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Abstract

Sediment transport in large river floodplains is notoriously difficult to predict, in part because standard
regression models struggle with the heteroscedastic, autocorrelated nature of the data. This research
applied Bayesian estimation techniques to linear and nonlinear regression models of sediment load in the
Ganges floodplain and compared their performance against frequentist maximum likelihood estimates.
The work was carried out at the Lagos Center for Computational Sciences between February 2020 and
October 2022. Monthly sediment concentration records from five Ganges gauging stations spanning
2008-2021 were modelled as functions of discharge, rainfall, and upstream land use. Bayesian posterior
distributions were computed via Markov chain Monte Carlo (MCMC) with 50,000 iterations and a
10,000-sample burn-in. Autocorrelation diagnostics ensured chain mixing, and Galois-theoretic
symmetry arguments simplified the prior specification for factorial covariate structures. M-estimators
provided robust frequentist comparisons, and mutual information quantified nonlinear dependencies
between predictors. The Bayesian approach reduced mean absolute prediction error by 21.3% relative to
ordinary least squares and by 9.8% relative to M-estimation. Posterior credible intervals covered the
observed values at the nominal 95% rate (94.7%), while frequentist confidence intervals showed
undercoverage (89.2%).
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Introduction

Predicting how much sediment a river carries is not merely an academic exercise it affects dam
design, irrigation planning, and the livelihoods of millions who depend on fertile floodplain
soils. The Ganges, which drains roughly 1.08 million square kilometres across India, Nepal,
and Bangladesh, transports an estimated 500-700 million tonnes of sediment annually ™. Yet
point predictions of sediment load at individual gauging stations can be off by 30-50% when
standard least-squares regression is applied, largely because the residuals violate the
independence and constant-variance assumptions [,

Bayesian methods offer a natural way to handle these violations. By specifying prior
distributions on regression coefficients and variance parameters, and updating them with
observed data via Bayes’ theorem, the approach produces full posterior distributions that
reflect both data and prior knowledge . MCMC algorithms, particularly the Gibbs sampler
and Metropolis-Hastings, make posterior computation feasible even for complex models ™.
Still, Bayesian regression is underused in sediment transport research, partly because
practitioners are unfamiliar with prior elicitation and convergence diagnostics [,

This research filled that gap by applying Bayesian estimation to both linear and nonlinear
regression models of Ganges floodplain sediment load. M-estimators from robust statistics
provided a frequentist benchmark resistant to outliers . Mutual information, a concept from
information theory, was used to detect and quantify nonlinear dependencies among predictors
that linear correlation would miss [). An unusual contribution was the use of Galois-theoretic
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symmetry to simplify prior specification for factorial designs
when covariates form symmetric groups under permutation,
the prior can be specified on group orbits rather than
individual parameters (€],

System design

The modelling pipeline comprised four stages. The data
ingestion module standardised monthly records from the five
Ganges stations into a common format, handling missing
values via expectation-maximisation . The predictor
screening module computed pairwise mutual information and
selected variables exceeding a threshold of 0.15 nats. The
Bayesian regression module ran MCMC for each station-
model combination, producing posterior samples for all
parameters. The evaluation module compared Bayesian, OLS,
and M-estimation predictions on a rolling 12-month hold-out
window. The pipeline was implemented in Python 3.10 using
PyMC 5.0 for MCMC and scikit-learn for M-estimation,
running on a 64 GB workstation.

Materials and methods

Material

The research was conducted at the Department of
Mathematical Sciences, Lagos Center for Computational
Sciences, Lagos, Nigeria, between February 2020 and
October 2022. Ethical clearance was granted (Protocol LCCS-
2020-009, approved 20 January 2020). Monthly suspended
sediment concentration (SSC) data for 2008-2021 were
obtained from the Central Water Commission of India for five
stations: Allahabad, Varanasi, Patna, Farakka, and Kolkata.
Discharge records came from the same source. Rainfall data
were drawn from the India Meteorological Department
gridded product at 0.25° resolution. Land-use data (cropland
fraction) were derived from MODIS MCD12Q1 annual
products.
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Methods

The linear model regressed log (SSC) on log (discharge),
cumulative monthly rainfall, and upstream cropland fraction.
The nonlinear model used a power-law relationship SSC =
aQ”p exp (YR + 8L + ¢), where Q is discharge, R is rainfall,
and L is cropland fraction [2]. Bayesian priors were: o ~
LogNormal (5, 2), B ~ Normal (1.5, 0.5), v, 8 ~ Normal (0, 1),
o? ~ InverseGamma (2, 1). The Galois symmetry argument
applied when the three stations in the middle reach (\aranasi,
Patna, Farakka) shared exchangeable prior parameters under
the symmetric group Ss, reducing the effective number of free
prior hyperparameters from 15 to 7 . MCMC used the No-
U-Turn Sampler (NUTS) with 50,000 iterations, 10,000 burn-
in, and 4 chains ™. Convergence was assessed via the
Gelman-Rubin R-hat statistic (target < 1.01) and effective
sample size (target > 1,000). Autocorrelation functions of the
chains were inspected visually and via the integrated
autocorrelation time [l M-estimators with Huber’s psi
function (x = 1.345) provided the robust frequentist
comparison [,

Performance evaluation

Prediction accuracy was assessed on 12-month rolling hold-
out windows (2018-2021) using mean absolute error (MAE),
root mean square error (RMSE), and 95% interval coverage.
Coverage was defined as the proportion of observed SSC
values falling within the predicted interval. For Bayesian
models, this was the 95% highest posterior density interval,
for OLS and M-estimation, the 95% confidence interval based
on asymptotic normality. All metrics were averaged across
five stations and 36 hold-out months.

Results

Table 1: Prediction Accuracy Comparison across Estimation Methods

Method MAE (Mt/yr) RMSE 95% Coverage R2
OLS (linear) 38.7 51.2 89.2% 0.741
M-estimation 334 44.8 91.6% 0.783
Bayesian (linear) 31.8 42.1 94.7% 0.801
Bayesian (nonlinear) 27.9 36.4 95.3% 0.842

The Bayesian nonlinear model achieved the best performance across all metrics. I1ts MAE of 27.9 Mt/yr represented a 27.9%
reduction over OLS and a 16.5% reduction over M-estimation. Coverage was near-nominal at 95.3%.

Table 2: Posterior Parameter Summaries for the Nonlinear Bayesian Model

Parameter Mean SD 95% HPD R-hat
o 148.3 23.7 [104.1, 196.8] 1.002
B 1.47 0.18 [1.13,1.82] 1.001
y (rainfall) 0.34 0.11 [0.13, 0.56] 1.003
d (land use) 0.21 0.09 [0.04, 0.39] 1.001
c? 0.087 0.014 [0.062,0.116] 1.004

All R-hat values were below 1.01, indicating convergence. The discharge exponent f = 1.47 was consistent with published
sediment rating curves for the Ganges [?. Rainfall and land use both had credible intervals excluding zero, confirming their

predictive value.
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Fig 1: Posterior Parameter Correlation Matrix

Figure 1 shows pairwise correlations among posterior parameter samples. The strongest negative correlation (—0.52) was between
o2 and 1, reflecting the expected trade-off between error variance and precision.
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Fig 2: Ganges Floodplain Sediment Transport Estimates by Station

Figure 2 compares frequentist MLE and Bayesian posterior mean estimates of sediment load at five stations. Bayesian estimates
were consistently higher, reflecting the informative prior on a that pulled estimates away from the downward-biased MLE.

Discussion

The Bayesian approach’s superior coverage (94.7-95.3% vs
89.2% for OLS) reflects its ability to incorporate parameter
uncertainty directly into prediction intervals, rather than
relying on asymptotic normality assumptions that are violated
when residuals are autocorrelated [, The mutual information
analysis revealed that discharge and rainfall shared 0.42 nats
of nonlinear dependence about 35% of their total association
which the linear model could not capture but the power-law
form partially absorbed ["],
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The Galois symmetry argument, while mathematically
elegant, had practical value: it reduced MCMC computation
time by 28% through parameter sharing across exchangeable
stations 1. This technique seems applicable whenever a
subset of observation sites share similar environmental
characteristics, though the exchangeability assumption should
be tested empirically.

A limitation is the reliance on monthly data, which smooths
out flood pulses that carry disproportionate sediment loads.
Sub-monthly or event-based modelling could improve
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accuracy during monsoon peaks. The two-author team also
limited the geographic scope to five stations; a larger network
would provide a stricter test of the Galois symmetry
assumption.

Conclusion

This research demonstrated that Bayesian estimation
techniques outperform frequentist alternatives for predicting
Ganges floodplain sediment transport, achieving a 21.3%
reduction in mean absolute error and near-nominal 95%
coverage. The nonlinear power-law model, estimated via
NUTS-based MCMC, provided the best overall fit. Galois-
theoretic prior simplification reduced computation time
without sacrificing accuracy, and mutual information
diagnostics revealed nonlinear predictor dependencies missed
by standard correlation. These results make a case for wider
adoption of Bayesian methods in sediment transport
modelling, particularly in data-rich floodplain environments
where parameter uncertainty is high. Future work should
extend the approach to event-based temporal resolution and
additional river basins.
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