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ABSTRACT 11 

Sediment-laden runoff in Ethiopia’s Upper Blue Nile Basin (UBNB) threatens the ecological 12 

balance of Lake Tana and the operational efficiency of the Grand Ethiopian Renaissance Dam 13 

(GERD), a critical hydropower infrastructure. High sediment loads, driven by intense monsoon 14 

rainfall and erodible soils, exacerbate erosion and sedimentation, affecting water quality and 15 

the longevity of infrastructure across the basin. Limited data availability and complex 16 

hydrological dynamics hinder accurate measurement and modeling of sediment yields. This 17 

study reconstructs 1990–2020 sedigraphs for Gilgel Abay (1,664 km²) and Gumara (1,394 km²) 18 

watersheds using machine learning (Gradient Boosting (GB), Random Forest (RF), Quantile 19 

Random Forest (QRF)) and traditional sediment rating curves (SRCs), utilizing intermittent 20 

Suspended Sediment Concentration (SSC) measurements and continuous predictors 21 

(discharge, rainfall, temperature, and evapotranspiration). QRF provided the highest accuracy 22 

(R2 = 0.73–0.75), capturing non-linear sediment dynamics and quantifying uncertainty via its 23 

0.05–0.95 conditional quantile bounds. The average annual sediment yields were 30.7±7.2 24 

t/ha/yr for the Gilgel Abay watershed and 27.5±10.74 t/ha/yr for the Gumara watershed, with 25 

95–96% occurring during the wet season (June–October). Despite challenges from incomplete 26 

datasets due to instrument malfunctions and logistical constraints during extreme rainy events, 27 

QRF’s robust predictions inform the application of targeted erosion control strategies, such as 28 

reforestation and urban runoff mitigation, to enhance sustainable management of the UBNB. 29 

This approach bridges the reconstruction of sediment concentration measurements with data 30 

gaps while improving hydrological process understanding, offering a scalable framework for 31 

sediment management in monsoon-dominated basins. 32 
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1. INTRODUCTION 35 

Sediment transport is a pivotal process governing riverine ecosystem function, water quality, 36 

and infrastructure resilience, with far-reaching implications for global biogeochemical cycles 37 

(Walling and Fang, 2003; Syvitski et al., 2005). Recent advances in hydrological science have 38 

highlighted how climate-driven changes are intensifying erosion and altering sediment delivery 39 

regimes worldwide, particularly through amplified hydrological variability (Zhang et al., 40 

2022a). At the same time, the rapid development of machine learning techniques has 41 

transformed our ability to model complex hydrological processes and reconstruct time series 42 

in data-scarce environments (Nearing et al., 2021; Worku et al., 2026). In Ethiopia’s UBNB, 43 

which contributes over 60% of the Nile River’s flow, these dynamics sustain agriculture, 44 

hydropower, and water security for more than 200 million people across Ethiopia, Sudan, and 45 

Egypt (Conway, 2000; Bihonegn and Awoke, 2025). However, intensified monsoon-driven 46 

sediment fluxes threaten the ecological integrity of Lake Tana, Ethiopia’s largest freshwater 47 

lake, and challenge the operational safety of the Grand Ethiopian Renaissance Dam (GERD), 48 

a nationally funded infrastructure project widely regarded as a cornerstone of regional energy 49 

development (Abtew and Dessu, 2019; Annys et al., 2019). Transboundary impacts for 50 

economic stability and livelihoods further exacerbate these challenges (Zegeye et al., 2016). 51 

The Gilgel Abay and Gumara watersheds, primary tributaries to Lake Tana, exemplify these 52 

sediment-related pressures (Engida, 2010). Steep slopes, erodible soils (Vertisols and 53 

Andosols), and rapid land-use changes amplify sediment yields during the wet season 54 

(Haregeweyn et al., 2017; Gashaw et al., 2018). Accurate quantification of sediment yields is 55 

hindered by obstacles such as extreme spatio-temporal variability and persistent data scarcity 56 

(Carrivick and Tweed, 2021). Intermittent suspended sediment concentration (SSC) 57 

measurements at Gilgel Abay and Gumara stations, disrupted by logistical constraints, 58 

instrument errors, and extreme rainy events, yield disjointed records that are insufficient for 59 

capturing event-scale dynamics or establishing long-term trends (Tebebu et al., 2010; Zeleke 60 

et al., 2013). This data gap challenges reliable sedigraph (SSC time series) reconstruction, 61 

which is critical for erosion control, reservoir capacity planning, and adaptive water resource 62 

management (Horowitz, 2003; Francke et al., 2008; Schmidt et al., 2023). Traditional 63 

Sediment Rating Curves (SRCs) often fail to capture the non-linear hydro-sedimentary 64 

responses to discharge, rainfall, and land-use variability in monsoon-dominated areas (Kar and 65 

Sarkar, 2022), while statistical gap-filling methods lack robustness for the UBNB’s threshold-66 

driven sediment regimes (Asselman, 2000; Ariano and Ali, 2024). 67 
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Machine learning (ML) offers a powerful approach, utilizing sparse, multivariate datasets to 68 

model complex, non-linear datasets and quantify uncertainty (Francke et al., 2008; AlDahoul 69 

et al., 2022). Although process-based models and empirical relationships have been applied in 70 

the UBNB (Elsanabary and Gan, 2015; Bihonegn and Awoke, 2025), ML techniques such as 71 

Gradient Boosting (GB), Random Forest (RF), and Quantile Random Forest (QRF) were 72 

selected for their ability to model non-linear sediment-discharge relationships, handle sparse 73 

datasets, and, in QRF’s case, quantify prediction uncertainties critical for monsoon-driven 74 

systems like the UBNB (Meinshausen, 2006; Zhu et al., 2019). 75 

This study develops an ML framework to reconstruct continuous 31-year (1990–2020) 76 

Sedigraphs for the Gilgel Abay and Gumara watersheds, addressing three objectives: (1) 77 

evaluate the performance of SRC, GB, RF, and QRF in reconstructing Sedigraphs and 78 

estimating sediment yields, (2) compare ML model accuracy against SRCs in capturing non-79 

linear sediment dynamics, and (3) assess model potential to inform erosion management under 80 

evolving land use and climate pressures. By using QRF-based uncertainty quantification to 81 

provide robust sediment yield estimates with confidence intervals, this work bridges 82 

monitoring gaps in sparse datasets, enhances understanding of hydrological processes, and 83 

supports sustainable management in the geopolitically vital Nile Basin. 84 

2. DATA AND METHODS  85 

This study reconstructs continuous sedigraphs (time series of suspended sediment 86 

concentration, SSC) for the Gilgel Abay and Gumara watersheds in the UBNB from 1990 to 87 

2020 to assess sediment dynamics and support the sustainable management of Lake Tana and 88 

the Grand Ethiopian Renaissance Dam (GERD). Four modeling approaches, SRC, GB, RF, 89 

and QRF, were employed to predict daily SSC, utilizing intermittent field observations with 90 

continuous hydrological predictors. 91 

2.1 Study Area 92 

The Gilgel Abay and Gumara watersheds, located in Ethiopia’s UBNB upstream of Lake Tana 93 

in the Amhara Region, are critical contributors to the region's hydrological and sediment 94 

dynamics (Negatu et al., 2022). Gilgel Abay spans 1,664 km², with elevations ranging from 95 

1,787 m above sea level (a.s.l) at its outlet near Lake Tana to 3,528 m a.s.l. in the Choke 96 

Mountains, encompassing rugged highlands, dissected plateaus, and flatter lowlands that 97 

amplify runoff and erosion. Gumara covers 1,394 km², with elevations from 1,794 m a.s.l. to 98 
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3,704 m a.s.l., featuring steep highland areas transitioning to gentler lowlands toward Lake 99 

Tana, enhancing sediment mobilization (Fenta et al., 2017). These elevation gradients, 100 

combined with the UBNB’s tropical highland climate, drive intense erosive processes, 101 

particularly during the wet season, which delivers 80–90% of annual precipitation (Conway, 102 

2000). Gauging stations for Gilgel Abay and Gumara, with ten meteorological stations (five 103 

per watershed) with watershed boundaries and station locations, are shown in Figure 1. 104 

 105 

Figure 1. Location of the Gilgel Abay and Gumara watersheds within the Upper Blue Nile 106 

Basin, Ethiopia, showing river networks, rainfall stations, and outlet points. 107 

Gilgel Abay receives an average annual rainfall of 1,861 mm and reference evapotranspiration 108 

(ETo) of 1380 mm, while Gumara experiences 1,403 mm of rainfall and 1321 mm of ETo, with 109 

80–90% of rainfall concentrated from June to September, driving significant runoff on steep 110 

slopes and low-permeability vertisols, supplemented by minor groundwater contributions at an 111 

average temperature of 18–22°c (Teshome and Demissie, 2022). This unimodal rainfall pattern, 112 

illustrated by monthly averages of precipitation and ETo (Figure 2), sustains high runoff and 113 

sediment transport (Ayele et al., 2016). 114 
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 115 

Figure 2. Average Monthly Total Precipitation (Rainfall, bar plot) and Reference Evapotranspiration (ETo, line 116 
plot) for Gilgel Abay and Gumara (1990–2020). ETo: Reference evapotranspiration estimated by Enku’s simple 117 
temperature method (Enku and Melesse, 2014) (Equation 1). 118 
The region’s soils, erodible Vertisols in lower areas and Andosols in uplands, are highly 119 

susceptible to erosion, with Vertisols cracking and swelling under moisture shifts and Andosols 120 

mobilizing during intense runoff, exacerbating sediment yields (Fenta et al., 2017). These 121 

processes, intensified by steep slopes, threaten the efficiency of Lake Tana’s storage and the 122 

GERD (Abtew and Dessu, 2019). 123 

To assess land use and land cover changes between 2000 and 2020 in the Gilgel Abay and 124 

Gumara watersheds, the study utilized the Global Land Analysis and Discovery (GLAD) 125 

dataset developed by the University of Maryland (Potapov et al., 2022) (Figure 3). The dataset 126 

is derived from Landsat satellite imagery (Hansen et al., 2013) and processed using RF 127 

classification at 30-meter spatial resolution. The annual land cover maps were made available 128 

through the GLAD Google Earth Engine (GEE) portal: 129 

(https://glad.earthengine.app/view/glcluc-2000 2020). 130 
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 131 

Figure 3. Land-Use and Land-Cover change Areas (km²) for Gilgel Abay and Gumara in 2000 and 2020, derived 132 
from the Global Land Analysis and Discovery (GLAD) dataset. Percentage changes are annotated above the 2020 133 
bars. 134 

2.2 Data collection 135 

Hydrological, meteorological, and sediment data were collected from 1990 to 2020 for the 136 

Gilgel Abay and Gumara watersheds, at the gauging and monitoring stations listed in Table 1, 137 

to facilitate sedigraph reconstruction and sediment load analysis (Table 2). Daily discharge 138 

records, obtained from the Ethiopian Ministry of Water and Energy (MoWE) and Abay Basin 139 

Authority (ABAO) at gauging stations in Bicolo Abay (11.3500°N, 37.0167°E) for Gilgel 140 

Abay and near Woreta (11.9722°N, 37.4753°E) for Gumara, were derived from stage-141 

discharge rating curves, calibrated biannually with field measurements during wet and dry 142 

seasons to capture seasonal variability, with gaps of 1.22% for Gilgel Abay and 2.35% for 143 

Gumara watersheds (Negatu et al., 2022; Kumlachew et al., 2023). Rainfall and temperature 144 

data were obtained from the Ethiopian Meteorological Institute (EMI) at ten monitoring 145 

stations (five per watershed). These stations were distributed across elevation ranges from 146 

1,900–2,600 m a.s.l. to ensure representative spatial coverage. The rainfall records showed 147 

minor data gaps ranging from 1.5% to 3.0% during the 1990–2020 study period (Table 1). The 148 

missing rainfall percentage was quantified as the ratio of days without recorded precipitation 149 

relative to the total 10,957 days, with gaps primarily attributable to equipment malfunctions 150 

and operational challenges during data collection.   151 
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Table 1. Geographic coordinates, elevation, and missing rainfall data percentage for meteorological stations in the 152 
Gilgel Abay and Gumara watersheds (1990–2020). 153 

Watershed Station Name Latitude 

(°N) 

Longitude 

(°E) 

Elevation 

(m) 

Rainfall_gap 

(%) 

Gilgel Abay Adet 11.27 37.47 2,200 1.8 

Dangla 11.25 36.83 2,130 3 

Merawi 11.42 37.15 1,900 2.2 

Gundil 10.86 37.1 2,450 1.5 

Wetet Abay 11.37 37.03 2,300 2 

Gumara Amedber 11.91 37.89 2,350 1.9 

 Wanzaye 11.76 37.63 2,100 2.7 

Mekaneyesus 11.61 38.05 2,500 2.1 

Debratabor 11.87 38.03 2,600 1.6 

Wereta 11.92 37.69 1,950 2.3 

†Missing data percentage is the ratio of missing daily records to total expected daily records over the observation 154 
period. 155 
Table 2. Summary of hydrological and sediment data for the Gilgel Abay and Gumara watersheds (1990–2020), 156 
including daily temporal resolution where applicable, with key summary statistics (minimum, median, maximum, 157 
mean) and data sources. 158 
 159 
 160 
 161 
 162 
 163 
 164 
 165 
 166 
 167 
 168 
 169 
 170 
 171 
 172 
 173 
 174 
 175 
 176 
 177 
 178 
†SSC =Suspended Sediment Concentration; ETo = Reference Evapotranspiration; calculated using Enku’s simple 179 
temperature method (Enku and Melesse, 2014). Statistical ranges are min: minimum, median, max: maximum; 180 
sources: Ministry of Water and Energy (MoWE), Abay Basin Authority Office (ABAO), Ethiopian 181 
Meteorological Institute (EMI). 182 
Reference evapotranspiration (ETo) was estimated using Enku’s temperature method (Enku 183 

and Melesse, 2014), based on daily maximum temperature averaged across the stations: 184 

                                   (1) 185 

Parameter Temporal 

Resolution 

Summary Stats (Min/Median/Max) Source 

Discharge 

(m³/s) 

Daily Gilgel Abay: 0.51/30.92/618.91  

Gumara: 0.2/9.30/374.04  

MoWE, 

ABAO 

Rainfall (mm) Daily Gilgel Abay: 0.0/1.9/48.5  

Gumara: 0.0/0.46/55.02  

EMI 

Temperature 

(°C) 

Daily Gilgel Abay: 10.2/18.5/26.3 

Gumara: 9.8/19.1/27.0 

EMI 

SSC (g/L) Intermittent Gilgel Abay: 0.1/3.4/5.0  

Gumara: 0.14/3.35/10.07  

MoWE, 

ABAO 

ETo (mm/day) Daily Gilgel Abay: 2.0/4.5/7.1  

Gumara: 1.8/4.3/6.8  

calculated 
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where ETo is in mm/day, Tmax is the daily maximum temperature (°C) aggregated from five 186 

meteorological stations for each of the Gilgel Abay and Gumara watersheds, and Tmm (°C) is 187 

the long-term (1990–2020) daily mean maximum temperature derived from the same stations.  188 

SSC data, provided by the MoWE and ABAO, consisted of 251 measurements for the Gilgel 189 

Abay and 245 measurements for the Gumara River, collected intermittently at the gauging 190 

stations. Sampling was strongly biased toward the wet season (June–October), reflecting 191 

monsoon-driven sediment transport peaks (Dessie et al., 2015). The temporal distribution of 192 

these measurements across the 1990–2020 period was highly uneven. SSC samples were 193 

available for only 12 years for Gilgel Abay and 19 years for Gumara. Samples were heavily 194 

concentrated on a few major field campaigns, most notably 198 samples in 2012 for Gilgel 195 

Abay and 122 samples in 2016 for Gumara, with smaller numbers scattered across the early 196 

1990s, mid-2000s, and late 2010s (Figure 4). Within the sampled years, 97.2% of Gilgel Abay 197 

and 94.3% of Gumara measurements were collected during the wet season (June–October). 198 

This patchy temporal coverage, typical of data-scarce monsoon basins where sampling is often 199 

limited to short intensive field campaigns (e.g., (Tebebu et al., 2010)), implies that model 200 

generalization should be interpreted with caution for years and seasons distant from the main 201 

sampled periods. We return to this limitation in Section 4.5. 202 

203 

Figure 4. Temporal distribution of suspended sediment concentration (SSC) samples for the 204 

Gilgel Abay and Gumara watersheds from 1990 to 2020. 205 

2.3 Data Pre-processing and Model Development 206 

2.3.1 pre-processing 207 

Pre-processing and development of the ML models were conducted for the two watersheds to 208 

reconstruct 1990–2020 sedigraphs and estimate sediment yields. Pre-processing included gap-209 
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filling, where missing discharge data were filled using an RF model trained on available 210 

discharge data, incorporating predictors such as Julian day to capture seasonal patterns, rainfall 211 

as a key driver, and lagged discharge values (1–3 days) to account for short-term runoff 212 

dynamics, which is sufficient to capture the strong day-to-day autocorrelation typical of 213 

discharge time series at this stage (Deng et al., 2019). This is a shorter lag window than the 1–214 

21-day range used in the SSC prediction models (Section 2.3.2), reflecting the different 215 

physical processes involved: discharge gap-filling primarily requires capturing short-term flow 216 

dynamics, whereas SSC prediction must additionally account for longer-memory sediment 217 

availability and supply-limited effects that can extend well beyond the discharge response itself 218 

(Guzman et al., 2013). This approach, implemented in Python 3.9 with Scikit-learn 1.2, aims 219 

to improve accuracy by leveraging non-linear relationships and reducing bias from sparse 220 

temporal gaps (Jarri, 2024). Rainfall gaps were filled using the Inverse Distance Weighting 221 

(IDW) method via SciPy.stats (version 1.17.1), weighting data from ten meteorological stations 222 

(Table 1) by inverse squared distances (Virtanen et al., 2020; Panigrahi, 2021).  223 

2.3.2 Predictor Variables, Lag Selection, and Multicollinearity Control 224 

Predictor variables for the SSC models were selected based on their physical relevance to 225 

sediment transport and the availability of continuous data. The candidate predictor set 226 

comprised: discharge-derived predictors (instantaneous discharge Q, its first difference dQ as 227 

a proxy for the rising/falling limb of the hydrograph, and a discharge hysteresis index), rainfall 228 

(P), temperature (T), reference evapotranspiration (ETo) as a soil-moisture proxy, and 229 

sine/cosine transforms of Julian day (Sin_J, Cos_J) to capture seasonal cyclicity associated 230 

with monsoon-driven sediment transport (Lund et al., 2022; Almubaidin et al., 2023).  231 

Lag length selection. Catchment sediment response to a rainfall or discharge event is not 232 

instantaneous: runoff generation, hillslope-to- channel sediment delivery, and channel routing 233 

introduce delays. To characterize this delay empirically, lagged discharge and rainfall terms 234 

(Q_lag and P_lag at 1, 3, 7, 14, and 21 days) were evaluated as candidate predictors, spanning 235 

roughly three weeks of antecedent conditions. The 21-day upper bound was chosen to span the 236 

catchments' likely hydrological memory under monsoon-driven flow recession in both 237 

watersheds, while keeping the predictor set computationally manageable. Both discharge and 238 

rainfall lags were taken as candidate predictors, since antecedent rainfall, not only antecedent 239 

discharge, directly influences sediment supply through soil-moisture state and surface 240 

erodibility, and so may carry independent explanatory power for SSC beyond what discharge 241 

alone captures. 242 
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Multicollinearity control. Because discharge, its lags, and rainfall are physically coupled 243 

(rainfall generates the discharge response, and successive discharge lags are autocorrelated), 244 

the full candidate predictor set was screened for multicollinearity using the Variance Inflation 245 

Factor (VIF) before model fitting, to ensure that the overlapping information shared between 246 

discharge, rainfall, and the other hydro-meteorological inputs did not distort coefficient 247 

stability or downstream variable-importance estimates. Predictors were added iteratively, and 248 

any predictor with VIF > 10, the conventional threshold for problematic collinearity (e.g., raw 249 

instantaneous discharge Q, which was near-collinear with its own 1-day lag, VIF > 40), was 250 

excluded from the candidate pool before the iterative reduction step. Raw discharge Q was 251 

therefore represented only through its lagged values and first difference (dQ), not as a 252 

standalone predictor, eliminating the dominant source of collinearity. After this initial 253 

exclusion, the remaining 17 candidate predictors (P, T, ETo, Cos_J, Sin_J, dQ, Hysteresis, 254 

Q_lag at 1/3/7/14/21 days, P_lag at 1/3/7/14/21 days) were passed through iterative VIF 255 

reduction (threshold = 10): no further predictors exceeded the threshold in either watershed 256 

(maximum VIF = 7.61 for Gilgel Abay, 4.67 for Gumara; full VIF tables are provided in 257 

Table 3), so all 17 were retained for model training. This confirms that the retained lag structure 258 

does not introduce material redundancy between discharge- and rainfall-derived predictors. 259 

Table 3. Variance inflation factors (VIFs) of predictor variables used in the machine-learning models for the Gilgel 260 
Abay and Gumara watersheds.  261 

No. 
Predictor 

Gilgel 

Abay 
Gumara 

1 Q_lag_1 5.97 4.67 

2 Q_lag_3 7.61 3.49 

3 Q_lag_7 5.2 2.66 

4 Q_lag_14 5.49 2.61 

5 Q_lag_21 5.78 2.7 

6 P 1.53 1.84 

7 P_lag_1 1.54 1.86 

8 P_lag_3 1.51 1.59 

9 P_lag_7 1.43 1.57 

10 P_lag_14 1.32 1.38 

11 P_lag_21 1.35 1.5 

12 T 1.55 1.3 

13 ETo 1.71 2.81 

14 dQ 1.71 1.93 

15 
Hysteresis 1.73 1.69 

16 Sin_J 6.95 2.25 

17 Cos_J 2.74 4.32 
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Target variable bounding. Predicted SSC was constrained to the range of the observed SSC 262 

record for each watershed: 0.01–5.0 g/L for Gilgel Abay and 0.01–10.07 g/L for Gumara, 263 

corresponding to the minimum and maximum SSC values measured during the 1990–2020 264 

sampling period (Table 2). Because these bounds equal the true observed extremes, this step 265 

does not alter any observed SSC value used in model fitting; by definition, no measurement 266 

exceeds its own dataset's maximum, and instead only constrains the model's out-of-sample 267 

predictions, preventing extrapolation beyond the physically observed sediment concentration 268 

range for unmeasured days. The lower bound (0.01 g/L) additionally avoids non-physical zero 269 

or negative values during the log-based transformation used by the SRC baseline (Equation 2). 270 

Variable importance and ablation. To assess the influence of each retained predictor 271 

independent of the collinearity already controlled for above, permutation-free feature 272 

importance (mean decrease in impurity, MDI) was computed from the trained QRF, the best-273 

performing model (Section 3.1), for each watershed. Because the predictor set entering this 274 

step was already VIF-filtered, the resulting importance ranking reflects each variable's 275 

contribution net of the strongest correlated alternatives, rather than importance that is partly 276 

attributable to a collinear proxy, an ablation-style assessment of input variable importance that 277 

is not confounded by inter-predictor correlation. Across both watersheds, this VIF-independent 278 

ranking confirms that discharge, rainfall, and their multi-day lags each retain distinct 279 

explanatory power once collinearity is controlled for, but with different leading terms per 280 

watershed: short-lag rainfall and the seasonal cosine term dominate in Gilgel Abay, while ETo, 281 

temperature, and the 1-day discharge lag dominate in Gumara (Section 3.2), rather than a single 282 

variable dominating universally. 283 

 Recurrent/sequence models. Recurrent sequence architectures (e.g., Long Short-Term 284 

Memory, LSTM, networks), which can learn lag structure directly from data rather than 285 

through pre-specified lag terms, were not evaluated in this study. Model comparison was 286 

restricted to the SRC, GB, RF, and QRF architectures described above, each optimized under 287 

the common hyperparameter-search protocol in Section 2.3.3. This scope decision is discussed 288 

further in Section 4.5. 289 

2.3.3 Model Training, Hyperparameter Optimization, and Validation Strategy 290 

The dataset (n = 251 daily samples for Gilgel Abay; n = 245 for Gumara, selected as the longest 291 

continuous run of dates with no missing values across all retained predictors and the SSC 292 

target) was split into 70% training and 30% testing subsets using a single random split (scikit-293 

learn train_test_split, random_state = 42, shuffled).  294 
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All continuous predictors were standardized (zero mean, unit variance) using scikit-learn 295 

StandardScaler, fit on the training subset only and applied to the test subset using the training-296 

subset statistics to prevent information from the test set leaking into the scaling transformation. 297 

Four modeling approaches were trained to predict daily SSC: a Sediment Rating Curve (SRC), 298 

Gradient Boosting (GB), Random Forest (RF), and Quantile Random Forest (QRF). The SRC 299 

was fitted via log–log least-squares regression (SciPy) on each side of a discharge 300 

threshold set at the median training-set discharge (Equation 2) and required no hyperparameter 301 

search. For GB, RF, and QRF, hyperparameters were optimized using randomized search 302 

(scikit-learn RandomizedSearchCV, 15–20 sampled configurations per model) combined with 303 

10-fold cross-validation (scikit-learn KFold, shuffled, random_state = 42) on the training 304 

subset, with R² as the scoring metric. The final selected configuration for each model and 305 

watershed is reported in Table 4 (e.g., for QRF, the searched hyperparameter ranges are: 306 

n_estimators ∈ {500, 1000, 2000}, max_depth ∈ {10, 20, 30}, min_samples_split ∈ {2, 5}, 307 

min_samples_leaf ∈ {1, 2, 3}, max_features ∈ {√p, 0.5, 0.8}). Constraining tree depth, the 308 

minimum samples per split/leaf, and the fraction of features considered at each split served as 309 

the primary regularization mechanisms that controlled model complexity (see Overfitting 310 

Control, below).  311 

Table 4. Optimized hyperparameter values for the Gradient Boosting (GB), Random Forest (RF), and Quantile 312 
Random Forest (QRF) models developed for the Gilgel Abay (GA) and Gumara (GU) watersheds. 313 

Hyperparameter 
GB 

(GA) 

GB 

(GU) 

RF 

(GA) 

RF 

(GU) 

QRF 

(GA) 

QRF 

(GU) 

n_estimators 500 500 500 500 1000 2000 

max_depth 3 5 10 10 10 30 

min_samples_split 5 5 2 2 5 5 

min_samples_leaf 5 2 2 1 3 1 

max_features – – sqrt sqrt sqrt 0.5 

learning_rate 0.05 0.05 – – – – 

subsample 0.7 0.7 – – – – 

† (GA = Gilgel Abay; GU = Gumara) 314 

Cross-validation and temporal dependence. The standard K-fold cross-validation with 315 

shuffling does not preserve temporal ordering, and hydrological time series can exhibit 316 

autocorrelation that shuffled K-fold does not explicitly account for. We retained a shuffled K-317 

fold rather than a blocked/forward-chaining temporal split for two reasons specific to this 318 

dataset. First, the 251/245-sample training data, after restricting to the longest contiguous run 319 

of complete records across all 17 VIF-filtered predictors, already represents a much-reduced, 320 

gap-constrained subset of the full 1990–2020 record rather than a long, densely sampled 321 

continuous sequence; a contiguous-block temporal split on a series this short would leave 322 
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individual folds too small to reliably estimate held-out R² (commensurate with the use of cross-323 

validation for hyperparameter selection rather than for the final reported test-set performance, 324 

which used a single, fixed split). Second, the predictor set used for training already encodes 325 

temporal structure explicitly through the multi-scale lag features (1–21 days), discharge 326 

hysteresis, and seasonal Julian-day terms, so each training row carries information about its 327 

recent antecedent conditions independent of fold assignment, which reduces (though does not 328 

eliminate) the risk that shuffled folds simply memorize seasonal position. We nonetheless flag 329 

shuffled K-fold as a methodological simplification: a blocked or TimeSeriesSplit-style cross-330 

validation scheme remains preferable in principle for hydrological series and is noted as a 331 

direction for future refinement of this pipeline in Section 4.5.  332 

Leakage prevention. Two additional steps were taken to limit train/test leakage beyond the 333 

train-only StandardScaler fit described above: (i) all lagged predictor columns were 334 

constructed on the full, date-sorted series before the train/test split, so that lag values for a given 335 

date are always computed from genuinely antecedent observations rather than from values that 336 

could include post-split information; and (ii) the single train/test split used for final reported 337 

performance (Section 3.1) is distinct from, and was not reused as, any of the 10 cross-validation 338 

folds used during hyperparameter selection, the test subset was held out before and independent 339 

of the RandomizedSearchCV procedure. 340 

2.3.4 Overfitting Control 341 

A gap was observed between training and validation performance (training R² up to 0.89, while 342 

validation R² for the ensemble models ranged from 0.66–0.75 range for some model/watershed 343 

combinations), indicating that model complexity was not fully constrained by regularization 344 

alone. The following measures were applied to mitigate this: 345 

• Explicit complexity constraints on all tree-based models via the hyperparameter search 346 

space described above, bounding max_depth, enforcing minimum samples per split 347 

(min_samples_split) and per leaf (min_samples_leaf), and restricting the feature subset 348 

considered at each split (max_features), each of which directly limits the capacity of 349 

individual trees to fit training-set noise. 350 

• Subsampling for Gradient Boosting (subsample ∈ {0.7, 0.9}), which fits each boosting 351 

stage on a random subset of the training data, is a standard stochastic-regularization 352 

technique for boosted trees. 353 

• Early stopping for Gradient Boosting via n_iter_no_change = 10 with a held-out 354 

validation_fraction = 0.1 carved from the training subset, halting boosting once 355 
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validation loss stopped improving for 10 consecutive iterations, rather than fitting a 356 

fixed, potentially excessive number of stages.  357 

• Cross-validated hyperparameter selection (Section 2.3.3) ensured that the reported 358 

configuration was the one generalizing best across 10 held-out folds during search, 359 

rather than the configuration minimizing training error. 360 

Model development was implemented in Python 3.9 using Scikit-learn 1.2, QuantileForest 1.3, 361 

SciPy 1.8, and Matplotlib 3.5 (Meinshausen, 2006; Hunter, 2007; Pedregosa et al., 2011; 362 

Virtanen et al., 2020). Four modeling approaches were employed to predict daily SSC, each 363 

selected for its distinct capabilities in addressing varied challenges of sedigraph reconstruction. 364 

The SRC served as a baseline due to its simplicity in representing SSC–discharge relationships 365 

based on a power law relationship (Equation 2), despite well-known limitations under non-366 

linear conditions (Asselman, 2000).  367 

                                  (2) 368 

Where Q is discharge (m³/s) and a and b are coefficients, fitted via least-squares regression in 369 

SciPy. SRCs used log-transformed discharge to stabilize variance or capture hydrological 370 

variability (Asselman, 2000; Horowitz, 2003). 371 

RF and GB, each with 1,000–5,000 trees and tuned hyperparameters (e.g., max_depth, 372 

min_samples_split, max_features), were selected for their ability to capture complex, 373 

multivariate SSC responses under data scarcity (Nourani et al., 2019; AlDahoul et al., 2022). 374 

QRF, with similar hyperparameter tuning, was employed to model conditional quantiles (0.05, 375 

0.25, 0.5, 0.75, 0.95), enabling uncertainty quantification for risk-informed sediment 376 

management (Meinshausen, 2006).  377 

The land cover data processing and analysis were carried out within the GEE cloud computing 378 

platform. The land cover maps were clipped to the boundaries of the Gilgel Abay and Gumara 379 

watersheds using uploaded Feature Collection shapefiles. Frequency histograms were 380 

generated to quantify the number of pixels per land cover class, which were then converted 381 

into area measurements (km²) based on the 30 m spatial resolution. The classification scheme 382 

used by GLAD is consistent across years and supported by a comprehensive legend, ensuring 383 

cross-year comparability. The extracted results were exported to Google Drive in CSV format 384 

for post-processing and visualization. 385 

2.4 Sedigraph Reconstruction and Sediment Yield Estimation 386 
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 Sedigraph reconstruction and sediment yield estimation for both watersheds were performed 387 

using the optimized QRF model from Section 2.3 to generate continuous 1990–2020 sedigraphs 388 

and quantify sediment dynamics. The QRF was selected for final sedigraph reconstruction 389 

based on its validation performance relative to the other three models (Section 3.1), and for its 390 

ability to provide uncertainty quantification, predicting daily SSC from the median (0.5 391 

quantiles) of trained conditional quantiles (0.05, 0.25, 0.5 0.75, 0.95), using the VIF filtered 392 

predictor set described in Section 2.3.2 to capture monsoon-driven variability and seasonal 393 

cyclicity (Meinshausen and Ridgeway, 2006).  394 

Daily sediment loads were estimated by multiplying predicted SSC (g/L) by daily discharge 395 

(m³/s) and converting to tonnes/day using the factor 86.4: 396 

                          (3) 397 

Where Load is in tonnes/day, SSC is in g/L, Q is discharged in m³/s, and 86.4 converts g/s to 398 

tonnes/day (seconds/day ÷ 106 g/ton). 399 

Annual and seasonal (wet and dry) sediment yields were computed by aggregating daily loads 400 

and normalizing by watershed areas (166,400 ha for Gilgel Abay, 139,400 ha for Gumara), 401 

expressed as tonnes per hectare per year (t/ha/yr) (Worku et al., 2025). This approach enabled 402 

the identification of peak sediment events and supported the assessment of land-use impacts 403 

on erosion, providing critical data for managing Lake Tana’s storage and the GERD's 404 

operational resilience (Abtew and Dessu, 2019). 405 

3. RESULTS  406 

This section presents the performance of four models, SRC, GB, RF, and QRF, in predicting 407 

daily SSC and reconstructing sedigraphs for the Gilgel Abay and Gumara watersheds in the 408 

UBNB (1990–2020). Using 251 (Gilgel Abay) and 245 (Gumara) SSC measurements with 409 

continuous predictors (Section 2.3), we report model performance, feature importance, 410 

sediment yields (annual, monthly, seasonal scales), and correlations with land-use and land-411 

cover (LULC) changes from GLAD data (Sections 3.1–3.5).  412 

3.1 Model Performance and Selection 413 

QRF outperformed SRC, GB, and RF in predicting SSC, achieving high accuracy with training 414 

R² values of 0.85 for Gilgel Abay and 0.89 for Gumara and validation R² values of 0.73 and 415 

0.75, mean absolute errors (MAE) of 0.44 and 0.45 g/L, root mean squared error (RMSE) of 416 

0.59 and 0.62 g/L, mean absolute percentage error (MAPE) of 25.0% and 20.8%, respectively 417 



16 

 

(Table 5). In contrast, SRC showed the lowest performance (validation R² = 0.20/0.19, 418 

MAE = 0.87/0.48 g/L), while GB and RF showed intermediate results (validation R² = 0.67–419 

0.71, Table 5). QRF’s superior performance resulted from its ability to model non-linear SSC 420 

dynamics and seasonal cyclicity for monsoon-driven variability. Model selection was based 421 

jointly on training-set fit, held-out validation R², and the error metrics (MAE, RMSE, MAPE) 422 

summarized in Table 5; Figure 5 shows the training-set observed-versus-predicted scatter for 423 

all four models, illustrating each model’s ability to capture the observed non-linear SSC-424 

discharge relationship, while Figure 6 presents the corresponding validation R² comparison 425 

that guided final model selection. Using conditional quantiles, QRF generated daily SSC 426 

predictions from 1990–2020 for the two watersheds, validated against the held-out 30% test 427 

subset with uncertainty bounds from the 0.05 and 0.95 conditional quantiles. 428 

 429 

Figure 5. Observed vs. Predicted Suspended Sediment Concentration (SSC, g/L) on the training subset for (a) 430 
Gilgel Abay and (b) Gumara (1990–2020); R² values shown are training-set fit. Held-out validation R² and error 431 
metrics for the same models are reported in Table 5 and Figure 6.  SRC: Sediment Rating Curve; GB: Gradient 432 
Boosting; RF: Random Forest; QRF: Quantile Random Forest. 433 
Table 5. Model performance in predicting suspended sediment concentration in the Gilgel Abay and Gumara 434 
watersheds (1990–2020) using Sediment Rating Curve (SRC), Gradient Boosting (GB), Random Forest (RF), and 435 
Quantile Random Forest (QRF). Metrics include training and validation coefficient of determination (R2), mean 436 
absolute error (MAE), root mean squared error (RMSE), and mean absolute percentage error (MAPE). The QRF 437 
model achieved the highest accuracy across both watersheds. Bold values indicate the best performed value and 438 
model. 439 

Watershed Model Training

R² 

Validation 

R² 

RMSE 

(g/L) 

MAE 

(g/L) 

MAPE 

(%) 

 

Gilgel Abay 

 

SRC 0.25 0.2 0.96 0.87 58.48 

GB 0.72 0.67 0.65 0.50 32.16 

RF 0.83 0.71 0.61 0.44 28.41 
QRF 0.85 0.73 0.59 0.44 25.03 

 SRC 0.20 0.19 0.63 0.48 22.73 
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Gumara 

 

GB 0.72 0.66 0.61 0.48 22.1 

RF 0.81 0.70 0.60 0.44 21.13 

QRF 0.89 0.75 0.62 0.45 20.8 

Figure 6 presents a bar chart comparing validation R² values for SRC, GB, RF, and QRF across 440 

Gilgel Abay and Gumara, highlighting QRF’s superior performance (R² = 0.73/0.75). This 441 

complements Figure 5, which shows scatter plots of observed versus predicted SSC, illustrating 442 

QRF’s tighter clustering around observed values. 443 

 444 

Figure 6.  Comparison of model performance based on validation R² for SSC Prediction Models (SRC, GB, RF, 445 
QRF) in Gilgel Abay and Gumara (1990–2020). SRC: Sediment Rating Curve; GB: Gradient Boosting; RF: 446 
Random Forest; QRF: Quantile Random Forest; SSC: Suspended Sediment Concentration. 447 

3.2 Feature Importance 448 

Feature importance from the QRF model, computed as mean decrease in impurity (MDI) on 449 

the VIF-filtered, 17-predictor set described in Section 2.3.2, differed markedly between the two 450 

watersheds (Figure 7; Table 6). For Gilgel Abay, the leading predictors were rainfall-lag terms: 451 

a 1-day rainfall lag (P_lag_1, MDI = 0.15) ranked highest, followed by the seasonal cosine 452 

term (Cos_J, 0.13), a 3-day rainfall lag (P_lag_3, 0.12), and the 1-day discharge lag (Q_lag_1, 453 

0.09). This rainfall-forward ranking is consistent with Gilgel Abay's stronger Pearson 454 

correlations between SSC and short-lag rainfall (P_lag_1: r = 0.54; P_lag_3: r = 0.49; Table 7) 455 

relative to discharge lags (Q_lag_1: r = 0.38; Table 7). For Gumara, by contrast, reference 456 

evapotranspiration (ETo, MDI = 0.15), temperature (T, 0.13), a 7-day rainfall lag (P_lag_7, 457 

0.12), and the 1-day discharge lag (Q_lag_1, 0.12) carried the greatest weight, pointing to a 458 

sediment response shaped more strongly by discharge and atmospheric-demand variables, 459 
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consistent with Gumara's comparatively stronger SSC-discharge correlation (Q_lag_1: r = 460 

0.41; Table 7). Across both watersheds, the discharge first difference (dQ) and the hysteresis 461 

index contributed the least (MDI < 0.03 in both watersheds; Table 6), indicating that 462 

instantaneous rate-of-change and loop-rating effects add comparatively little explanatory 463 

power once the multi-scale lag structure is already represented among the retained predictors. 464 

Because the predictor set entering this analysis was already VIF-filtered (Section 2.3.2), these 465 

importance rankings reflect each variable's contribution net of the strongest collinear 466 

alternatives rather than importance partly attributable to a correlated proxy. These watershed-467 

specific rankings, interpreted further in Section 4.2, indicate that Gilgel Abay's sediment 468 

response is more strongly paced by rainfall, whereas Gumara's is more strongly shaped by 469 

antecedent discharge and evaporative demand. 470 

 471 

Figure 7. Feature importance (Mean Decrease in Impurity, MDI) of the top 12 predictors for suspended sediment 472 
concentration (SSC) prediction in the Gilgel Abay and Gumara watersheds using the Quantile Random Forest 473 
model. The five least important features (all with MDI ≈ 0.04–0.05) are not shown for clarity. The full ranking 474 
for all 17 predictors is available in Table 6. 475 
Table 6. The full ranking of all 17 VIF-filtered predictors for feature importance (Mean 476 

Decrease in Impurity, MDI) of predictor variables for suspended sediment concentration (SSC) 477 

prediction in the Gilgel Abay and Gumara watersheds from the Quantile Random Forest (QRF) 478 

model. 479 

No. 

Feature 

Gilgel 

Abay Gumara 

1 Q_lag_1 0.086 0.118 

2 P_lag_1 0.145 0.035 

3 P_lag_7 0.059 0.120 

4 ETo 0.025 0.153 
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5 Cos_J 0.127 0.048 

6 T 0.026 0.133 

7 P_lag_3 0.119 0.037 

8 Q_lag_3 0.048 0.067 

9 P 0.068 0.031 

10 P_lag_21 0.053 0.038 

11 P_lag_14 0.052 0.038 

12 Q_lag_21 0.038 0.049 

13 Q_lag_7 0.045 0.040 

14 Sin_J 0.059 0.023 

15 Q_lag_14 0.033 0.041 

16 dQ 0.015 0.028 

17 Hysteresis 0.002 0.001 

 480 

 481 

Figure 8. Pearson correlation coefficients between predictors and observed suspended sediment concentration 482 
(SSC) for the Gilgel Abay and Gumara watersheds. The top 12 predictors ranked by mean absolute correlation 483 
are shown. The five weakest predictors are omitted for clarity.  484 
† Positive values indicate direct relationships, while negative values indicate inverse relationships.   485 
‡ Abbreviations: QRF, Quantile Random Forest; SSC, Suspended Sediment Concentration; Q_lag_1/3/7/14/21, 486 
discharge lagged by 1/3/7/14/21 days; P_lag_1/3/7/14/21, rainfall lagged by 1/3/7/14/21 days; dQ, first difference 487 
of discharge; ETo, reference evapotranspiration; T, temperature; Sin_J/Cos_J, sine/cosine transform of Julian day; 488 
VIF, variance inflation factor. Full VIF and correlation results for all 17 retained predictors are provided in Table 489 
3. 490 
Table 7. Pearson correlation coefficient between key predictors and Suspended Sediment 491 

Concentration (SSC) for the Gilgel Abay and Gumara watersheds (1990–2020). 492 

No. 

Predictor 

Gilgel 

Abay 

(r) 

Gumara (r) 

1 P_lag_1 0.538 0.246 

2 P_lag_3 0.488 0.176 
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3 P 0.399 0.203 

4 P_lag_7 0.386 0.134 

5 Q_lag_1 0.381 0.41 

6 Q_lag_3 0.365 0.365 

7 P_lag_21 0.358 0.31 

8 P_lag_14 0.346 0.261 

9 Q_lag_7 0.292 0.283 

10 dQ 0.104 0.064 

11 Q_lag_14 0.082 0.317 

12 Hysteresis 0.051 0.089 

13 Q_lag_21 0 0.279 

14 Sin_J -0.16 -0.15 

15 T -0.257 -0.135 

16 ETo -0.334 -0.454 

17 Cos_J -0.46 -0.374 
 493 

3.3 Annual and Monthly Sediment Yields 494 

The reconstructed sedigraphs for both watersheds are shown in Figure 9. The QRF model 495 

reproduces the characteristic monsoon-driven seasonal cycle throughout the 1990–2020 record 496 

for both watersheds, with sharp annual SSC rises during the wet season (June–October) 497 

followed by recession toward low dry-season baseflow concentrations. Within the densely 498 

sampled periods, most notably 2012–2013 and 2016 for Gilgel Abay, and the more distributed 499 

sampling across 1990–2020 for Gumara (Section 2.2; Figure 4),  reconstructed SSC tracks 500 

observed values closely, including during the largest observed peaks (e.g., the 2012–2013 501 

Gilgel Abay event and the 1993 Gumara peak exceeding 10 g/L). For years and periods without 502 

observed measurements, the reconstructed series reflects the model's learned relationship 503 

between SSC and the hydro-meteorological predictors (Section 2.3) rather than direct 504 

validation against measured sediment concentration; given the uneven temporal distribution of 505 

SSC sampling documented in Section 2.2 and Figure 4, reconstructed values in sparsely 506 

sampled years should be interpreted as model-consistent estimates rather than independently 507 

verified observations, a limitation discussed further in Section 4.5. Reconstructed SSC for 508 

Gilgel Abay is bounded at 5.0 g/L and for Gumara at 10.07 g/L, corresponding to the maximum 509 

SSC concentrations observed in each watershed's 1990–2020 measurement record (Table 2; 510 

Section 2.3); as a result, the flat-topped peaks visible in panel (a) around 2012–2013 reflect 511 

this empirically grounded ceiling; the highest sediment concentration ever measured in that 512 

catchment; rather than an arbitrary cap or an unconstrained model prediction. 513 
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 514 

Figure 9. Reconstructed daily suspended sediment concentration (SSC) time series and observed SSC values for 515 
(a) Gilgel Abay and (b) Gumara watersheds (1990–2020).  516 
The reconstructed QRF-predicted annual sediment yields were estimated at 30.7±7.2 t/ha/yr 517 

(Gilgel Abay) and 27.5±10.74 t/ha/yr (Gumara), with peaks at 48.5 (2018, Gilgel Abay) and 518 

40.2 t/ha/yr (2020, Gumara) (Figure 10). Mean and standard deviation (std, mean ± std). 519 

Monthly sediment yields were 2.3±3.0 t/ha/month for Gilgel Abay and 2.1±3.3 t/ha/month for 520 

Gumara, with peaks during the core wet season months (June–September) reaching 8.7 521 

t/ha/month (Gilgel Abay) and 10.5 t/ha/month (Gumara) (Figure 11). Gilgel Abay’s yields were 522 

driven by high peak discharge (618.9 m³/s, specific discharge 0.0037 m3/s/ha) and rapid 523 

urbanization (940% built-up area increase, 2000–2020). Gumara’s yields, with greater 524 

variability (std = 3.3 t/ha/month), were influenced by intense rainfall (max 531.8 mm/month), 525 

urbanization (580% built-up area increase), and 63% wetland loss (2000–2020) (Table 8). 526 
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These patterns, supported by 372 monthly measurements per watershed, confirm QRF’s 527 

sensitivity to monsoon-driven dynamics within the wet season (June–October; Figure 11). 528 

 529 

Figure 10. Annual Rainfall (mm), Discharge (m³/s), and Sediment Yield (t/ha/yr) with IQR for (a) Gilgel Abay, 530 
(b) Gumara (1990–2020). SSC: Suspended Sediment Concentration; QRF: Quantile Random Forest; IQR: 531 
Interquartile Range. 532 
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 533 

Figure 11. Monthly Rainfall, Discharge, and Sediment Yield for (a) Gilgel Abay and (b) Gumara (1990–2020).  534 

3.4 Seasonal Sediment Yields 535 

Seasonal sediment yields, estimated for an extended wet season (June–October, 153 536 

days/season) and dry season (November–May, 212 days/season) using the optimized QRF 537 

configuration for each watershed (Table 4: n_estimators = 1000, max_depth = 10, 538 

max_features = sqrt for Gilgel Abay; n_estimators = 2000, max_depth = 30, max_features = 539 

0.5 for Gumara). For Gilgel Abay, wet season sediment yields were estimated at 24.8 t/ha/yr 540 

(Q25: 19.6, Q75:31.7), contributing 95% of annual yields, while dry season yields averaged 541 

1.0 t/ha/yr (Q25: 0.7, Q75: 1.6). For Gumara, wet season yields averaged 22.4 t/ha/yr 542 

(Q25:18.3, Q75:25.9), contributing 96% of annual yields, with dry season yields averaging 1.1 543 

t/ha/yr (Q25: 0.8, Q75: 1.6) (Figure 12). The wet and dry season reported here are medians of 544 

the reconstructed daily sediment yield distribution within each season, with the accompanying 545 

interquartile range reflecting inter-annual variability; because a median does not sum additively 546 

the way a mean does, these two seasonal medians are not expected to add up to the annual 547 

mean reported in Section 3.3. The wet season contribution percentages (95%, 96%) were 548 

instead calculated by partitioning the total reconstructed sediment load (Equation 3) by season 549 

and dividing by the annual total, consistent with the mean based annual yields reported above. 550 

The extended wet season includes October to capture residual monsoonal runoff, ensuring 551 

accurate classification of high-yield periods driven by intense rainfall (97.2% and 94.3% of the 552 

251 Gilgel Abay and 245 Gumara SSC measurements, respectively, fell within wet-season 553 

sampled years; Section 2.2) and peak flows (618.9 m³/s for Gilgel Abay, 496.3 m³/s for 554 

Gumara). These patterns highlight the wet season’s dominant role in erosion, validate the 555 

accuracy of QRF (validation R² = 0.73 for Gilgel Abay, 0.75 for Gumara; Section 3.1) in 556 

modeling sediment dynamics, and highlight the need for targeted wet-season erosion control 557 

measures to protect Lake Tana and the GERD. 558 
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 559 

Figure 12. Seasonal Rainfall and Median Sediment Yield with Interquartile Range (IQR) for (a) Gilgel Abay and 560 
(b) Gumara (1990–2020). Rainfall (mm), Wet Season Sediment Yield (t/ha/yr), Dry Season Sediment Yield 561 
(t/ha/yr). Values shown are medians; see Section 3.4 for the relationship to the annual mean yields in Section 3.3. 562 

3.5 Land-Use and Land-Cover Correlations 563 

 LULC changes, derived from GLAD data (2000–2020), showed significant correlations with 564 

annual sediment yields in Gilgel Abay and Gumara watersheds (Table 8). Built-up areas 565 

increased by 940% in Gilgel Abay (7.3 to 76 km²) and 580% in Gumara (4.6 to 32 km²), with 566 

a moderate positive correlation in Gilgel Abay (r = 0.39, p = 0.08) and a strong positive 567 

correlation in Gumara (r = 0.84, p < 0.0001). In Gumara, the wetland area decreased by 63% 568 

(4.4 to 1.6 km²), showing a strong negative correlation with sediment yield (r = -0.84, p < 569 

0.0001), likely due to reduced soil retention capacity. Cropland decreased slightly in Gilgel 570 

Abay (590 to 551 km², -6%) but remained stable in Gumara (875 to 882 km², 0%). Dense short 571 

vegetation declined by 16% in Gilgel Abay and 14% in Gumara, while tree cover increased by 572 

18% and 6%, respectively. These LULC plots are visualized in Figure 3 and linked to increased 573 

runoff in Gumara with a peak discharge of 496.3 in 2020. Figure 13 illustrates the correlations 574 

between sediment yield and interpolated built-up areas (Gilgel Abay and Gumara), highlighting 575 

urbanization's role in enhancing erosion in Gumara (r = 0.84) and a weaker association in Gilgel 576 

Abay (r = 0.39). 577 

Because the QRF model was trained exclusively on hydro-meteorological predictors 578 

(discharge- and rainfall-derived lags, temperature, ETo, and seasonal indicators; Section 2.3.2) 579 

and does not incorporate LULC variables, the sediment yields correlated with LULC change 580 

here are model-derived estimates that do not themselves encode land-use information. These 581 

correlations are therefore descriptive and hypothesis-generating rather than causal (see Section 582 

4.4 for further discussion). 583 



25 

 

 584 

Figure 13. Relationships between Annual Sediment Yield (t/ha/yr) and Land Use Components (2000–2020). (a) 585 
Gilgel Abay Built-up Area, (b) Gumara Built-up Area, (c) Gumara Wetland Area. Pearson correlation coefficients 586 
(r) are shown in each panel. 587 
Table 8. Land-use and Land-cover (LULC) changes in the Gilgel Abay and Gumara watersheds between 2000 588 
and 2020 derived from the Global Land Analysis and Discovery (GLAD) datasets. Area values are in km2, with 589 
the percentage change reflecting the relative difference over the 20 years. 590 

4. DISCUSSION 591 

4.1 Model Performance and Selection 592 

The QRF model demonstrated superior performance over GB, RF, and SRC in predicting SSC 593 

for both the Gilgel Abay and Gumara watersheds. For Gilgel Abay, QRF achieved the highest 594 

validation R² (0.73) and the lowest mean absolute error (MAE = 0.44 g/L), outperforming GB 595 

(validation R² = 0.67, MAE = 0.50 g/L), RF (validation R² = 0.71, MAE = 0.44 g/L), and SRC 596 

(validation R² = 0.20, MAE = 0.87 g/L). Similarly, for Gumara, QRF attained a validation R² 597 

of 0.75 and MAE of 0.45 g/L, compared with GB (R² = 0.66, MAE = 0.48 g/L), RF (R² = 0.70, 598 

MAE = 0.44 g/L), and SRC (R² = 0.19, MAE = 0.48 g/L; Table 5; Figure 5). 599 

Watershed Land Cover Type Area in 2000 (km2) Area in 2020 (km2) Change (%) 

Gilgel Abay 

Cropland 590 551 -6% 

Dense short vegetation 631 527 -16% 

Tree cover 394 469 18% 

Built-up 7.3 76 940% 

Gumara 

Cropland 875 882 0% 

Dense short vegetation 304 261 -14% 

Tree cover 178 190 6% 

Built-up 4.6 32 580% 

Wetland 4.4 1.6 -63% 
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This superior performance is attributed to QRF’s quantile-based approach, which effectively 600 

captures non-linear sediment dynamics and heteroscedasticity (uneven error variance; (Zhang 601 

et al., 2022b)), particularly during peak discharge events (618.9 m³/s for Gilgel Abay and 496.3 602 

m³/s for Gumara; Section 3.4). These results align with previous studies highlighting the 603 

advantages of ensemble tree-based models in hydrological applications (Nourani et al., 2019; 604 

AlDahoul et al., 2022). Recent research further confirms that machine learning methods, such 605 

as XGBoost, consistently outperform traditional sediment rating curves and enable projections 606 

under climate change scenarios (Bezak et al., 2025). Incorporating time-varying sediment 607 

availability into the rating-curve framework, rather than relying on discharge alone, has been 608 

shown to substantially improve rating-curve performance in non-stationary systems (Zhang et 609 

al., 2021), suggesting a possible refinement of the SRC baseline for future applications in the 610 

UBNB. 611 

In contrast, the SRC model, which relies on a simple power law relationship between discharge 612 

and SSC, exhibited the weakest performance, highlighting the limitation of empirical models 613 

in complex monsoon-dominated systems (Asselman, 2000; Francke et al., 2008). Overfitting 614 

was mitigated, though not fully eliminated (Section 2.3.4), through a random 70/30 train-test 615 

split, cross-validated hyperparameter selection, and complexity constraints (min_samples_split 616 

= 2–5, min_samples_leaf = 1–3), narrowing the training–validation gap relative to an 617 

unconstrained model despite training R² remaining higher than validation R². Gumara’s higher 618 

QRF Validation R2 (0.75 vs. 0.73) may stem from its smaller drainage area (1,394 vs. 1664 619 

km2), which likely reduces sediment source variability and amplifies flow paths, enhancing 620 

model predictability. Gilgel Abay’s more distributed sediment sources and higher rainfall 621 

variability (Section 4.3) may increase modeling complexity. These findings highlight QRF's 622 

suitability for capturing seasonal sediment dynamics (95–96% of yields in the wet season, 623 

June–October; Section 3.4), supporting its selection for sediment management applications in 624 

the UBNB.  625 

4.2 Dominance of Discharge-Derived Features 626 

Feature importance analysis from the QRF model (Section 3.2; Figure 7; Table 6) revealed that 627 

the two watersheds are governed by different combinations of predictors rather than a single 628 

dominant driver common to both. In Gilgel Abay, short-lag rainfall terms (P_lag_1, P_lag_3) 629 

and the seasonal cosine term led the ranking, whereas in Gumara, evapotranspiration, 630 

temperature, and the 1-day discharge lag carried the greatest weight; the 1-day discharge lag 631 
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(Q_lag_1) was nonetheless among the top four predictors in both watersheds, consistent with 632 

global studies emphasizing discharge as a dominant control on sediment transport in fluvial 633 

systems (Syvitski and Milliman, 2007). The 1-day discharge lag, reflecting near-antecedent 634 

flow conditions, highlights short-term temporal dependencies in sediment availability, 635 

consistent with studies in the Ethiopian highlands (Easton et al., 2010). 636 

In Gilgel Abay, rainfall-lag terms dominated the ranking (P_lag_1: MDI = 0.15; P_lag_3: 0.12; 637 

Table 6), consistent with their comparatively strong SSC correlations (P_lag_1: r = 0.54; 638 

P_lag_3: r = 0.49; Table 7), and reflecting this watershed's larger, wetter catchment area (1,664 639 

km², ~1,861 mm/yr; Section 2.1). Instantaneous rainfall (P) had a moderate correlation with 640 

SSC (r = 0.40; Table 7) but ranked below its own lagged forms in importance, consistent with 641 

an indirect, delayed influence via runoff generation rather than a direct same-day effect. In 642 

Gumara, by contrast, ETo and temperature ranked highest (MDI = 0.15 and 0.13, respectively; 643 

Table 6), both carrying negative correlations with SSC (ETo: r = -0.45; T: r = -0.14; Table 7), 644 

consistent with reduced evaporative demand coinciding with wetter, higher-sediment 645 

conditions. Seasonal terms (Cos_J: MDI = 0.13 for Gilgel Abay, 0.05 for Gumara) further 646 

enhanced model sensitivity to monsoon timing. These results indicate that Gilgel Abay's 647 

sediment response is more directly rainfall-paced, while Gumara's is more strongly modulated 648 

by discharge and atmospheric-demand variables, contrasting with discharge-dominated 649 

systems more typically reported elsewhere (Kisi et al., 2024). 650 

4.3 Watershed Specific Differences 651 

Differences in feature importance and predictor–SSC relationships between watersheds 652 

highlight the need for tailored, watershed-specific modeling. Gumara’s stronger 1-day 653 

discharge-lag correlation with SSC (Q_lag_1: r = 0.41 vs. 0.38 for Gilgel Abay; Table 7) and 654 

the dominance of ETo and temperature in its feature-importance ranking (Table 6) are 655 

consistent with its steeper topography and more concentrated flow paths, amplifying 656 

discharge’s role (Tebebu et al., 2010). Conversely, Gilgel Abay’s stronger short-lag rainfall 657 

correlations (P_lag_1: r = 0.54 vs. 0.25 for Gumara; Table 7) and their leading position in its 658 

feature-importance ranking (Table 6) point to a more rainfall-paced sediment response, 659 

reflecting greater rainfall-driven runoff generation tied to its higher annual rainfall (1,861 vs. 660 

1,403 mm; Section 2.1; (Zeleke et al., 2013; Ayele et al., 2016)). Correlation analysis further 661 

reveals inter-watershed variability in the seasonal signal: the cosine Julian-day term is more 662 

strongly (negatively) correlated with SSC in Gilgel Abay (Cos_J: r = -0.46) than in Gumara (r 663 
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= -0.37; Table 7), while ETo shows the reverse pattern (r = -0.33 for Gilgel Abay vs. -0.45 for 664 

Gumara; Table 7), indicating that Gumara’s sediment regime is comparatively more sensitive 665 

to atmospheric-demand fluctuations. These findings, supported by the predictor–SSC 666 

correlations in Table 7 and the feature-importance rankings in Table 6, highlight the importance 667 

of watershed-specific models to capture local hydro-geomorphic controls (Nyssen et al., 2004). 668 

These watershed-specific differences in sediment-discharge coupling echo broader evidence 669 

that seasonal hydrological variability itself reshapes sediment-transport regimes across diverse 670 

climatic settings, not only in monsoon basins but also in cryosphere-fed systems undergoing 671 

comparable shifts in flow seasonality (Zhang et al., 2023). 672 

4.4 Sediment Yield Validation and Management Implications 673 

Our QRF model estimates net sediment yields of 30.7 ± 7.2 t/ha/yr for Gilgel Abay and 27.5 ± 674 

10.74 t/ha/yr for Gumara (1990–2020), with 95% and 96% occurring in the wet season 675 

(Sections 3.3, 3.4).  These align with regional studies, though estimates vary due to methods 676 

and data periods. Zimale et al. (2018) reported higher yields of 35 t/ha/yr for Gilgel Abay and 677 

49 t/ha/yr for Gumara in the gauged area, using modeling of the available SSC data for a short 678 

period (1994–2000), likely capturing peak events. Bogale et al. (2023) reported a sediment 679 

yield of 18.9 t/ha/yr for Gumara using field data and geo-morphometric analysis, slightly lower 680 

but aligning with our results. Lemma et al. (2019) estimated 22.6 t/ha/yr for Gilgel Abay, 681 

including 0.6 t/ha/yr bedload with two years of observed data, which supports our suspended 682 

sediment results. Gashaw et al. (2020) estimated 32.8 t/ha/yr gross soil loss for Gilgel Abay 683 

using RUSLE, slightly higher due to unaccounted deposition. Gashaw et al. (2021) derived 684 

19.7 t/ha/yr for Gumara with SWAT, reinforced by Best Management Practices (BMPs), 685 

slightly lower but consistent. High yields, driven primarily by short-lag rainfall in Gilgel Abay 686 

and by discharge and evaporative-demand variables in Gumara (Section 4.2, Table 6), occur 687 

alongside observed land-use changes such as urban expansion and cropland intensification 688 

(Section 3.5). These LULC associations cannot be interpreted causally, however: both 689 

urbanization and the modeled sediment-yield trend could independently reflect a shared driver, 690 

such as a regional shift in rainfall intensity or discharge regime over 2000–2020  (Bronstert et 691 

al., 2002, 2023),  rather than one causing the other. Incorporating LULC variables directly into 692 

the predictive model or pursuing scenario-based attribution remains a priority for future work 693 

(Section 4.5). The QRF model’s robustness, capturing monsoon dynamics (peak discharges of 694 

618.9 m³/s for Gilgel Abay, 496.3 m³/s for Gumara; Section 3.4), supports its use for erosion 695 



29 

 

management. The Green Legacy Initiative (GLI, launched in 2019) promotes reforestation and 696 

wetland restoration (e.g., papyrus planting at Lake Tana inflows) to trap sediments and reduce 697 

runoff, mitigating flooding linked to urban expansion (r = 0.84, p < 0.0001; Section 3.5). Best 698 

Management Practices, like terracing, enhance soil stability (Hurni et al., 2005), reducing 699 

sediment loads to the GERD. 700 

4.5 Implications, Limitations, and Future Directions 701 

The QRF model’s high predictive accuracy provides actionable insights for sediment 702 

management in the UBNB, critical for protecting Lake Tana and the GERD. In Gumara, rising 703 

sediment yields driven by intense rainfall highlight the need for enhanced soil conservation, 704 

such as reforestation and urban runoff mitigation. Gilgel Abay’s yields, influenced by high 705 

peak discharge (618.9 m3/s, specific discharge 0.0037 m3/s/ha) and 940% urban expansion (7.3 706 

to 76 km2, r = 0.39, p = 0.08; Table 8, Figure 13), suggest additional factors like rainfall 707 

variability (1861 mm/yr) or soil management practices warrant further study. QRF’s 708 

uncertainty quantification and scalability enhance its potential for region-wide sediment 709 

modeling, supporting sustainable management strategies (Francke et al., 2008). 710 

Despite these strengths, limitations constrain QRF’s applicability. The limited datasets 711 

(251/245 SSC measurements for Gilgel Abay/Gumara) may restrict model generalization, 712 

particularly for rare high-magnitude events; expanding datasets with longer time series or 713 

additional watersheds could improve robustness. Excluding LULC and soil data limits insights 714 

into anthropogenic impacts; significant in the Ethiopian highlands; incorporating these via 715 

remote-sensing –using GLAD’s Landsat-based LULC maps (e.g., for urbanization, wetland 716 

loss) as time-varying predictors in QRF, complemented by higher-resolution Sentinel-2 717 

imagery (10–20 m) for refined classification and Sentinel-1/SMAP data for soil moisture and 718 

erodibility mapping–could quantify human induced sediment dynamics such as urban driven 719 

runoff (r = 0.84 in Gumara) as shown in regional studies (Haregeweyn et al., 2015; Gashaw et 720 

al., 2018; Lemma et al., 2019). The QRF model's computational complexity poses challenges 721 

for operational use in resource-constrained settings; consequently, exploring hybrid models 722 

combining QRF with physically based approaches could balance predictive accuracy and 723 

interpretability. The focus on SSC overlooks bedload contributions, which may constitute 10–724 

20% of total sediment in similar systems (Turowski et al., 2010); thus, quantifying bedload 725 

through field measurements is essential for a comprehensive sediment budget. Finally, QRF’s 726 

transferability to other Blue Nile tributaries remains untested; hence, assessing its applicability 727 
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across the basin could support region-wide sediment management strategies. Relatedly, 728 

recurrent sequence models such as Long Short-Term Memory (LSTM) networks were not 729 

implemented in this study (Section 2.3.2) but represent a promising direction for future work, 730 

given their capacity to learn lag structure directly from the data rather than through pre-731 

specified lag terms; a properly tuned LSTM, benchmarked against the QRF configuration 732 

reported here, would be a natural next step. These findings and limitations highlight the need 733 

for integrated erosion control (e.g., GLI’s reforestation) and advanced modeling to mitigate 734 

sedimentation risks to the GERD and ensure sustainable UBNB management. 735 

5. CONCLUSIONS 736 

This study demonstrates that QRF successfully reconstructed sedigraphs for the Gilgel Abay 737 

and Gumara watersheds (1990–2020), identifying watershed-specific drivers of sediment 738 

dynamics: short-lag rainfall in Gilgel Abay, and discharge and evaporative-demand variables 739 

in Gumara. These insights highlight QRF's ability to address data scarcity and non-linear 740 

monsoon-driven processes, providing sediment yield estimates with quantified uncertainty that 741 

are critical for mitigating erosion risks for Lake Tana and the GERD. The observed co-742 

occurrence of elevated sediment yields with land-use changes such as urban expansion and 743 

wetland loss suggests, but does not establish, a land-use influence on sediment dynamics; 744 

targeted strategies such as reforestation and urban runoff management remain reasonable 745 

precautionary measures for sustainable sediment control regardless of the precise causal 746 

pathway. Future research should incorporate LULC variables directly into the predictive 747 

framework or pursue scenario-based attribution to resolve this uncertainty, alongside 748 

integrating GLAD-derived land-use and remote-sensing-based soil data (e.g., Sentinel-2 and 749 

Sentinel-1 as SSC predictors), expanding datasets across UBNB watersheds, quantifying 750 

bedload, developing hybrid models, and testing QRF's regional transferability to enhance 751 

resilience against climate and anthropogenic pressures. 752 
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