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Effectively characterizing uncertainty and error in flood prediction is essential for informed

decision-making. This study combines advanced deep neural network architectures, i.e., Neural

Hierarchical Interpolation for Time Series Forecasting (N-HiTS), and Long Short-Term Memory

(LSTM), with multiple uncertainty quantification frameworks to evaluate flood forecasts across

several watersheds in the southeastern United States. Bayesian inference, Monte Carlo–based

methods, and quantile regression are applied to estimate predictive uncertainty. The comparative

analysis examines how different uncertainty approaches perform across a range of flood

magnitudes, highlighting their respective advantages and limitations at multiple scales. Results

indicate that N-HiTS generally yields narrower and more reliable uncertainty bounds than LSTM.

The findings further demonstrate that prior specification in MCMC sampling strongly influences

uncertainty estimates and requires careful calibration. While Monte Carlo dropout, which is an

approximate Bayesian technique, primarily captures uncertainty near flood peaks, MCMC offers a

more complete characterization across the full hydrograph. In addition, this study investigates

multi-site training to evaluate model adaptability under diverse hydrological regimes. Collectively,

these results advance the integration of deep neural networks and uncertainty quantification to

enhance flood modeling capabilities and risk management.
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