘ , ᵥ , ₜ    


  P ᴮ ᶜ ₘ , ₜ = max [ 0 ,   P ᵠ ᴹ ₘ , ₜ   +   ê ₘ , ₚ , ₜ ]


      S  R  j =      (   r  j −   r  m i n )   (   r  m a x −   r  m i n )


      S  R  j = 1 −      (   E  j −   E  m i n )   (   E  m a x −   E  m i n )

