
 

 

 

 

 

 

 

 

Explainable Deep Learning for 

Assessing Terrestrial Hydroclimate Impacts on Coastal River Discharge 

 

by 

 

Ajeeta Shrestha 

 

 

 

 

A thesis submitted to the Graduate Faculty of 

Auburn University 

in partial fulfillment of the 

requirements for the Degree of 

Master of Science 

 

Auburn, Alabama 

December 13, 2025 

 

 

 

 

Keywords: Hydroclimate, Flow prediction, Climate Change, Explainable Deep Learning,  

Saliency, Downscaling 

 

 

Copyright 2025 by Ajeeta Shrestha 

 

 

Approved by 

 

Di Tian, Chair, Associate Professor of Crop, Soil, and Environmental Sciences 

Xing Fang, Professor of Civil and Environmental Engineering 

Frances O’Donnell, Associate Professor of Civil and Environmental Engineering



ii 

 

 

 

Abstract 

 

 

 Coastal river discharge plays a critical role in regulating coastal water quality, ecosystem 

health, and community resilience. However, understanding how terrestrial hydroclimate influences 

past and future discharge remains limited due to coarse and biased climate inputs, structural 

limitations of hydrologic models, and the black-box nature of many deep learning approaches.  

Here we present an explainable deep learning framework (X-CNN-LSTM) that integrates 

convolutional neural networks (CNNs) and long short-term memory (LSTM) networks to capture 

spatial and temporal controls on discharge, incorporates trend-preserving, super-resolution deep 

learning to downscale climate simulations, and enables saliency-based interpretability. The X-

CNN-LSTM achieves Kling–Gupta Efficiencies (KGE) of 0.825, 0.786, and 0.714 for the 

Alabama, Tombigbee, and ACF Rivers, respectively, outperforming standalone deep learning 

models, process-based models, and flood reanalysis data. Saliency-based analysis identifies runoff 

and soil moisture as dominant predictors and highlights key regions driving discharge variability. 

Additionally, the use of trend-preserving, multivariate super-resolution deep learning to downscale 

climate inputs significantly improves discharge simulation accuracy during the historical period. 

To assess future climate impacts, we drive X-CNN-LSTM with super-resolution deep learning 

downscaled CMIP6 climate projections under SSP2-4.5 and SSP5-8.5 scenarios. Results show 

consistent decreases in low flow extremes and increase in interannual variability, signaling 

heightened hydrologic risks. These trends are robust across multiple downscaled CMIP6 climate 

and Earth system models.  Overall, this explainable deep learning framework offers a notable 

advancement in high-resolution climate impact assessment of coastal river discharge. 
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Chapter 1 Introduction 

 

1.1 Background 

 

Coastal river discharge is vital for regulating estuarine ecosystems, coastal water quality, and 

socio-economic resilience in downstream communities, particularly along the Gulf of Mexico. 

These freshwater outflows influence salinity gradients, sediment transport, nutrient fluxes, and the 

health of tidal wetlands and estuarine habitats (Laurent et al., 2018). Along the northern Gulf of 

Mexico, freshwater inflows from the Alabama, Tombigbee, and Apalachicola–Chattahoochee–

Flint (ACF) River Basins help maintain one of the most productive and biologically diverse coastal 

systems in North America (Balder et al., 2024).  

However, these systems are increasingly exposed to hydroclimatic variability from natural 

processes, anthropogenic climate change, and other human-driven influences, including water 

withdrawals, reservoir operations, and land use change. Changes in precipitation intensity, storm 

frequency, evapotranspiration, and soil moisture regimes directly affect runoff generation and river 

flow patterns. Such shifts can alter the timing and magnitude of freshwater inflows to estuaries, 

threatening water availability, ecosystem balance, and regional socio-economic sustainability. 

Understanding how terrestrial hydroclimate drives river discharge and how these relationships 

evolve under future climate scenarios is therefore central to managing water and ecosystem 

resources in coastal regions. 

 

1.2 Problem Statement 

 

Despite significant advances in hydrologic and climate modeling, accurately simulating the 

spatiotemporal variability of streamflow under changing climate remains a major challenge. 

Traditional process-based hydrologic models, such as SWAT, VIC, and HYPE, provide physically 
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interpretable representations of runoff generation but often suffer from high parameter uncertainty, 

intensive data requirements, and computational expense (Beven & Binley, 1992; Hattermann et 

al., 2017). Their coarse-scale inputs and the assumption of stationarity in hydrologic relationships 

limit their ability to capture nonlinear interactions and extremes that govern discharge variability 

in dynamic coastal basins (Milly et al., 2008). 

At the same time, the increasing availability of high-resolution reanalysis and satellite datasets has 

created opportunities for data-driven methods to complement physical modeling (Reichstein et al., 

2019). Deep learning (DL) approaches, in particular, have demonstrated an exceptional ability to 

capture nonlinear dependencies and high-dimensional relationships among hydroclimate variables 

(Nearing et al., 2021; Shen et al., 2021). However, many DL models act as black boxes, providing 

limited interpretability of which variables, locations, or features influence predictions (Shen et al., 

2021). This lack of transparency constrains their application for process understanding and for 

projecting climate impacts, where physically meaningful insight is essential. 

Furthermore, the reliability of DL-based climate impact assessments depends on the quality of 

input forcings derived from global climate models (GCMs) and Earth system models (ESMs) (F. 

Wang & Tian, 2024). Although these models simulate coupled atmosphere–land–ocean processes, 

their outputs are often biased and too coarse to resolve watershed-scale hydroclimate variability 

(J. Chen et al., 2021; Keller et al., 2022). Statistical bias correction and downscaling methods, such 

as quantile mapping, improve mean and variance but often neglect spatial dependence and climate 

trends, leading to inconsistencies in regional hydrologic simulations (Cannon, 2018).   

These challenges highlight the need for an integrated framework that captures spatial and temporal 

hydroclimatic patterns influencing discharge, provides interpretable model outputs, and ensures 

physically consistent climate projections for future impact assessment. 
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1.3 Research Objectives 

 

To address these challenges, this thesis develops an explainable deep learning framework for 

assessing the effects of terrestrial hydroclimate on coastal river discharge. The framework 

combines spatial feature extraction using convolutional neural networks (CNNs), temporal 

dependency modeling through long short-term memory (LSTM) networks, and explainability 

through saliency-based interpretation of input sensitivity. This hybrid X-CNN-LSTM model is 

further coupled with a trend-preserving, deep-learning-based downscaling system, the Super-

Resolution Deep Residual Network combined with Quantile Delta Mapping (SRDRN-QDM) to 

refine and bias-correct coarse global climate model (GCM) simulations. Together, these 

components form an integrated pipeline for high-resolution, interpretable, and climate-consistent 

discharge prediction. 

The specific objectives of this research are: 

• Develop and evaluate an explainable hybrid deep learning model (X-CNN-LSTM) to 

estimate daily coastal river discharge and understand the drivers and spatial features 

contributing to coastal river discharge. 

• Compare the performance of river discharge estimated by X-CNN-LSTM with simulations 

from process-based models and river flood reanalysis datasets 

• Integrate X-CNN-LSTM with a trend-preserving climate downscaling and bias correction 

model (SRDRN-QDM) to project future river discharge and flow regime changes under 

the SSP2-4.5 and SSP5-8.5 scenarios and evaluate emerging hydrologic risks 

• Understand the role of deep learning-based climate downscaling on high-resolution climate 

impact assessment of river discharge 
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By integrating saliency-based attribution, trend-preserving deep learning-based climate 

downscaling, and spatiotemporal deep learning, this new framework addresses critical gaps in 

high-resolution climate impacts on coastal river discharge. Tested in multiple river basins in the 

coastal regions of the Gulf of Mexico, the proposed framework has shown high accuracy and 

physical realism, which can be used for adaptive water resources management and resilience 

planning in coastal environments increasingly threatened by climate change. 

 

1.4 Thesis Overview 

 

This thesis is organized into five chapters. Chapter 1 Introduction introduces the research 

motivation, scientific background, and study objectives. Chapter 2 Literature Review presents a 

literature review on the evolution of hydrologic and climate impact modeling, including process-

based, data-driven, and hybrid approaches, as well as explainable deep learning and climate 

downscaling methods relevant to this study. Chapter 3 Data and Methods describes the study area, 

data sources, and methodological framework, detailing the development of the X-CNN-LSTM 

model, the SRDRN-QDM downscaling system, and the evaluation procedures. Chapter 4 Results 

presents the results, including model performance, saliency-based interpretability, and projected 

flow responses under different climate scenarios. Finally, Chapter 5 Discussion and Conclusions 

summarizes the main findings, discusses implications for hydrologic prediction and climate 

adaptation, and outlines directions for future research. 

Together, these chapters establish an explainable, high-resolution modeling framework that links 

terrestrial hydroclimate variability with coastal river discharge, advancing the understanding of 

climate impacts on water resources and ecosystem resilience in the Gulf of Mexico region. 
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Chapter 2 Literature Review 

 

2.1 Overview 

 

Assessing the impacts of climate change on hydrological systems is a central challenge in Earth 

system science and water resources research. River discharge integrates the combined effects of 

precipitation, temperature, soil moisture, and land surface processes, making it a key indicator of 

hydroclimatic change. As global warming alters precipitation patterns, evapotranspiration, and 

runoff generation, reliable modeling of these processes becomes essential for understanding and 

projecting water availability, flood risk, and ecosystem resilience. Over the past decades, 

hydrologic modeling has evolved from process-based conceptualizations to data-driven and hybrid 

frameworks that leverage machine learning to capture complex hydroclimatic relationships (Beven 

& Binley, 1992; Du & Pechlivanidis, 2025; Reichstein et al., 2019). However, each approach 

involves inherent tradeoffs among physical interpretability, parameter uncertainty, computational 

demand, scaling, and predictive performance.  

 

2.2 Process-based hydrological models 

 

Process-based hydrologic models like the MIKE SHE (F. H. Jaber & S. Shukla, 2012), SWAT 

(Arnold et al., 1998), VIC model (Liang et al., 1994), and HYPE (Lindström et al., 2010) have 

indeed been widely used as foundational tools in climate impact (Graham et al., 2007; Hayhoe et 

al., 2007; Mango et al., 2011). They simulate surface and subsurface water processes through 

equations that conserve mass, energy, and momentum, thereby representing spatial and temporal 

variability in catchment dynamics (Fatichi et al., 2016). By resolving flow paths, residence times, 

and heterogeneity, these models reproduce large-scale runoff and streamflow patterns while 

maintaining physical interpretability. However, their application is often limited by the need for 
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complex parameterization, calibration, and scaling to capture within-basin heterogeneity (C. Wang 

et al., 2024; Wu & Chau, 2006). Even advanced distributed models struggle with parameter 

uncertainty, equifinality, and high computational demand (Beven & Binley, 1992; S. Chen et al., 

2024; Her et al., 2019; Nearing et al., 2021). Moreover, scale mismatches between climate model 

outputs and watershed processes hinder accurate local projections (Hattermann et al., 2017; Her et 

al., 2019). Traditional process-based models also assume stationary relationships among 

precipitation, temperature, and streamflow, yet this assumption fails under climate change as 

shifting precipitation regimes, temperature-driven evapotranspiration, and land-surface feedbacks 

alter hydrologic behavior (Milly et al., 2008). While increasing model complexity can improve 

physical representation, it often introduces inefficiency, greater uncertainty, and higher data 

demands. These limitations underscore the need for a modeling framework that can better capture 

spatial and temporal variability while maintaining interpretability and robustness under climate 

change. 

 

2.3 Deep learning models 

 

Recent advances in deep learning (DL) have transformed hydrologic prediction by enabling 

models to capture complex nonlinear interactions and spatiotemporal dependencies within high-

dimensional hydroclimatic datasets (Nearing et al., 2021; Shen et al., 2021; Wi & Steinschneider, 

2022). Convolutional neural networks (CNNs) (LeCun et al., 2015) are particularly effective at 

extracting spatial features from gridded inputs such as precipitation and land surface variables, 

while long short-term memory (LSTM) (Hochreiter & Schmidhuber, 1997) networks excel at 

modeling temporal dependencies and memory effects inherent in runoff generation and soil 

moisture storage (Kratzert et al., 2019; Liu et al., 2023). Combining these strengths, hybrid CNN-
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LSTM models have demonstrated superior performance by jointly learning spatial and temporal 

patterns, outperforming both traditional hydrologic models and individual DL architectures (Li et 

al., 2022). However, DL models have limitations. Their black-box nature raises concerns about 

explainability, physical realism, and generalizability, particularly for future climate projections 

beyond the historical training range. To address these concerns, explainable DL (XDL) 

frameworks have emerged. Techniques like saliency maps, expected gradient approach, 

permutation feature importance, and attention mechanisms provide insights into model decision 

processes and variable relevance (Breiman, 2001; De La Fuente et al., 2024; Erion et al., 2021; 

Liu et al., 2023; Longyang et al., 2024). Liu et al. (2023), for instance, applied an XDL-CNN to 

reveal how sea surface temperature anomalies linked to ENSO teleconnections influence river 

flows, identifying critical spatiotemporal patterns. Addor et al. (2018) ranked the importance of 

static catchment attributes, while Jiang et al. (2022) showed that expected gradients and additive 

decomposition improve model transparency by retrieving flooding mechanisms and revealing how 

models retain or discard information across different flood types. Collectively, these advances 

demonstrate a growing opportunity to extract physically meaningful insights from DL models, 

ultimately improving their trustworthiness and utility in hydroclimate applications. 

 

2.4 Climate Downscaling and Bias Correction 

 

While DL frameworks enhance model interpretability and reliability, their effective application to 

future climate projections relies on the quality of large-scale climate forcings. These forcings are 

supplied by Global Climate Models (GCMs), which simulate the coupled atmosphere–land–ocean 

interactions that govern global and regional water cycles and form the foundation for climate 

impact assessments and adaptation planning (IPCC, 2021; Tabari et al., 2021; Vieira & Stadnyk, 
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2023). Despite major advances in the Coupled Model Intercomparison Projects (CMIP5 and 

CMIP6), GCMs still exhibit systematic biases, inter-model uncertainties, and coarse spatial 

resolutions (typically 1°–2°) that limit their ability to capture local hydroclimatic variability and 

extremes. Bias correction is therefore essential to make GCM outputs hydrologically meaningful 

(Hagemann et al., 2011; Randall et al., 2007). Conventional approaches such as quantile mapping 

correct mean and variance at the grid level but assume stationary bias behavior and neglect spatial 

dependence, often producing unrealistic spatial patterns and inconsistencies in regional hydrologic 

simulations (Cannon, 2018; Maraun, 2012; Nahar et al., 2018). Recent methods address these 

limitations by incorporating spatial and multivariate coherence into bias correction frameworks. 

Independent Component Analysis (ICA), for example, has been used to correct independent spatial 

modes of variability, improving precipitation and temperature patterns and enhancing drought and 

water resource projections (Nahar et al., 2018; Westra et al., 2008). Similarly, trend-preserving 

deep learning approaches such as the Super-Resolution Deep Residual Network combined with 

Quantile Delta Mapping (SRDRN-QDM) show strong capability in downscaling and bias-

correcting multiple hydroclimatic variables while maintaining intervariable and temporal 

consistency (F. Wang & Tian, 2024). Together, these advances highlight the need for physically 

consistent, spatially coherent, and trend-preserving frameworks to refine GCM and ESM outputs 

for reliable climate impact assessment. 
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Chapter 3 Data and Methods 

 

3.1 Study Area 

 

This study focuses on the Alabama and Tombigbee River basins, which are major subbasins of the 

Mobile River watershed, together with the neighboring Apalachicola–Chattahoochee–Flint (ACF) 

River Basin in the southeastern United States (Figure 1). The Alabama and Tombigbee Rivers 

converge near Mount Vernon, Alabama, to form the Mobile River, which flows into Mobile Bay 

and ultimately the Gulf of Mexico. Along with the ACF Basin, these systems provide much of the 

freshwater inflow to the northeastern Gulf, supporting one of the most biodiverse and climate-

sensitive coastal ecosystems in North America (Balder et al., 2024; Ning et al., 2003). 

The Alabama River Basin covers approximately 59,000 square kilometers across central and 

southern Alabama and extends into parts of Georgia and Tennessee (Gangrade et al., 2020). The 

Alabama River originates at the confluence of the Coosa and Tallapoosa Rivers near Montgomery 

and flows southwest through mixed forest and agricultural landscapes before merging with the 

Tombigbee River. Elevation ranges from about 1,278 meters in the northern uplands to near sea 

level at Mobile Bay. The basin receives an average annual precipitation of about 1,370 millimeters, 

mostly from rainfall, with forest as the dominant land cover followed by cropland and wetland 

areas. 

The Tombigbee River Basin spans about 54,600 square kilometers across western Alabama and 

northeastern Mississippi, covering much of the rural coastal plain. The river collects flow from 

four major tributaries: the Buttahatchee, Noxubee, Sucarnoochee, and Sipsey Rivers. It flows 

generally southward, joining the Black Warrior River in western Alabama before merging with 

the Alabama River to form the Mobile River (NEON, 2023; USGS, 1994). The basin is largely 

forested, with extensive pastureland and limited urban development concentrated in smaller 
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communities. Average annual precipitation is approximately 1,386 millimeters, with most rainfall 

occurring in winter and early spring. 

The Apalachicola, Chattahoochee, and Flint (ACF) River Basin extends across Alabama, Georgia, 

and Florida, covering about 53,000 square kilometers. It drains into Apalachicola Bay, a 

productive estuary that supports oysters, shrimp, and finfish vital to the regional economy 

(Leitman et al., 2024). The basin consists of three main subbasins: the Chattahoochee, Flint, and 

Apalachicola Rivers. A substantial portion of the Atlanta metropolitan area lies within the upper 

Chattahoochee, making this one of the most heavily used river systems in the Southeast. Land 

cover is dominated by forest (about 46 percent) and cropland (about 39 percent), while urban areas 

make up about 6 percent. Mean annual precipitation ranges from roughly 1,160 to 1,360 

millimeters (Karki et al., 2025). In recent decades, the basin has faced recurring water scarcity, 

particularly during prolonged droughts (Leitman et al., 2024). Increased agricultural and municipal 

withdrawals have contributed to notable low-flow declines in parts of the Flint and Chattahoochee 

systems, with drought-period flows in the Lower Flint falling well below earlier historical levels 

(Qi et al., 2020; Rugel et al., 2012). 

Overall, the study region is characterized by a humid subtropical climate, low-lying coastal plains, 

and strong precipitation–runoff coupling, making it highly responsive to hydroclimatic variability 

and land-surface changes. These features, combined with extensive long-term hydrologic records, 

make the Alabama, Tombigbee, and ACF basins well suited for evaluating and modeling climate-

driven discharge variability in coastal river systems. 



11 

 

 

Figure 1 Map of the study area showing the Alabama and Tombigbee River Basins, both part of the larger Mobile River 

watershed, and Apalachicola-Chattahoochee-Flint (ACF) River Basin in the southeastern United States. Blue lines indicate the 

river networks, and red triangles mark the USGS Station. 

 

3.2 Data Sources 

 

Table 1 summarizes all datasets used in this study along with their sources. Daily streamflow 

records were obtained from USGS gauge stations 02428400, 02469762, and 02359170 for the 

Alabama, Tombigbee, and ACF basins, respectively (USGS, 1994). Climate inputs including 

precipitation, total runoff (surface + subsurface), and soil moisture were obtained from ERA5 

reanalysis (C3S, 2018) and four CMIP6 models: NorESM2 (Bentsen et al., 2019), MIROC6 

(Tatebe & Watanabe, 2018), EC-Earth3 (EC-Earth Consortium (EC-Earth), 2019), and NOAA 

GFDL-CM4 (Guo et al., 2018). 
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Table 1 Summary of Datasets Used in This Study 

Data Type Source Temporal Resolution Spatial 

Resolution 

Streamflow USGS gauge stations 

02428400 (Alabama), 

02469762 (Tombigbee), 

02359170 (ACF) 

Daily (Alabama: 1976-

present; Tombigbee: 1960-

present; ACF: 1978-

present) 

Point (gauge 

station) 

Observed climate ERA5 Reanalysis Hourly (1940–present); 

aggregated to daily 

0.25° × 0.25° 

GCM: NorESM2 Norwegian Earth System 

Model 

Daily (HIST: 1850–2014; 

SSP2-4.5 and SSP5-8.5: 

2015–2100) 

~1.25°× 0.95°  

GCM: MIROC6 Model for 

Interdisciplinary 

Research on Climate 

Daily (HIST: 1850–2014; 

SSP2-4.5 and SSP5-8.5: 

2015–2100) 

~1.4°× 1.4° 

GCM: EC-Earth3 EC-Earth Consortium Daily (HIST: 1850–2014; 

SSP2-4.5 and SSP5-8.5: 

2015–2100) 

~0.7°× 0.7° 

GCM: NOAA 

GFDL-CM4 

NOAA Geophysical Fluid 

Dynamics Laboratory 

Daily (HIST: 1850–2014; 

SSP2-4.5 and SSP5-8.5: 

2015–2100) 

~1.25°× 1° 

 

 

3.3 Methods 

 

This study implements an integrated deep learning-based modeling workflow to assess historical 

and future coastal streamflow variability in the Alabama, Tombigbee, and ACF River Basins. The 

approach integrates climate downscaling and bias correction (SRDRN-QDM), a hybrid deep 

learning architecture (X-CNN-LSTM), explainability analysis of saliency maps, and computation 

of flow regime metrics under future climate scenarios. 
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Figure 2 Framework for climate impact assessment of coastal river discharge that combines SRDRN-QDM for trend preserving 

downscaling and bias correction of CMIP6 climate inputs with an explainable X-CNN-LSTM model. The framework captures 

spatial and temporal hydroclimate patterns, applies saliency-based analysis to identify key predictors and regions, and evaluates 

both historical and projected changes in flow regimes. 

The framework (Figure 2) consists of four major components: (1) trend‐preserving downscaling 

and bias correction (SRDRN–QDM), which combines a deep residual network with quantile delta 

mapping to correct CMIP6 GCM precipitation, runoff, and soil moisture fields while maintaining 

realistic trends and spatial coherence; (2) a hybrid explainable deep learning model (X–CNN–

LSTM), which couples two-dimensional convolutional layers for extracting spatial hydroclimate 

features from multi-variable grids with an LSTM module that captures temporal dependencies in 

daily sequences; (3) saliency‐based explainability analysis, where gradient backpropagation 

identifies the most influential hydroclimate variables and spatial zones contributing to discharge 

prediction; and (4) Flow metric analysis, where simulated streamflow time series under future 

scenarios are analyzed to compute flow regime metrics describing magnitude, frequency, duration, 

timing, and variability of extremes. 

The workflow integrates climate projections from four CMIP6 GCMs (NorESM2, MIROC6, EC 

Earth3, and NOAAGFDL) under SSP2-4.5 and SSP5-8.5 scenarios for the 2015–2100 period. 

ERA5 reanalysis data (1976–2014) provide historical training and benchmarking inputs, and 

USGS daily discharge serves as the predictand.  
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In addition, we also compare the performance of river discharge estimated by the X CNN LSTM 

model with outputs from process based hydrologic simulations and river flood reanalysis datasets, 

providing an evaluation of the deep learning model’s reliability and physical consistency. We 

further compare the results with bilinearly interpolated GCM inputs without SRDRN-QDM 

correction to understand the role of deep learning based climate downscaling in improving high 

resolution climate impact assessments of river discharge. 

Below is a detailed description of each component of the framework.  

 

3.3.1 Climate Downscaling and Bias Correction (SRDRN-QDM) 

 

To enhance the spatial resolution of coarse CMIP6 outputs, we implemented a Super-Resolution 

Deep Residual Network with Quantile Delta Mapping (SRDRN-QDM; Wang & Tian, 2024). 

SRDRN comprises an initial convolutional layer followed by 16 residual blocks, each with batch 

normalization and PReLU activations. The model upscales daily precipitation, runoff, and soil 

moisture fields to a 0.25° resolution. Upsampling strategies vary based on the input GCM’s 

resolutions. For example, MIROC6 inputs (3×3) required two upsampling layers (×2 and ×3) for 

Alabama basin, whereas a single ×3 upsampling was applied to NorESM2, EC-Earth3, and 

NOAAGFDL. The detailed upscaling details for each of the basins is are shown in Table 2.  

Table 2 Grid sizes and upscaling factors used to match CMIP6 model resolution to basin-specific ERA5 grids. Values represent 

the upscaling factor and the raw GCM grid dimensions used for each basin. 

Basin 

(ERA5 grid size) 

CMIP6 GCMs (upscaling factor, raw GCM grid size) 

NorESM2 MIROC6 ECEarth3 NOAAGFDL 

Alabama (18×18) 3, 6×6 6, 3×3 3, 6×6 3, 6×6 

Tombigbee (15×15) 3, 5×5 5, 3×3 3, 5×5 3, 5×5 

ACF (24×12) 3, 8x4 4, 6×3 3, 8x4 4, 6×3 

 



15 

 

Inputs were normalized, and precipitation was log-transformed prior to training. A weighted mean 

squared error loss was used to emphasize high-magnitude precipitation and runoff events. The 

model was trained separately for each GCM using its CMIP6 historical outputs as input and ERA5 

as the observational target, with a 31-year training, 4-year validation and 4-year test splits. Early 

stopping and checkpointing were applied to select the best-performing model. To preserve future 

trends while correcting biases in model projections, the SRDRN outputs were post-processed using 

QDM. This method adjusts projected values by transferring the quantile delta between future and 

historical GCM simulations onto the observed (ERA5) distribution. Bias correction was applied 

independently to each grid cell using a ±45-day moving window to retain seasonal variation. For 

strictly positive variables like precipitation and runoff, a multiplicative correction was applied, 

with a trace threshold of 5×10⁻⁵ and a maximum correction ratio of 2.0 to ensure numerical 

stability. Values below the trace were left-censored. The QDM step was applied to daily SRDRN-

downscaled projections from 2015 to 2100, separately for each GCM, variable, and scenario. The 

Structural Similarity Index (SSIM) was further computed to assess the quality of the downscaled 

image by comparing it to the original, high-resolution reference image (ERA5) for the test period. 

 

3.3.2 Streamflow Prediction (X-CNN-LSTM) 

 

We developed a hybrid explainable deep learning model that integrates convolutional neural 

networks (CNNs) and a long short-term memory (LSTM) network to predict daily streamflow. 

This architecture, hereafter referred to as X-CNN-LSTM, leverages the ability of CNNs to capture 

spatial heterogeneity in gridded hydroclimatic variables, the ability of LSTMs to model sequential 

dependencies in runoff generation processes, and saliency maps for explainability. Below provides 
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a detailed description of data preparation and model inputs, model architecture, model training and 

hyperparameter tuning, and saliency-based explainability.  

 

3.3.2.1 Data Preparation and Model Inputs 

Hydroclimatic predictors consisted of daily gridded precipitation (pr), surface runoff (mrro), and 

soil moisture (mrsos), obtained from ERA5 reanalysis and SRDRN–QDM downscaled CMIP6 

simulations. Data were clipped to the respective basin extents, aggregated to daily resolution, and 

divided into training, validation, and testing periods. The training period spanned 1976–2004 for 

the Alabama and Tombigbee basins (14,235 days) and 1978–2004 for the ACF Basin (13,505 

days), followed by a validation period (2005–2009; 1,825 days) and a testing period (2010–2014; 

1,825 days). 

To capture short-term temporal dependencies, rolling sequences of seven consecutive days were 

created for each predictor, producing model inputs with tensor shape: 

𝑋 ∈ ℝ𝐵×𝑇×𝐶×𝐻×𝑊 

where 𝐵 is the batch size, 𝑇 the sequence length, 𝐶 = 3 the number of climate variables or 

channels, and 𝐻 × 𝑊 the basin-specific grid sizes (18 × 18 for Alabama, 15 × 15 for Tombigbee, 

24 × 12 for ACF). Precipitation values were log-transformed to reduce skewness and all predictors 

were standardized using the training set mean (𝜇𝑡𝑟𝑎𝑖𝑛) and standard deviation (𝜎𝑡𝑟𝑎𝑖𝑛): 

𝑥′ =
𝑥 − 𝜇𝑡𝑟𝑎𝑖𝑛,𝑐 

𝜎𝑡𝑟𝑎𝑖𝑛,𝑐
 

The target variable was daily river discharge at the final day of each sequence, standardized using 

training-period statistics. 
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3.3.2.2 Model Architecture 

The X-CNN-LSTM integrates a convolutional neural network (CNN) for spatial feature extraction 

with a long short-term memory (LSTM) network for temporal modeling. 

For each day in the input sequence, CNN applies a series of two-dimensional convolutions. A 2D 

convolution operation is defined as: 

𝑦(𝑐𝑜𝑢𝑡, ℎ, 𝑤) = ∑ ∑ ∑ 𝑥(𝑐𝑖𝑛, ℎ + 𝑖, 𝑤 + 𝑗)

𝐾𝑤−1

𝑗=0

 𝑤

𝐾ℎ−1

𝑖=0

𝐶𝑖𝑛−1

𝑐𝑖𝑛=0

(𝑐𝑜𝑢𝑡, 𝑐𝑖𝑛, 𝑖, 𝑗) +  𝑏(𝑐𝑜𝑢𝑡) 

where 𝑐𝑖𝑛 and 𝑐𝑜𝑢𝑡 are input and output channels, 𝐾ℎ and 𝐾𝑤 are kernel height and width, 𝑥 is the 

input feature map, and 𝑤, 𝑏 are learnable weights and biases. All convolutional layers used a kernel 

size of 3 × 3, stride of 1, and padding of 1 to preserve spatial dimensions. 

Following each convolution, a Rectified Linear Unit (ReLU) activation is applied to introduce 

non-linearity: 

𝑅𝑒𝐿𝑈(𝑧) = 𝑚𝑎𝑥 (0, 𝑧)  

Spatial downsampling is performed using max pooling after convolutional layers: 

𝑦(𝑐, ℎ, 𝑤) = max
(𝑖,𝑗)∈𝑃(ℎ,𝑤)

𝑥(𝑐, 𝑖, 𝑗) 

where 𝑃(ℎ, 𝑤) denotes the set of positions in the pooling window. Max pooling had a pooling 

window of 2 × 2 with stride 2 to reduce spatial resolution by half. 

Dropout was applied after each convolution, and 1 × 1 convolution was used at the final stage to 

condense features. The final CNN output is flattened into a one-dimensional feature vector, 

producing a temporal sequence 𝐹 𝜖 ℝ𝑇×𝐹, where 𝑇 is the sequence length and 𝐹 is the feature size. 

The spatial features extracted were input to a custom LSTM with 32 hidden units for the Alabama, 

64 for the Tombigbee, and 64 for the ACF. The LSTM employed orthogonal weight initialization 

and a forget gate bias of 5 to improve long-term memory retention. Its forward pass is: 
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𝑓𝑡  = 𝜎( 𝑊𝑓𝑥𝑡 +  𝑈𝑓ℎ𝑡−1 +  𝑏𝑓) 

𝑖𝑡 = 𝜎( 𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 +  𝑏𝑖) 

𝑜𝑡 = 𝜎( 𝑊𝑜𝑥𝑡 +  𝑈𝑜ℎ𝑡−1 +  𝑏𝑜) 

𝑔𝑡 =  𝑡𝑎𝑛ℎ(𝑊𝑔𝑥𝑡 + 𝑈𝑔ℎ𝑡−1 +  𝑏𝑔) 

𝑐𝑡 =  𝑓𝑡 ⊙ 𝑐𝑡−1 +  𝑖𝑡 ⊙ 𝑔𝑡 

ℎ𝑡 =  𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ( 𝑐𝑡) 

where 𝑥𝑡 ∈  ℝ𝐹 is the CNN-extracted feature vector at time step 𝑡, ℎ𝑡 ∈  ℝ𝐻 and 𝑐𝑡 ∈  ℝ𝐻 are the 

LSTM hidden and cell states, 𝑓𝑡, 𝑖𝑡, 𝑜𝑡 are the forget, input, and output gate activations, 𝑔𝑡 is the 

candidate cell state, 𝑊∗  and 𝑈∗ are weight matrices, 𝑏∗ are biases, 𝜎 is the sigmoid function, 𝑡𝑎𝑛ℎ 

is the hyperbolic tangent, and ⊙ denotes element-wise multiplication. 

The final hidden state ℎ𝑇  was passed through a fully connected layer to produce the predicted daily 

discharge. Regularization techniques, including dropout, 𝐿1 penalty, and 𝐿2 weight decay, were 

applied to enhance generalization. The entire architecture was implemented in PyTorch and is 

illustrated in Figure 2. 

 

3.3.2.3 Model Training and Hyperparameter Tuning 

Model training was performed using the Adam optimizer, with early stopping based on validation 

loss to prevent overfitting and ensure stable convergence. The mean squared error (MSE) was used 

as the primary loss function, while Kling–Gupta Efficiency (KGE) was monitored as a secondary 

objective to guide model selection. The learning rate scheduler reduced the learning rate when 

validation loss plateaued. Regularization strategies, including dropout, L1 penalty, and L2 weight 

decay, were applied to improve generalization and prevent overfitting.  
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Hyperparameter optimization was performed using RayTune with the Asynchronous Successive 

Halving Algorithm (ASHA), enabling efficient exploration of a multi-dimensional search space. 

The search spanned architectural and training-related parameters, including the number of 

convolutional filters per CNN layer, LSTM hidden size, input sequence length, batch size, learning 

rate, dropout rate, L1 penalty, and weight decay. Separate tuning was conducted for each basin to 

account for basin-specific hydrologic characteristics and model sensitivities. 

All models were trained on the NCAR Casper high-performance computing cluster using A100 

GPUs (80 GB) with 4 CPUs and 4 GPUs allocated per node. Model performance was evaluated 

on the test period using three standard metrics: Kling–Gupta Efficiency (KGE), Nash–Sutcliffe 

Efficiency (NSE), and the coefficient of determination (R²), providing a robust assessment of both 

predictive accuracy and hydrologic realism. 

 

3.3.3 Saliency-Based Explainability 

 

To interpret the spatial and variable-level drivers of streamflow predictions, we employed 

gradient-based saliency analysis. Following the approach of Liu et al., 2023, saliency maps were 

generated by computing the gradients of the model output with respect to the input features using 

PyTorch's autograd backward pass. These gradients quantify input sensitivity, where larger 

magnitudes indicate greater influence on the predicted discharge.  

Saliency maps were computed separately for each hydroclimatic variable—precipitation, runoff, 

and soil moisture—and were averaged across all test samples to obtain consistent spatial patterns. 

For each input sample, the gradient 𝜕𝑦/𝜕𝑥ᵢⱼᵥ was calculated, where 𝑦 denotes the predicted 

streamflow, and 𝑥ᵢⱼᵥ represents the input value at spatial location (𝑖, 𝑗) for variable 𝑣. The gradients 
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were then aggregated across the test period by computing the mean absolute gradient magnitude 

at each spatial location and for each variable.  

The resulting saliency heatmaps reveal which regions and variables the model consistently relied 

upon to generate accurate predictions, thereby highlighting dominant hydrologic drivers and zones 

of influence within each basin. In addition to variable-specific maps, a total saliency map was 

produced by summing gradient magnitudes across all variables at each grid cell to identify the 

most influential spatial zones overall. 

 

3.3.4 Flow Metric Computation and Trend Analysis 

 

To assess hydrologic responses to climate change, we computed nine annual streamflow metrics 

representing five key components of the flow regime: magnitude (annual peak flow, 7-day 

minimum flow), frequency (counts of low- and high-flow events), duration (lengths of high- and 

low-flow pulses), timing (Julian day of annual maximum and minimum flow), and variability 

(coefficient of variation). These metrics were derived from the model-predicted daily streamflow 

series for both historical (1976–2014) and projected future periods (Near Future: 2015–2040, Mid 

Future: 2041–2070, Far Future: 2071–2100), under the SSP2-4.5 and SSP5-8.5 scenarios.  

To quantify long-term changes, linear trends were estimated for each metric using ordinary least 

squares (OLS) regression. Statistical significance was assessed at the p < 0.05 level, enabling 

detection of consistent shifts in flow regime characteristics across time and scenarios. 

 

3.3.5 Comparison with Process-based models and Flood reanalysis datasets  

 

To assess the performance of the X-CNN-LSTM framework, simulated daily river discharge was 

compared with three global reference datasets: the Global Reach-level Flood Reanalysis (GRFR), 
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the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP2a) global water simulations, 

and the Global Flood Awareness System (GloFAS v4.0) hydrological reanalysis. These datasets 

represent widely used process-based and reanalysis products that provide physically consistent 

global-scale discharge estimates and serve as benchmarks for evaluating deep learning–based 

models. This comparison provides insight into how the X-CNN-LSTM performs relative to 

established process-based and reanalysis systems, revealing whether the model captures both the 

observed streamflow and the large-scale hydrologic behavior represented in physically based 

models. This helps evaluate the model’s robustness, physical realism, and suitability as an 

alternative or complementary tool to traditional hydrologic modeling frameworks. 

The GRFR product provides 3-hourly global river discharge and runoff estimates for 2.94 million 

river reaches from 1980–2019, generated by coupling the calibrated Variable Infiltration Capacity 

(VIC) land surface model with the RAPID river routing model using MSWEP and ERA5 

meteorological forcings (Yang et al., 2021). For this study, the daily aggregated GRFR dataset was 

extracted at the nearest river reach corresponding to the selected USGS gauge in each basin. 

The ISIMIP2a global water dataset provides daily discharge simulations from the WaterGAP2-2 

hydrologic model forced by PGMFD v2.1 (Princeton) climate inputs under the nobc configuration 

(no bias correction), following the standardized ISIMIP2a modeling protocol (Gosling et al., 

2023). The ISIMIP2a daily discharge data were available for 1979–2012, and values from the 

nearest grid cell to each basin outlet were extracted to represent large-scale process-based model 

outputs. 

The GloFAS v4.0 reanalysis couples the HTESSEL land surface model and the LISFLOOD 

routing model within the ERA5 reanalysis system to provide global river discharge at 0.1° spatial 
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resolution and daily time step from 1979 to near real time (Grimaldi et al., 2022). The nearest grid 

cell to each basin outlet was extracted from the daily GloFAS v4.0 dataset for comparison. 

All datasets were converted to common units and February 29 was removed to maintain consistent 

non-leap-year calendars. For each basin, observed USGS streamflow, X-CNN-LSTM predictions, 

and the three global datasets were aligned to the common overlapping evaluation period of 1979–

2012. Model performance was evaluated using the coefficient of determination (R²), Kling–Gupta 

efficiency (KGE), and Nash–Sutcliffe efficiency (NSE) computed on paired daily observations 

and simulations. 

 

3.3.6 Effect of climate downscaling and spatial learning 

 

To isolate the influence of deep learning–based downscaling, additional experiments were 

conducted using bilinearly interpolated CMIP6 predictors without applying SRDRN-QDM. 

Historical and future GCM variables (e.g., precipitation, runoff, soil moisture) were spatially 

interpolated from their native coarse grids (1–2°) to basin-scale resolutions (18×18 for Alabama, 

15×15 for Tombigbee, and 24×12 for ACF) using standard bilinear interpolation. The interpolated 

datasets were then used as inputs to the X-CNN-LSTM model under the same preprocessing, 

training, and evaluation settings as the SRDRN-QDM experiments. All model hyperparameters, 

data splits, normalization methods, and performance metrics were kept identical to ensure a 

consistent basis for comparison. 
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Chapter 4 Results 

 

4.1 Model Performance 

 

All X-CNN-LSTM models accurately predicted daily streamflow using ERA5 and SRDRN-QDM 

downscaled CMIP6 inputs (Figure 3 and Table 3). Model predictions closely matched observed 

USGS flows across both basins, with high KGE values during the 2010–2014 test period (up to 

0.825 for Alabama, 0.786 for Tombigbee, and 0.714 for ACF). EC-Earth3 (NorESM2 for ACF) 

yielded the best results among GCMs, while MIROC6 was the weakest, likely due to its coarse 

resolution and the largest scaling ratio (×6 for Alabama, ×5 for Tombigbee, ×4 for ACF). Seasonal 

variability and both high and low flows were well captured across all scenarios, demonstrating the 

model’s reliability and the effectiveness of the downscaling approach. However, a notable 

exception is observed for the ACF Basin in 2012, where the model consistently overpredicted 

flows during a severe regional drought (Rippey, 2015). The exceptionally low precipitation and 

soil moisture that year were outside the model’s typical training range, leading to higher predicted 

flows than observed. 

Table 3 Performance of the X-CNN-LSTM model in predicting daily streamflow for the Alabama, Tombigbee, and ACF River 

Basins over the test period (2010–2014) using ERA5 reanalysis and SRDRN-QDM downscaled, bias-corrected CMIP6 

predictors. Metrics include Kling–Gupta Efficiency (KGE), Nash–Sutcliffe Efficiency (NSE), and coefficient of determination 

(R²). ERA5 and EC-Earth3 yielded the highest overall predictive skill across both basins. 

Basins Alabama Tombigbee ACF 

Predictors KGE NSE R2 KGE NSE R2 KGE NSE R2 

ERA5 0.825 0.676 0.693 0.786 0.675 0.678 0.714 0.69 0.7 

NorESM2 0.757 0.568 0.631 0.724 0.637 0.641 0.736 0.69 0.707 

MIROC6 0.72 0.571 0.602 0.653 0.438 0.469 0.581 0.646 0.707 

ECEarth3 0.797 0.624 0.67 0.769 0.644 0.65 0.607 0.604 0.627 

NOAAGFDL 0.761 0.585 0.608 0.737 0.594 0.602 0.729 0.683 0.691 

 



24 

 

 

Figure 3 Observed and X-CNN-LSTM predicted daily river discharge (kcfs) for the (a) Alabama, (b) Tombigbee, and (c) ACF 

River Basins during the 2010–2014 test period. The black solid line indicates observed USGS streamflow, while colored dashed 

lines show model predictions using ERA5 (red), NorESM2 (green), MIROC6 (blue), EC-Earth3 (orange), and NOAAGFDL 

(purple). Kling–Gupta Efficiency (KGE) values are reported for the 2010–2014 test period. A 30-day rolling mean is applied for 

visualization purposes only. Flows shown in kcfs, where 1 kcfs = 1,000 cfs. 

The X-CNN-LSTM model was also applied to reconstruct long-term streamflow using ERA5 

inputs for the full historical period (1940–2014), extending beyond the training range (Figure 4). 

The model closely reproduced observed USGS discharge throughout the reconstruction, training, 

validation, and test periods, with Kling–Gupta Efficiency (KGE) values of 0.84, 0.90, and 0.77 for 

the Alabama, Tombigbee, and ACF Rivers respectively. The reported KGE values correspond only 

to the periods where observed USGS discharge data were available. The model captured seasonal 

and interannual variability well across reconstructed, training, validation, and test periods, 

demonstrating strong generalization and reliability for historical discharge modeling. 
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Figure 4 Observed and X-CNN-LSTM predicted daily streamflow for the (a) Alabama River, (b) Tombigbee River, and (c) ACF 

River from 1940–2014. Blue lines indicate observed USGS flows and red lines represent model predictions. The shaded regions 

denote reconstructed (blue), training (green), validation (yellow), and testing (red) periods. Kling–Gupta Efficiency (KGE) 

values are shown for the overlapping period. Flows shown in kcfs, where 1 kcfs = 1,000 cfs. 

The model was also compared with standalone CNN and LSTM models configured with 

identical hyperparameters to assess the benefit of combining spatial and temporal feature 

learning Table 4. The hybrid X-CNN-LSTM achieved the highest performance across all basins, 

with KGE values of 0.825, 0.786, and 0.714 for the Alabama, Tombigbee, and ACF Rivers, 
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respectively, outperforming the LSTM (0.815, 0.765, 0.598) and CNN (0.716, 0.599, 0.660) 

models. This improvement highlights the advantage of integrating convolutional spatial 

representations with temporal sequence learning for simulating complex hydroclimatic 

dependencies in river discharge. 

Table 4 Comparison of streamflow prediction performance for the combined X-CNN-LSTM model versus standalone LSTM and 

CNN models during the 2010–2014 test period. Evaluation metrics include Kling–Gupta Efficiency (KGE), Nash–Sutcliffe 

Efficiency (NSE), and coefficient of determination (R²) for the Alabama, Tombigbee, and ACF River Basins. The combined model 

shows improved predictive skill and provides added interpretability through saliency maps. 

Basins Alabama Tombigbee ACF 
Predictors KGE NSE R2 KGE NSE R2 KGE NSE R2 
CNN-LSTM 0.825 0.676 0.693 0.786 0.675 0.678 0.714 0.690 0.700 
LSTM 0.815 0.698 0.703 0.765 0.675 0.676 0.598 0.609 0.661 
CNN 0.716 0.494 0.544 0.599 0.464 0.469 0.660 0.664 0.686 

 

4.2 Saliency-Based Explainability Analysis 

 

Gradient-based saliency maps (Figure 5) reveal that runoff is the most influential variable across 

all basins. Soil moisture is the next most dominant factor in the Alabama and Tombigbee Basins, 

whereas precipitation ranks second in importance for the ACF Basin.  

The saliency maps were compared with LUH2 land-use (Hurtt et al., 2020), NLDAS soil texture 

(Xia et al., 2012), and USGS Principal Aquifer (USGS, 2023) datasets to evaluate the physical 

realism of the model’s spatial sensitivities and ensure that the highlighted regions correspond to 

actual hydrogeophysical controls such as soil type, land cover, and underlying aquifer systems. 

In the Alabama Basin, high-saliency zones coincide with pasture and rangeland areas underlain by 

silt loam soils, mainly over the Piedmont and Blue Ridge carbonate and Valley and Ridge aquifers 

(Figure 6). This pattern suggests strong runoff sensitivity due to compacted soils and shallow 

carbonate formations. In the Tombigbee Basin, salient regions are concentrated over cropland, 

rangeland, and urban areas with silty loam and silty clay soils, reflecting enhanced influence from 

both soil moisture storage and impervious surface runoff (Figure 7). In the ACF Basin, high 
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saliency appears over cropland and urban zones with sandy loam soils, associated with the Surficial 

Aquifer System in the south and Piedmont and Blue Ridge crystalline-rock aquifers in the north 

(Figure 8). However, some irrigated croplands exhibited reduced sensitivity, likely because 

irrigation weakens the direct linkage between precipitation, soil moisture, and runoff generation. 

Regions underlain by finer-textured soils with higher water-holding capacity (e.g., silty loam and 

silty clay) exhibit greater sensitivity to soil moisture, as these soils promote storage retention and 

slower drainage, allowing moisture anomalies to persist and influence evapotranspiration and 

runoff generation. Conversely, coarse-textured or sandy soils with limited storage capacity show 

weaker sensitivities due to rapid infiltration and drainage. The spatial coherence of saliency 

patterns with LUH2, NLDAS, and USGS datasets confirms that the X-CNN-LSTM model 

captures physically consistent and hydrologically interpretable dependencies, successfully 

representing the coupled effects of soil texture, land cover, and aquifer systems that govern 

streamflow generation across the three coastal basins. 
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Figure 5 Saliency maps for Alabama (a, b, c, d), Tombigbee (e, f, g, h), and ACF (i, j, k, l) River Basins showing model sensitivity 

to precipitation, runoff, and soil moisture inputs, as well as combined total saliency (sum), based on ERA5 Reanalysis Climate 

data. Colors represent backpropagated gradient magnitudes over the historical period (1976–2014), indicating the relative 

influence of each variable on streamflow predictions 
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Figure 6 Comparison of model saliency and physiographic factors for the Alabama River Basin. (a) Combined saliency map 

from the X-CNN-LSTM model showing spatial sensitivity of predicted discharge to hydroclimatic inputs. Panels (b–f) illustrate 

corresponding basin attributes: (b) pasture, (c) rangeland, (d) urban land use (LUH2 dataset), (e) dominant soil texture (NLDAS 

dataset), and (f) principal aquifer systems (USGS Aquifers shapefile) 
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Figure 7 Comparison of model saliency and physiographic factors for the Tombigbee River Basin. (a) Combined saliency map 

from the X-CNN-LSTM model showing spatial sensitivity of predicted discharge to hydroclimatic inputs. Panels (b–f) illustrate 

corresponding basin attributes: (b) croplands, (c) rangeland, (d) urban land use (LUH2 dataset), (e) dominant soil texture 

(NLDAS dataset), and (f) principal aquifer systems (USGS Aquifers shapefile) 
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Figure 8 Comparison of model saliency and physiographic factors for the ACF River Basin. (a) Combined saliency map from the 

X-CNN-LSTM model showing spatial sensitivity of predicted discharge to hydroclimatic inputs. Panels (b–f) illustrate 

corresponding basin attributes: (b) croplands, (c) irrigated lands, (d) urban land use (LUH2 dataset), (e) dominant soil texture 

(NLDAS dataset), and (f) principal aquifer systems (USGS Aquifers shapefile) 

 

4.3 Comparison with Process-based models and Flood reanalysis datasets 

 

Compared to benchmark process-based models, the X-CNN-LSTM demonstrated markedly 

superior skill in reproducing observed streamflow across all three basins during the overlapping 
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evaluation period (1979–2012) (Table 5 and Figure 9). The model achieved Kling–Gupta 

Efficiency (KGE) values of 0.854, 0.925, and 0.784 for the Alabama, Tombigbee, and ACF 

Rivers, respectively, with corresponding NSE values of 0.747–0.912 and R² values of 0.753–

0.912. In contrast, ISIMIP showed lower skill (KGE = 0.767, 0.629, 0.515), GRFR performed 

moderately (KGE = 0.597, 0.637, 0.806), and GloFAS performed comparably but slightly 

weaker in most basins (KGE = 0.792, 0.795, 0.692). Overall, the X-CNN-LSTM more accurately 

captured both the magnitude and variability of daily discharge, outperforming current reanalysis-

based and process-based models, and serving as a robust data-driven complement to these 

hydrologic modeling systems.  

Table 5 Comparison of streamflow prediction performance between the X-CNN-LSTM model using ERA5 inputs and three 

benchmark products including the Global Reach-level Flood Reanalysis GRFR, the process-based ISIMIP WaterGAP2 model, 

and the GloFAS hydrological reanalysis over their overlapping period 1979 to 2012. Metrics include Kling–Gupta Efficiency 

(KGE), Nash–Sutcliffe Efficiency (NSE), and coefficient of determination (R²) for the Alabama, Tombigbee, and ACF River 

Basins. The X-CNN-LSTM model outperforms most benchmark models. 

Basins Alabama Tombigbee ACF 
Model KGE NSE R² KGE NSE R² KGE NSE R² 

X-CNN-LSTM 0.854 0.747 0.753 0.925 0.912 0.912 0.784 0.73 0.732 
GRFR 0.597 0.375 0.41 0.637 0.399 0.442 0.806 0.62 0.652 

GloFAS 0.792 0.654 0.663 0.795 0.653 0.664 0.692 0.411 0.601 
ISIMIP 0.767 0.59 0.635 0.629 0.617 0.631 0.515 0.028 0.491 
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Figure 9 Comparison of streamflow prediction performance between the X-CNN-LSTM model using ERA5 inputs and three 

benchmark products including the Global Reach-level Flood Reanalysis GRFR, the process-based ISIMIP WaterGAP2 model, 

and the GloFAS hydrological reanalysis over their overlapping period 1979 to 2012. Metrics include Kling–Gupta Efficiency 

(KGE), Nash–Sutcliffe Efficiency (NSE), and coefficient of determination (R²) for the Alabama, Tombigbee, and ACF River 

Basins. A 30-day rolling mean is applied for visualization purposes only. Flows shown in kcfs, where 1 kcfs = 1,000 cfs. 

 

4.4 Effect of climate downscaling and spatial learning 

 

Structural Similarity Index Measures (SSIM) confirmed that the SRDRN-QDM downscaling and 

bias correction effectively preserved spatial structures across climate variables, with mean SSIM 

values exceeding 0.96 for soil moisture and ranging from 0.64–0.93 for runoff and 0.46–0.89 for 

precipitation (Table 6). Results maps before and after the correction are shown in Figure 10, Figure 

11, Figure 12, and Figure 13. 

The SRDRN-QDM approach also showed a substantial improvement in predictive performance 

compared to bilinear interpolation, increasing Kling–Gupta Efficiency (KGE) by an average of 
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approximately 450% across all models and basins (Table 7). The largest gains were observed for 

MIROC6 and ECEarth3, where KGE improvements exceeded 700–1500%, while even the lowest 

improvements surpassed 80%. These results demonstrate that SRDRN-QDM markedly enhances 

spatial fidelity and hydroclimatic realism, providing more consistent and physically meaningful 

inputs for downstream streamflow modeling. 

Table 6 Structural Similarity Index Measure (SSIM) values for downscaled hydroclimate variables across CMIP6 models and 

river basins. Values indicate spatial agreement between SRDRN-downscaled CMIP6 outputs and ERA5 reference data over the 

test period (2010–2014). Higher SSIM values reflect better structural fidelity. Soil moisture consistently shows the highest 

similarity, while precipitation exhibits greater variability across models and basins. 

GCM Variable Alabama Tombigbee ACF 

MIROC6 Precipitation  0.682 0.503 0.790  
Runoff  0.668 0.665 0.666  
Soil Moisture  0.963 0.969 0.975 

ECEarth3 Precipitation  0.696 0.462 0.781  
Runoff  0.821 0.641 0.927  
Soil Moisture  0.979 0.976 0.991 

NorESM2 Precipitation  0.745 0.604 0.887  
Runoff  0.804 0.661 0.882  
Soil Moisture  0.977 0.980 0.989 

NOAAGFDL Precipitation  0.744 0.497 0.749  
Runoff  0.718 0.699 0.758  
Soil Moisture  0.990 0.975 0.996 

 

 

Table 7 Comparison of streamflow prediction skill using SRDRN-QDM downscaled and bias-corrected CMIP6 predictors versus 

bilinearly interpolated CMIP6 inputs over the 2010–2014 test period. Metrics reported are Kling–Gupta Efficiency (KGE), 

Nash–Sutcliffe Efficiency (NSE), and coefficient of determination (R²) for the Alabama, Tombigbee, and ACF River Basins. 

SRDRN-QDM significantly improves model performance relative to bilinear interpolation across all models and basins. 

Basins CMIP6 Models SRDRN-QDM Bilinear Interpolation Percent improvement in 
KGE KGE NSE R2 KGE NSE R2 

Alabama NorESM2 0.757 0.568 0.631 0.4 0.127 0.21 89.25% 
MIROC6 0.72 0.571 0.602 0.233 0.111 0.142 209.01% 
ECEarth3 0.797 0.624 0.67 0.098 -0.039 0.071 713.27% 
NOAAGFDL 0.761 0.585 0.608 0.215 0.113 0.14 253.95% 

Tombigbee NorESM2 0.724 0.637 0.641 0.342 -0.018 0.146 111.70% 
MIROC6 0.653 0.438 0.469 0.187 -0.054 0.075 249.20% 
ECEarth3 0.769 0.644 0.65 0.093 0.029 0.125 726.88% 
NOAAGFDL 0.737 0.594 0.602 0.291 -0.063 0.124 153.26% 

ACF NorESM2 0.736 0.69 0.707 0.121 -0.135 0.047 508.26% 
MIROC6 0.581 0.646 0.707 0.035 0.01 0.074 1560.00% 
ECEarth3 0.607 0.604 0.627 0.165 -0.01 0.078 267.88% 
NOAAGFDL 0.729 0.683 0.691 0.107 -0.21 0.042 581.31% 
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Figure 10 SRDRN-QDM downscaling and bias correction applied to CMIP6 model NorESM2 for the Tombigbee Basin. 

Similarity Index Measures (SSIMs), shown in the lower right corners, quantify the fidelity of the downscaled outputs relative to 

ERA5 observations. The rectangular appearance of the input grid reflects the original NorESM2 grid structure (1.25°× 0.95°), 

which results in coarse, non-square domains before downscaling. 

 
Figure 11 SRDRN-QDM downscaling and bias correction applied to CMIP6 model MIROC6 for the Tombigbee Basin. Similarity 

Index Measures (SSIMs), shown in the lower right corners, quantify the fidelity of the downscaled outputs relative to ERA5 

observations. 
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Figure 12 SRDRN-QDM downscaling and bias correction applied to CMIP6 model ECEarth3 for the Tombigbee Basin. 

Similarity Index Measures (SSIMs), shown in the lower right corners, quantify the fidelity of the downscaled outputs relative to 

ERA5 observations. 

 
Figure 13 SRDRN-QDM downscaling and bias correction applied to CMIP6 model NOAAGFDL for the Tombigbee Basin. 

Similarity Index Measures (SSIMs), shown in the lower right corners, quantify the fidelity of the downscaled outputs relative to 

ERA5 observations. The rectangular appearance of the input grid reflects the original NOAAGFDL grid structure (1.25°× 1°), 

which results in coarse, non-square domains before downscaling. 

 

4.5 Projected Flow Regime Changes 

 

Future projections from the X-CNN-LSTM simulations highlight consistent but basin-specific 

changes in flow regime characteristics under both SSP2-4.5 and SSP5-8.5. Trends for each basin 

are explained in the following sections. The slope and p-values for each metric for SSP2-4.5 and 

SSP5-8.5 are shown in Table 8 and Table 9 respectively. 
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Table 8 Trends in annual flow metrics for the Alabama, Tombigbee, and ACF River Basins over the future projection period 

(2021–2100) based on X-CNN-LSTM simulations using downscaled and bias-corrected CMIP6 predictors under the SSP2-4.5 

scenario. Reported values include the slope the linear trend (per year) and associated p-values. Statistically significant trends (p 

< 0.05, highlighted bold) are observed for declining peak and minimum flows, increasing frequency of low flow events, 

decreasing low flow duration in Alabama, and decreasing high flow duration in Tombigbee. 

Basins Alabama Tombigbee ACF 
Flow metrics Slope p-value Slope p-value Slope p-value 
Peak Flow (cfs/yr) -73.279 0.107 -142.637 0.039 130.336 0.024 
7 Day Minimum Flow (cfs/yr) -1.469 0.131 -2.807 0.047 -13.534 0.000 
High Flow Events (counts/yr) -0.005 0.292 -0.019 0.000 0.039 0.000 
High Flow Duration (days/yr) 0.000 0.993 0.003 0.851 -0.141 0.001 
Low Flow Events (counts/yr) 0.051 0.000 0.045 0.000 0.044 0.000 
Low Flow Duration (days/yr) -0.025 0.034 -0.029 0.009 -0.045 0.009 
Julian day of Maximum Flow (Julian days/yr) 0.059 0.641 0.171 0.142 0.205 0.183 
Julian day of Minimum Flow (Julian days/yr) -0.059 0.361 -0.089 0.219 0.014 0.882 
Coefficient of Variation Flow (/yr) 0.001 0.010 0.001 0.006 0.001 0.001 

 

Table 9 Trends in annual flow metrics for the Alabama, Tombigbee, and ACF River Basins over the future projection period 

(2021–2100) based on X-CNN-LSTM simulations using downscaled and bias-corrected CMIP6 predictors under the SSP5-8.5 

scenario. Reported values include the slope the linear trend (per year) and associated p-values. Statistically significant trends (p 

< 0.05, highlighted bold) are observed for declining peak and minimum flows, increasing frequency of low flow events, 

decreasing low flow duration in Alabama, and decreasing high flow duration in Tombigbee. 

Basins Alabama Tombigbee ACF 
Flow metrics Slope p-value Slope p-value Slope p-value 
Peak Flow (cfs/yr) 67.638 0.125 29.609 0.652 229.901 0.000 
7 Day Minimum Flow (cfs/yr) -1.106 0.244 -3.051 0.047 -10.929 0.001 
High Flow Events (counts/yr) 0.005 0.315 -0.016 0.001 0.047 0.000 
High Flow Duration (days/yr) 0.019 0.296 0.039 0.036 -0.136 0.002 
Low Flow Events (counts/yr) 0.050 0.000 0.042 0.000 0.037 0.000 
Low Flow Duration (days/yr) -0.034 0.008 -0.027 0.013 -0.054 0.002 
Julian day of Maximum Flow (Julian days/yr) 0.172 0.174 0.146 0.244 0.246 0.104 
Julian day of Minimum Flow (Julian days/yr) -0.110 0.086 -0.093 0.166 0.085 0.438 
Coefficient of Variation Flow (/yr) 0.001 0.000 0.001 0.000 0.001 0.000 

 

4.5.1 Projected Flows: Alabama River Basin  

 

The projected changes (Δ = Future – Historical) in flow metrics under future climate scenarios 

(SSP2-4.5 and SSP5-8.5) relative to the historical period for the Alabama River Basin are shown 

in Figure 14. The slope and p-values for each metric for SSP2-4.5 and SSP5-8.5 are shown in   
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Table 8 and Table 9 respectively. 

Future projections for the Alabama River Basin indicate notable shifts in flow regime 

characteristics, though the magnitude and direction of change vary across metrics and climate 

models. Peak flows show no robust long-term trend, with NorESM2 and MIROC6 suggesting 

modest increases while EC-Earth3 and NOAA GFDL project stability or even large negative 

extremes; linear trend analysis confirms the absence of significant changes under both SSP2-4.5 

and SSP5-8.5. High-flow frequency and duration are likewise uncertain: MIROC6 indicates an 

increase in high-flow counts and NorESM2 suggests longer high-flow durations, but ensemble 

medians generally remain close to the historical baseline and long-term slopes are not statistically 

significant. 

By contrast, low-flow metrics exhibit more consistent and statistically significant changes. The 7-

day minimum flow shows mixed signals across models, with NorESM2 and MIROC6 occasionally 

projecting slight increases but EC-Earth3 and GFDL leaning toward reductions; trend analysis 

indicates a weak but nonsignificant decline in low flows under both emission pathways. More 

importantly, the frequency of low-flow events increases significantly across scenarios, with 

positive slopes (~0.05 events per year, p < 0.001), consistent with boxplot evidence of more 

frequent drought episodes. At the same time, the duration of individual low-flow events decreases 

significantly (–0.025 to –0.034 days per year, p < 0.05), indicating shorter but more frequent 

drought periods. 

Timing metrics display substantial variability but limited robust shifts. The Julian day of maximum 

flow remains largely unchanged, while the Julian day of minimum flow trends slightly earlier 

(negative slopes), although changes are not statistically significant. Flow variability, measured by 

the coefficient of variation, shows one of the strongest signals: both boxplots and trend analysis 
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reveal a significant increase under SSP2-4.5 and SSP5-8.5 (p ≤ 0.01), reflecting a transition toward 

a more erratic flow regime with stronger year-to-year fluctuations. 

Overall, the projections in the Alabama River Basin suggest that while flood-related changes 

remain highly uncertain, the Alabama Basin will likely experience more frequent and shorter low-

flow episodes, modest declines in baseflows, and significantly greater variability in river 

discharge, particularly under high-emission scenarios. These changes highlight an increased risk 

of hydrologic stress for ecosystems and water management in the basin.  

 

Figure 14 Projected changes (Δ = Future – Historical) in annual Flow Regime Metrics for the Alabama River under SSP2-4.5 

and SSP5-8.5 scenarios for Near Future (2015–2040), Mid Future (2041–2070), and Far Future (2071–2100) relative to the 

Historical period (1976–2014). Metrics include: (a) Peak Flow, (b) High Flow Event Counts, (c) High Flow Duration, (d) 7-Day 

Minimum Flow, (e) Low Flow Event Counts, (f) Low Flow Duration, (g) Coefficient of Variation, (h) Julian Day of Annual 

Maximum Flow (JmaxF), and (i) Julian Day of Annual Minimum Flow (JminF). Boxplots show results from four CMIP6 GCMs 

(NorESM2, MIROC6, EC-Earth3, NOAA GFDL-CM4), with changes expressed relative to Historical values. 
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4.5.2 Projected Flows: Tombigbee River Basin 

 

The projected changes (Δ = Future – Historical) in flow metrics under future climate scenarios 

(SSP2-4.5 and SSP5-8.5) relative to the historical period for the Tombigbee River Basin are shown 

in Figure 15. The slope and p-values for each metric for SSP2-4.5 and SSP5-8.5 are shown in 

Table 8 and Table 9 respectively. 

For the Tombigbee River Basin, future streamflow projections indicate notable shifts in both high- 

and low-flow regimes, though with substantial inter-model variability. Peak flows show a split 

response: NorESM2 and NOAA-GFDL project consistent declines, while MIROC6 suggests large 

increases and EC-Earth3 points to smaller increases, leading to high overall uncertainty. Ensemble 

trend analysis under SSP2-4.5, however, shows a statistically significant long-term decline in peak 

flows (–142.6 cfs/yr, p = 0.039), while no robust trend is detected under SSP5-8.5. High flow 

counts are projected to decrease across most models, most strongly in MIROC6, EC-Earth3, and 

NOAA-GFDL, with the ensemble confirming significant declines under both SSP2-4.5 (–0.019 

events/yr, p < 0.001) and SSP5-8.5 (–0.016 events/yr, p < 0.05). High flow durations are more 

uncertain: NorESM2 suggests substantial lengthening of flood events, while NOAA-GFDL 

projects shorter durations; ensemble results show no significant trend under SSP2-4.5 but a 

significant increase under SSP5-8.5 (+0.039 days/yr, p < 0.05), implying that fewer but longer 

flood episodes may occur under higher emissions. 

Low-flow conditions exhibit clearer and more consistent signals. Both MIROC6 and EC-Earth3 

project declines in 7-day minimum flows, indicating intensified drought severity, while NorESM2 

projects increases, suggesting less severe lows, and GFDL remains near neutral. The ensemble 

nonetheless shows significant long-term declines in minimum flows under both SSP2-4.5 (–2.8 

cfs/yr, p < 0.05) and SSP5-8.5 (–3.1 cfs/yr, p < 0.05). Low flow events are projected to increase 



41 

 

in all models, with MIROC6 and EC-Earth3 showing the strongest rises, and ensemble trends 

confirm significant increases under both scenarios (SSP2-4.5: +0.045 events/yr, p < 0.001; SSP5-

8.5: +0.042 events/yr, p < 0.001). In contrast, low flow durations generally shorten, and the 

ensemble confirms significant decreases under SSP2-4.5 (–0.029 days/yr, p < 0.05) and SSP5-8.5 

(–0.027 days/yr, p < 0.05), pointing to more frequent but briefer drought episodes. 

Flow variability, measured by the coefficient of variation, shows significant increases in the 

ensemble under both SSP2-4.5 and SSP5-8.5 (p < 0.01), with MIROC6 driving the strongest 

positive shifts, while NorESM2 projects modest declines. Timing indices show weaker and less 

consistent signals: JmaxF (day of peak flow) tends to shift later in NorESM2 and MIROC6 but 

remains near stable in EC-Earth3 and GFDL, while JminF (day of minimum flow) shifts slightly 

earlier in MIROC6, EC-Earth3, and GFDL, though trends are not statistically significant. Overall, 

the ensemble suggests that Tombigbee will experience declining peaks, worsening low flows, 

fewer but longer flood events under high emissions, and more frequent drought episodes, leading 

to increased hydroclimatic variability and greater extremes in the basin. 
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Figure 15 Projected changes (Δ = Future – Historical) in annual Flow Regime Metrics for the Tombigbee River under SSP2-4.5 

and SSP5-8.5 scenarios for Near Future (2015–2040), Mid Future (2041–2070), and Far Future (2071–2100) relative to the 

Historical period (1976–2014). Metrics include: (a) Peak Flow, (b) High Flow Event Counts, (c) High Flow Duration, (d) 7-Day 

Minimum Flow, (e) Low Flow Event Counts, (f) Low Flow Duration, (g) Coefficient of Variation, (h) Julian Day of Annual 

Maximum Flow (JmaxF), and (i) Julian Day of Annual Minimum Flow (JminF). Boxplots show results from four CMIP6 GCMs 

(NorESM2, MIROC6, EC-Earth3, NOAA GFDL-CM4), with changes expressed relative to Historical values. 

 

4.5.3 Projected Flows: ACF River Basin 

 

The projected changes (Δ = Future – Historical) in flow metrics under future climate scenarios 

(SSP2-4.5 and SSP5-8.5) relative to the historical period for the ACF River Basin are shown in 

Figure 16. The slope and p-values for each metric for SSP2-4.5 and SSP5-8.5 are shown in Table 

8 and Table 9 respectively. 

Future streamflow projections for the ACF River Basin reveal statistically significant and 

directionally consistent shifts in both high- and low-flow characteristics under SSP2-4.5 and SSP5-
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8.5. Peak flows show robust and significant long-term increases, with ensemble slopes of +130 cfs 

yr⁻¹ (p < 0.05) under SSP2-4.5 and +230 cfs yr⁻¹ (p < 0.001) under SSP5-8.5. All four GCMs 

indicate positive median changes, though magnitudes vary, with EC-Earth3 and NorESM2 

showing the strongest increases, MIROC6 projecting moderate gains, and NOAA-GFDL 

remaining positive but with wider variability. This consistent rise in annual peaks points to an 

intensification of flood magnitudes, particularly under high-emission conditions. High-flow 

frequency also increases markedly across models, with ensemble medians well above the historical 

baseline and significant positive slopes (+0.039 events yr⁻¹, p < 0.001 for SSP2-4.5; +0.047 events 

yr⁻¹, p < 0.001 for SSP5-8.5). NorESM2 and EC-Earth3 drive the strongest responses, while all 

models agree on a net increase in flood-event occurrence. 

In contrast, high-flow durations shorten significantly (–0.14 days yr⁻¹, p < 0.01 for SSP2-4.5; –

0.136 days yr⁻¹, p < 0.01 for SSP5-8.5), indicating that floods are projected to become more 

frequent but briefer. MIROC6, EC-Earth3, and GFDL exhibit clear negative medians, while 

NorESM2 shows a few positive outliers but remains near neutral on average. Together, these 

patterns suggest a shift toward flashier flood regimes characterized by increased frequency and 

reduced duration of high-flow events. 

Low-flow indicators exhibit even stronger and more coherent signals of hydrologic stress. The 7-

day minimum flow declines significantly across both scenarios (–13.5 cfs yr⁻¹, p < 0.001; –10.9 

cfs yr⁻¹, p < 0.001), with EC-Earth3 and MIROC6 showing the most pronounced reductions, while 

NorESM2 and GFDL remain mildly negative. Low-flow event frequency increases sharply in all 

models (+0.044 events yr⁻¹, p < 0.001; +0.037 events yr⁻¹, p < 0.001), accompanied by significant 

decreases in duration (–0.045 to –0.054 days yr⁻¹, p < 0.01). These results collectively indicate that 
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droughts in the ACF Basin will occur more often but last fewer days, with deeper and more 

frequent reductions in baseflow. 

Flow variability, measured by the coefficient of variation, increases significantly under both 

scenarios (+0.00085 yr⁻¹, p < 0.01; +0.00113 yr⁻¹, p < 0.001), confirming a robust intensification 

of interannual discharge fluctuations. EC-Earth3 and NorESM2 show the largest positive shifts, 

while MIROC6 and GFDL also trend upward, underscoring a general transition toward greater 

hydroclimatic instability. Timing indices show weaker and less consistent patterns: the Julian day 

of maximum flow (JmaxF) tends to occur slightly later (+0.20 to +0.25 days yr⁻¹), whereas the 

Julian day of minimum flow (JminF) remains nearly unchanged, and neither trend is statistically 

significant. 

Taken together, the ensemble projects a distinct dual intensification of hydrologic extremes in the 

ACF Basin, with higher and more frequent floods coupled with shorter, more recurrent droughts, 

accompanied by a measurable rise in discharge variability. These trends highlight increasing 

hydrologic volatility across the basin, suggesting growing challenges for water allocation, 

ecosystem stability, and flood and drought management under future warming. 
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Figure 16 Projected changes (Δ = Future – Historical) in annual Flow Regime Metrics for the Apalachicola-Chattahoochee-

Flint (ACF) River under SSP2-4.5 and SSP5-8.5 scenarios for Near Future (2015–2040), Mid Future (2041–2070), and Far 

Future (2071–2100) relative to the Historical period (1976–2014). Metrics include: (a) Peak Flow, (b) High Flow Event Counts, 

(c) High Flow Duration, (d) 7-Day Minimum Flow, (e) Low Flow Event Counts, (f) Low Flow Duration, (g) Coefficient of 

Variation, (h) Julian Day of Annual Maximum Flow (JmaxF), and (i) Julian Day of Annual Minimum Flow (JminF). Boxplots 

show results from four CMIP6 GCMs (NorESM2, MIROC6, EC-Earth3, NOAA GFDL-CM4), with changes expressed relative to 

Historical values. 
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Chapter 5 Discussion and Conclusions 

 

This study contributes to growing efforts in hydrologic deep learning that jointly leverage spatial 

and temporal features (Li et al., 2022; Pokharel & Roy, 2024; Workneh & Jha, 2025) and embed 

physical insight and interpretability into neural architectures (Liu et al., 2023). Here, we extend 

these advances to the climate-projection context, demonstrating an explainable and high-resolution 

framework for future coastal discharge assessments. The X-CNN-LSTM framework achieves high 

predictive accuracy, physical interpretability, and computational efficiency for projecting future 

climate impacts on coastal river discharge. Its performance across the Alabama, Tombigbee, and 

ACF basins exceeds that of standalone CNN, LSTM (Table 4) suggesting that combining spatial 

and temporal learning improves the representation of nonlinear hydrologic dependencies and 

memory effects (Luppichini et al., 2024; Ng et al., 2023). SRDRN-QDM provides downscaled and 

bias-corrected climate forcing, which substantially improves discharge simulation performance 

relative to using raw climate model outputs. As shown in Table 7, models forced with bilinearly 

interpolated GCM data perform considerably worse, underscoring the importance of high-

resolution and bias-corrected climate inputs for reliable hydrologic projections. The X-CNN-

LSTM framework also shows better performance compared to process-based model simulations 

and flood reanalysis (Table 5), indicating improved skill in capturing basin-scale hydrologic 

responses and river discharge variability and demonstrating promise as a complementary tool for 

climate impact assessment. 

Saliency analysis revealed that runoff and soil moisture were the dominant predictors, consistent 

with the findings of Knapp et al., 2025, which showed that streamflow variability is more strongly 

controlled by antecedent catchment wetness and hydrologic connectivity than by instantaneous 

rainfall intensity. The stronger influence of runoff reflects its role as the aggregated response of 
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precipitation and surface storage, whereas soil moisture captures subsurface retention that sustains 

baseflow. The lower saliency of precipitation may be due to fact that the model implicitly learns 

precipitation effects through runoff and soil moisture signals. Spatially, saliency clusters 

correspond closely with soil and land-use features derived from LUH2 and NLDAS. In the 

Alabama basin, the strongest sensitivity occurred in northern pasture- and cropland-dominated 

areas that promote overland flow, while in the Tombigbee basin, higher saliency occurred over 

cropland, rangeland, and urban zones underlain by silt-loam and clay soils, where reduced 

permeability and higher water retention sustain baseflow and prolong soil-moisture influence. In 

the ACF Basin, salient regions were predominantly concentrated over cropland and urbanized 

zones. The higher saliency over croplands indicates that agricultural areas exert a strong influence 

on streamflow variability, likely due to rapid runoff generation and soil disturbance associated 

with cultivation. However, certain irrigated croplands showed slightly lower sensitivity, 

suggesting that irrigation practices may partially decouple soil moisture and precipitation from 

direct runoff responses. Some similarities were also observed between the salient regions and 

groundwater systems, with areas of high sensitivity aligning with major aquifers such as the 

Piedmont and Blue Ridge carbonate and Valley and Ridge aquifers in the Alabama Basin, and the 

Surficial and Floridan aquifer systems in the ACF Basin. These aquifers likely contribute to 

baseflow and sustain streamflow, indicating that groundwater–surface water interactions influence 

the model’s spatial sensitivity patterns. The unconfined Floridan aquifer exhibits strong hydraulic 

connectivity with streams and wetlands, making discharge highly responsive to near-surface 

storage and evapotranspiration variability. These findings are consistent with the coupled PRMS–

MODFLOW simulations of LaFontaine et al., 2017, which demonstrated that winter-season 

recharge and irrigation-driven summer withdrawals govern seasonal baseflow variability in the 
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lower ACF. Overall, these patterns suggest that the model’s learned spatial sensitivities are 

hydrologically consistent with observed infiltration, percolation, and groundwater storage 

dynamics. 

Future projections based on CMIP6 indicate a future intensification of flow variability across both 

basins, with low-flow conditions showing the most robust and consistent signals. Both Alabama 

and Tombigbee are projected to experience increasing frequency of low-flow events, shortening 

of low-flow duration, and higher interannual variability, while flood-related trends remain 

uncertain due to divergent GCM signals. These findings align with process-based multi-model 

projections for the Alabama–Coosa–Tallapoosa system (Gangrade et al., 2020) and continental 

studies using VIC and RegCM4 frameworks (Naz et al., 2018), which similarly reported increased 

low-flow frequency, declining minima under warming, and peaks shifting later in the year. The 

concurrent rise in variability suggests a more erratic hydrologic regime, with alternating wet and 

dry extremes rather than monotonic trends. The observed decline in high-flow counts does not 

contradict this interpretation; it reflects fewer discrete flood events exceeding the threshold, even 

as individual peaks remain strong or become concentrated into shorter, more intense episodes. This 

shift toward variable flood responses is consistent with observations that hurricane-generated 

precipitation has increased in frequency and their increasing contribution to runoff across the 

southeastern United States (Engström & Waylen, 2017). A dual intensification of flow extremes 

is projected for the ACF Basin, where both high-flow and low-flow extremes are expected to 

strengthen under both scenarios Ensemble means show statistically significant increases in peak-

flow magnitude and high-flow frequency, alongside greater recurrence of low-flow and drought 

episodes. These results are consistent with other studies showing increasing drought severity and 

low-flow reduction across the basin (USACE, 2024), sustained groundwater and streamflow 
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declines during prolonged droughts (Karki et al., 2025), and greater hydrologic variability leading 

to more frequent drought operations and reduced ecological inflows (Leitman et al., 2024). 

These hydrologic changes have significant ecological and socioeconomic implications for the 

northern Gulf of Mexico, where freshwater inflows regulate estuarine salinity, stratification, and 

nutrient dynamics(Laurent et al., 2018). Projected reductions in minimum flows and higher 

variability imply longer periods of saline intrusion, reduced wetland renewal, and greater risk of 

eutrophication and hypoxia (Needham et al., 2012; Sunkara et al., 2023). These challenges are 

especially relevant for the Apalachicola–Chattahoochee–Flint (ACF) Basin, which has faced 

decades of water-allocation conflict among Alabama, Florida, and Georgia due to increasing water 

demand and recurring droughts. Past litigation, including the Tri State Water Dispute and multiple 

United States Supreme Court cases, reflects concerns that upstream water use and irrigation 

expansion have intensified low flow stress and contributed to ecological decline in Apalachicola 

Bay (Atlanta Regional Commission, 2024; Karki et al., 2025; Leitman et al., 2024). Similar 

pressures may emerge in the Alabama and Tombigbee Basins, where population growth and 

expanding irrigated agriculture are expected to raise consumptive water use and increase water 

stress in the future (Gangrade et al., 2020). Because the Alabama and Tombigbee Rivers together 

contribute the fourth largest river discharge to the continental United States (Dykstra et al., 2022), 

even moderate flow reductions could alter estuarine balance, sediment transport, and fisheries 

productivity. Projected summer warming above 2 °C by late century (Lawman et al., 2022) may 

intensify these stresses, highlighting the need for adaptive flow management and ecosystem based 

restoration strategies to sustain coastal resilience. 

Although the X-CNN-LSTM framework demonstrates strong predictive skill, explainability, and 

physical realism, several limitations remain. First, projected river discharge exhibits substantial 
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uncertainty due to divergence among deep learning downscaled and bias corrected GCMs, 

particularly for flood-related metrics, consistent with findings from Gangrade et al. (2020). Future 

efforts should investigate ensemble-based DL downscaling, physical constraints in bias correction, 

and probabilistic prediction strategies to improve uncertainty representations. Second, the model 

also does not explicitly represent human interventions such as reservoir operation, irrigation 

withdrawal, or land use change, which can alter flow timing and magnitude (Ng et al., 2023; U.S. 

Department of the Interior & U.S. Geological Survey, 2020). Routing processes are implicit rather 

than physically simulated, which may smooth peak responses in regulated reaches. Future work 

could incorporate human water management and hybrid routing schemes to better capture 

regulated flow dynamics. In addition, gradient based saliency methods, though valuable for 

visualization, can be noisy, sensitive to correlation among predictors. A multi-method 

interpretability strategy may be particularly important as models are applied to non-stationary 

future climate conditions, where learned sensitivities may shift. Deep learning model’s reliance on 

large datasets and basin-specific tuning may constrain its applicability in data-scarce regions, as 

standalone LSTM models tend to perform poorly when trained on individual basins (Kratzert et 

al., 2024). However, this study demonstrates that augmenting LSTMs with spatial features 

extracted by CNNs can substantially enhance performance, as the convolutional layers capture 

basin-wide spatial heterogeneity and improve the model’s generalization even when trained on 

limited local data. 

In conclusion, the X-CNN-LSTM framework bridges data driven prediction and process based 

understanding by jointly capturing spatial heterogeneity, temporal memory, and interpretable 

hydrologic behavior. When coupled with trend-preserving deep learning climate downscaling, it 

enables credible evaluation of future flow regimes and their ecological implications. Continued 
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refinement through physics guided regularization, inclusion of human processes, and cross basin 

training will further improve its utility for science-based management of Gulf Coast water systems 

under increasing climate variability. 
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