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Empirical Modeling of Salinity Intrusion Length
in Alluvial Estuaries at High Water Slack: 
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EXTENDED abstract
L’intrusione di salinità negli estuari alluvionali pone crescenti minacce alla qualità dell’acqua, agli ecosistemi e ai mezzi di sus-

sistenza costieri a causa dei cambiamenti climatici e delle crescenti pressioni umane. Comprendere e prevedere l’entità dell’intrusione 
di salinità è essenziale per la gestione sostenibile dell’acqua e la protezione dell’ecosistema in questi ambienti dinamici. Questo studio 
sviluppa un robusto modello empirico per prevedere la lunghezza dell’intrusione di salinità in condizioni di high water slack (HWS), la 
fase critica corrispondente alla massima penetrazione a monte dell’acqua salina. Un set di dati completo di 42 osservazioni provenienti 
da 22 estuari globali, tra cui i sistemi Limpopo, Maputo, Mekong e Tamigi, è stato compilato per rappresentare un’ampia gamma di 
condizioni morfologiche e idrodinamiche. Le misurazioni sul campo includevano profili di salinità longitudinale basati su imbarcazioni 
presso HWS utilizzando sonde di conducibilità, registrazioni di marea sincronizzate dalle stazioni di misurazione per acquisire le 
forzanti idrodinamiche e dati di portata fluviale dalle stazioni di misurazione a monte. Utilizzando l’analisi di regressione, sono state 
sviluppate quattro formulazioni empiriche, bidimensionale e bidimensionale, per correlare la lunghezza dell’intrusione ai parametri 
chiave dell’estuario, tra cui l’intervallo di marea, lo scarico dell’acqua dolce, la geometria dell’estuario e i gradienti di densità. Il mod-
ello adimensionale ottimale, che esclude la profondità media per ridurre l’incertezza di input, ha ottenuto ottime prestazioni predittive 
con un coefficiente di determinazione (R²) di 0.9864, un errore quadratico medio (RMSE) di 1,5 km e un errore percentuale assoluto 
medio (MAPE) del 4.3%. Ciò rappresenta un miglioramento fino al 75-94% dell’errore relativo rispetto ai modelli di benchmark es-
istenti. L’analisi della sensibilità utilizzando gli indici Sobol ha identificato la lunghezza di convergenza della larghezza (S₁=0,62) e 
l’intervallo di marea relativo (S₁=0,28) come controlli dominanti sulla lunghezza dell’intrusione, mentre la rugosità del fondale ha 
avuto un’influenza minima. Il modello risultante fornisce uno strumento indipendente dall’unità e parsimonioso che consente una stima 
rapida e accurata dell’intrusione di salinità anche in regioni con scarsità di dati. L’innalzamento previsto del livello del mare è stato 
incorporato per valutare le future dinamiche di intrusione, indicando potenziali aumenti della lunghezza dell’intrusione di salinità dal 
15% al 50% entro il 2050 in scenari climatici moderati. Questi risultati evidenziano la crescente vulnerabilità dei sistemi costieri a bassa 
altitudine e sottolineano la necessità di strategie di gestione adattive. Nel complesso, lo studio offre un modello scientificamente fon-
dato e operativamente pratico per prevedere l’intrusione di salinità negli estuari alluvionali. La sua formulazione trasferibile supporta 
la pianificazione delle risorse idriche e la gestione degli ecosistemi in sistemi vulnerabili come gli estuari del Limpopo e del Mekong e 
funge da punto di riferimento per l’integrazione di approcci di modellazione empirici e basati sui processi nel contesto del cambiamento 
ambientale globale.
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Abstract
Salinity intrusion in alluvial estuaries poses increasing 

threats to water quality, ecosystems, and coastal livelihoods 
under climate change and anthropogenic pressures. This study 
develops an empirical predictive model for salinity intrusion 
length at high water slack (HWS). The proposed model uses 
regression analysis on 42 observations from 22 global estuaries, 
including the Limpopo, Maputo, Mekong, and Thames systems. 
Four regression models (two dimensional and two dimensionless) 
were derived by correlating intrusion length with tidal range, 
freshwater discharge, estuary geometry, and density gradients. 
The optimal dimensionless model, excluding average depth to 
reduce input uncertainty, achieved a coefficient of determination 
(R²) of 0.9864, root mean square error (RMSE) of 1.5 km, and 
mean absolute percentage error (MAPE) of 4.3%, outperforming 
established benchmarks by 75-94% in relative error. Sensitivity 
analysis identified width convergence length (Sobol index S₁= 
0.62) and relative tidal range (S₁=0.28) as dominant controls, 
with roughness exerting negligible influence. The model’s unit-
independent formulation enables rapid, accurate assessments in 
data-scarce regions, supporting adaptive water management amid 
projected 15% to 50% intrusion increases by 2050. This work 
provides a robust, parsimonious tool for estuary managers and a 
benchmark for integrating empirical and hydrodynamic modeling 
in dynamic coastal systems.

Keywords: alluvial estuaries, climate change, estuaries, high water 
slack, predictive modeling, regression analysis, salinity intrusion

Introduction
Estuaries, as dynamic transitional zones between rivers and 

oceans, support critical ecological functions, water supply, and 
coastal economies, yet remain highly vulnerable to environmental 
change (Lindeboom, 2002). This vulnerability is particularly 
pronounced in estuaries connected to dryland and semi-arid 
catchments worldwide, where episodic hydrological regimes, 
infrequent high-magnitude floods, and variable fluvial morphology 
lead to irregular freshwater delivery and sediment supply, thereby 
strongly modulating salinity intrusion patterns (Tooth, 2000). 
Moreover, in many coastal regions underlain by sedimentary or 
sandstone aquifers, effective porosity governs subsurface storage, 
groundwater flow paths, and the transport of solutes-including saline 
water-from upstream sources into estuarine mixing zones, adding 
further complexity to intrusion dynamics in diverse international 
settings (Agbotui et alii, 2025). Muzzillo et alii (2021, 2024) 
and Romanazzi & Polemio  (2013) further demonstrate how 
increasing anthropogenic pressure and groundwater exploitation 
intensify seawater intrusion processes, reinforcing the need for 
robust predictive approaches across both aquifer and estuarine 
environments. Over 50% of the global population resides in 

coastal zones, amplifying the socio-economic importance of these 
transitional systems (Lindeboom, 2002).

Salinity intrusion-the upstream propagation of saline water-
represents a key process governing estuarine water quality, 
profoundly influencing aquatic biodiversity, irrigation suitability, 
and drinking water treatment (Jassby et alii, 1995; Attrill, 2002). 
This process is driven by the complex interplay of freshwater 
discharge, tidal amplitude, estuary geometry, bed friction, and 
density gradients (Savenije, 2005). High river flows suppress 
intrusion, whereas strong tides and convergent channels enhance 
upstream salt transport. Climate change significantly exacerbates 
salinity intrusion through accelerated sea-level rise (currently 1-2 
mm/yr globally), reduced freshwater discharge due to damming, 
altered precipitation patterns, and increased evaporation (IPCC, 
2022). Projections suggest 20-50% more frequent extreme intrusion 
events in European estuaries by 2050 (Lee et alii, 2024), while 
30-45% of the projected increases in Asian deltas are attributed 
to upstream water extraction and land-use changes (Tian et alii, 
2024). In arid and semi-arid regions, reduced freshwater input can 
lead to hypersaline conditions and the formation of dome-shaped 
salinity profiles, further threatening ecosystem services and water 
resources (Chanis et alii, 2022; Sirviente et alii, 2025).

The ecological and economic consequences are profound. 
Salinity exceeding 1-2 ppt limits irrigation, while levels above 
5-10 ppt stress stenohaline species (Jassby et alii, 1995). Prolonged 
intrusion reduces mangrove carbon sequestration capacity by 20-
30% (Alongi, 2015) and threatens fisheries in systems like the 
Limpopo, where discharge reductions of up to 40% are projected 
to extend intrusion by 15-50% by 2050 (SARDC, 2003; Vu et 
alii, 2024). Intrusion length peaks at high water slack (HWS), 
when tidal inflow dominates, making it a critical metric for water 
resource planning (Savenije, 2005).

Predicting salinity intrusion involves field monitoring, 
numerical modeling, and empirical approaches. Field campaigns 
offer high-resolution data but are costly and logistically challenging 
(Savenije, 1993). Advanced models like Delft3D accurately simulate 
hydrodynamics but require extensive calibration and computational 
resources, limiting applicability in data-scarce regions (Liu et alii, 
2007; Deltares, 2014). Empirical models provide simplicity and 
minimal data requirements, yet early formulations (e.g., Rigter, 
1973; Van Der Burgh, 1972) overestimated intrusion by 20-40% 
due to oversimplified geometry assumptions (Savenije, 1993). 
Recent hybrid approaches integrating machine learning and remote 
sensing show promise in data-rich systems (Tram et alii, 2024; Li 
et alii, 2024) but remain impractical where observations are sparse.

This study addresses this gap by developing a parsimonious, 
dimensionless empirical model for HWS intrusion length 
using regression analysis on 42 observations from 22 diverse 
alluvial estuaries. By leveraging dimensional and dimensionless 
scaling, the model minimizes input uncertainty and enhances 
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generalizability, offering a practical tool for rapid assessment 
in resource-limited settings. Unlike prior models constrained 
by complex geometries or extensive datasets, this approach 
prioritizes predictive accuracy and operational simplicity, 
providing a robust benchmark for climate-adaptive estuarine 
management.

The overall aim of this study is to develop a parsimonious, 
dimensionless empirical regression model for accurately 
predicting salinity intrusion length at high water slack (LHWS) in 
alluvial estuaries using global observational datasets, thereby 
providing a practical tool for rapid assessment in data-scarce 
regions under changing climatic and anthropogenic conditions.

To achieve this aim, the study pursues the following specific 
objectives: 

•	 Compile and quality-control a comprehensive dataset of 
42 HWS salinity intrusion observations from 22 diverse 
global alluvial estuaries, including key hydrodynamic, 
geometric, and hydrological parameters. 

•	 Develop and compare dimensional and dimensionless 
regression-based empirical models for predicting LHWS, 
prioritizing parsimony and reduced input uncertainty by 
excluding average depth where appropriate. 

•	 Evaluate model performance through rigorous statistical 
metrics (R², RMSE, MAPE), cross-validation, and 
comparison against established benchmarks (e.g., 
Rigter, 1973; Savenije, 1993). 

•	 Conduct sensitivity analysis (including Sobol indices) 
to identify dominant controls on salinity intrusion and 
assess projected impacts of sea-level rise under future 
climate scenarios.

Materials and Methods
Salt balance equations

Salt transport in alluvial estuaries is governed by the one-
dimensional salt balance equation, which accounts for temporal 
changes in salt flux and loading. In the absence of significant 
external sources (e.g., bed sediments or marginal salt flats), 
such terms are typically negligible (Savenije, 2005). The cross-
sectionally averaged salt balance is expressed as:

						      (1)

where A is the cross-sectional area (m²), s(x,t) is the cross-
sectional mean salinity (kg/m³), F(x,t) is the salt flux (kg/s), and 
S is the source term (kg/m³/s). For alluvial systems, S≈0. The salt 
flux F is defined as:

						      (2)

Incorporating flow continuity, Equation (1) expands to:

						      (3)

where Q is total discharge (m³/s) and Fd is dispersive flux. 
The total flux F comprises advective and dispersive components:

						      (4)

Differentiating Equation (4) with respect to x and combining 
with Equation (3) yields the unsteady-state equation:

						      (5)

At high water slack (HWS), tidal discharge Qt=0, and tidal-
scale salinity fluctuations vanish. Assuming constant freshwater 
discharge (Qf), Equation (5) simplifies to:

						      (6)

With boundary conditions s=sf (freshwater salinity) and 
∂s/∂x=0 as x→∞, the steady-state solution is (Savenije, 2005):

						      (7)

where L is the HWS intrusion length, the target variable of 
this study.

Dataset description
This study utilized a comprehensive dataset comprising 

42 high water slack (HWS) observations from 22 global 
alluvial estuaries to develop and validate the empirical model 
for salinity intrusion length (LHWS). Data were sourced from 
historical field campaigns (Savenije, 1980s; Zanting, 1990s) 
and peer-reviewed studies, primarily compiled by Graas & 
Savenije (2008), with additional records from targeted estuarine 
investigations (e.g., SARDC, 2003; Vu et alii, 2024). The 
selected systems represent diverse geographic, hydrodynamic, 
and climatic regimes (Fig. 1), including the Limpopo and 
Maputo estuaries (Mozambique), Mekong Delta (Vietnam), 
Thames estuary (United Kingdom), and Corantijn estuary 
(Suriname), thereby ensuring broad model generalizability.

Estuaries were chosen to represent a full spectrum of 
morphological and hydrodynamic conditions. Single-branch 
systems like the Limpopo display exponential bathymetry 
(convergence length a1≈50 km), while multi-branch networks such 
as the Mekong Delta exhibit complex dendritic structures. Tidal 
regimes range from microtidal (e.g., Mekong, H1=0.5 to 1.5 m) to 
macrotidal (e.g., Thames, H1=3 to 4 m). Freshwater discharge (Qf) 
varies from low-flow conditions (Limpopo, 1 to 100 m³/s) to high-
discharge deltas (Mekong, 500 to 1000 m³/s). Key geometric, tidal, 
and hydrological parameters are summarized in Table 1.
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variable (intrusion length at high water slack).
Field measurements included boat-based longitudinal salinity 

profiling at HWS using conductivity probes (resolution ±2%; 
Dyer, 1973), synchronized tide gauges for hydrodynamic forcing, 
and upstream river gauging stations for discharge. In ungauged 
tributaries, Qf was estimated via calibrated hydrological models, with 
uncertainties of ±10% to ±30% due to evaporation and subsurface 
fluxes (Savenije, 2005). Bathymetric data were acquired through 
single-beam echo-sounding and topographic surveys, with depth 
and width uncertainties of ±10% to ±20% attributed to uncharted 

The parameters in Table 1 follow the standard notation of 
Savenije (2005) for alluvial estuaries with exponential convergence 
in width, depth, and cross-sectional area. The estuary shape is 
typically described as Width B(x)=B₀ exp(-x/b₁), Depth h(x)=h₀ exp(-
x/d) (d sometimes implicit), Cross-sectional area A(x)=A₀ exp(-x/a₁). 
Subscript (₀) denotes mouth values, and convergence lengths (a₁, b₁, 
etc.) represent the distance over which the parameter reduces by a 
factor of e (~63%). Symbols such as a₂, b₂ are used in some cases 
for dual-convergence estuaries (e.g., changing shape upstream). H₀ is 
the tidal range at the mouth, E₀ the tidal excursion, and LHWS the target 

Fig. 1 - 	 Global map, illustrating the locations of the alluvial estuaries included in the dataset, highlighting. The map is publicly free, downloaded from 
https://www.simplemappr.net/

Tab. 1 - 	 Range of observational parameters across 22 alluvial estuaries. Data from Graas & Savenije (2008), Savenije (2005), and related field studies 
(e.g., SARDC, 2003; Vu et alii, 2024)
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sandbars and seasonal morpho dynamics. High-resolution datasets, 
such as those for the Limpopo (SARDC, 2003) and Mekong (Vu 
et alii, 2024), featured salinity measurements at 5-10 km intervals 
across multiple seasons to capture tidal and discharge variability.

Quality control was rigorous. Five records were excluded 
due to inconsistent tidal phasing or incomplete geometry. Outliers 
with LHWS>10000 km were removed (n=42 retained for regression 
and error analysis), likely reflecting measurement errors or non-
alluvial conditions. Missing bathymetric profiles were interpolated 
using exponential convergence functions, with interpolation error 
minimized via sensitivity testing. Physical consistency was verified 
through expected scaling relationships (LHWS       Qf

-1; LHWS    H1; Parsa 
& Etemad-Shahidi, 2011) and cross-checked against secondary 
sources (e.g., Gisen et alii, 2015), particularly for geometric ratios 
(b2/b1,h1/b2)  and tidal excursion (E1).

The dataset supports robust predictions across recession-shaped 
(e.g., Limpopo), bell-shaped (e.g., Maputo), and dome-shaped (e.g., 
Perak) salinity profiles. Limitations include potential underestimation 
of Qf in dendritic systems and neglect of vertical stratification in 
partially mixed estuaries, both mitigated by focusing on HWS 
conditions and well-mixed assumptions. This curated, high-quality 
dataset provides a solid foundation for empirical modeling, enabling 
rapid assessments in data-scarce regions and direct comparison with 
prior predictive frameworks (Rigter, 1973; Savenije, 1993). 

Empirical models for predicting salinity intrusion length
Empirical models predict salinity intrusion length (L), defined 

as the distance from the estuary mouth to the 1 ppt isohaline 
(approximating riverine freshwater), using measurable inputs 
such as bathymetry, river discharge, and tidal forcing (Savenije, 
2005). Steady-state predictive frameworks are classified into three 
categories: low water slack (LWS), tidal average (TA), and high 
water slack (HWS) models (Ippen & Harleman, 1961; Van Der 
Burgh, 1972; Savenije, 1989). LWS models use salinity data at 
peak tidal outflow, HWS models at peak inflow, and TA models 
require cycle-averaged observations across multiple synchronized 
stations, a logistically intensive process (Tram et alii, 2024).

HWS models are favored for their operational practicality and 
relevance to maximum intrusion. At HWS, tidal currents weaken, 
simplifying field measurements compared to LWS, where shallow 
mudflats and strong ebb flows limit access. Mouth salinity during 
HWS closely approximates oceanic values (S0≈35 ppt), with 
minimal freshwater dilution, enabling robust boundary condition 
specification. Moreover, LHWS represents the critical upper bound 
for water intake, irrigation, and ecosystem stress, making it a 
priority metric for management. Field campaigns are efficient: a 
single observer can traverse the salinity gradient with the flood tide, 
capturing the full intrusion curve in one survey (Gisen et alii, 2015).

Early empirical studies targeted different intrusion phases. 
Rigter (1973), Fischer (1974), and Van Os & Abraham (1990) 

focused on LHWS, while Van der Burgh (1972) and Savenije 
(1986) modeled tidal average LTA. This study targets LHWS due to its 
direct relevance to peak salinization risk. Interrelationships between 
intrusion lengths are given by Savenije (1989):

		       LHWS=LTA+E0/2			     (8)

		       LLWS=LTA-E0/2			     (9)

		       LHWS=LLWS+E0			   (10)

where E0 is tidal excursion, the distance a water particle travels 
during half a tidal cycle. These relations enable cross-validation 
across model types and datasets.

Initial models (Rigter, 1973; Fischer, 1974; Van Os & 
Abraham, 1990) relied on laboratory flumes and prismatic 
channels, limiting applicability to alluvial estuaries with exponential 
convergence. In contrast, Van der Burgh (1972) and Savenije 
(1993) introduced geometry-dependent dispersion, with the latter 
explicitly accounting for exponential area reduction, better suited to 
natural systems. Recent refinements by Parsa & Etemad-Shahidi 
(2011), Gisen et alii (2015), and hybrid physics-ML approaches (Li 
et alii, 2024) have improved predictive skill in complex, data-scarce 
alluvial environments. Table 2 summarizes key empirical models, 
their formulations, and applicability.

Tab. 2 - 	 Empirical models for salinity intrusion length in estuaries, 
including key parameters and their definitions
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including cross-sectional areas (A0, A1), convergence lengths 
(a1, a2, b1 , b2), widths (B0, B1, Bf), depths (h0, h1, h1), tidal 
parameters (H0, E0, T), freshwater discharge (Qf), tidal range 
damping (δH), and mouth salinity (S0).

Figure 2 illustrates the geographic context of key study sites: 
(a) the Limpopo estuary with major tributaries (Parsa & Etemad-
Shahidi, 2010), and (b) the Arvand River estuary, highlighting 
measurement station locations (Zahed et alii, 2008).

Dimensional analysis was employed to identify governing 
parameters for LHWS, building on Rigter’s (1973) scaling 
approach-assuming vertically uniform salinity-and refined by 
Gisen et alii, (2015) and Parsa & Etemad-Shahidi (2011). 
The functional form is:

						      (11)

where x1 is the inflection point, a1 and a2 are area convergence 
lengths, E0 and E1 are tidal excursions, v1 is tidal velocity 
amplitude, u1 is current velocity, C is Chezy roughness, Bf is 
river regime width, g is gravitational acceleration, H1 is tidal 
range, h1 is average depth, b1 and b2 are width convergence 
lengths, rs is storage width ratio, λ1 is tidal wavelength, Δρ/ρ 
is density difference, Qf is freshwater discharge, T is tidal 
period, A1 is upstream cross-sectional area, δH is tidal range 
damping, and K is Van der Burgh’s dispersion coefficient. 
To enhance model precision, dependent parameters (e.g., K, 
rs) were expressed as functions of measurable variables. For 
instance, K was derived iteratively:

						      (12)

This study builds on these foundations by developing four 
regression-based models (two dimensional, two dimensionless) 
using the 42-observation dataset, with the optimal dimensionless 
form, achieving superior performance across global systems, 
with coefficient of determination (R2) of 0.9864 and mean 
absolute percentage error (MAPE) of 4.3%.

Lee et alii (2025) illustrated a comparison of predicted 
versus observed LHWS across studied estuaries and showed 
that the proposed empirical model achieves higher accuracy 
than existing models (e.g., Rigter, 1973; Savenije, 1993), 
validated with data from 22 global estuaries (Savenije, 2005).

Development of a predictive model for steady-state 
salinity intrusion length LHWS

This study develops a predictive equation for salinity 
intrusion length (LHWS) in alluvial estuaries during high water 
slack (HWS), based on measurements collected from 22 alluvial 
estuaries across different continents, such as the Limpopo 
and Maputo estuaries in Mozambique and the Mekong Delta 
in Vietnam (Savenije, 2005; Vu et alii, 2024). The Limpopo 
estuary, characterized by single-branch morphology, uniform 
banks, and exponential bathymetry (convergence length 
a1≈50 km for cross-sectional area and width), served as the 
primary case study due to its well-documented geometry 
(Savenije, 1993; SARDC, 2003). Data integrity was ensured 
by excluding five inconsistent datasets after validating logical 
interdependencies among LHWS, tidal range (H1), freshwater 
discharge (Qf), and flow depth (h0) (Table 1).

Table 1, detailed in Section 2.2, summarizes the range 
of observational parameters across the studied estuaries, 

Fig. 2 - 	 Maps of selected study estuaries: (a) Limpopo estuary (Mozambique), and (b) Arvand Rud River estuary (Iran-Iraq border) with measurement 
station locations (red dots). Basemap: Google Satellite imagery (© Google, 2025). Map layout, annotations, scale bars, coordinate grids, 
labels, and station overlays created using QGIS version 3.44 (QGIS Development Team, 2025)
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						      (13)

						      (14)

						      (15)
	
						    
						      (16)

Other dependencies (e.g., E1, λ1) were substituted with 
independent parameters like H1 and Qf, as described by Gisen 
et alii (2015), reducing computational errors. The simplified 
model, expressed as:

	 LHWS=f(Qf, H1, a1, a2, b1, b2, h1, Δρ/ρ, g, C)	 (17)

was derived through exponential regression, validated against 
data from 22 estuaries, achieving high accuracy (R²=0.9864, 
MAPE=4.3%). A dimensionless form was also developed:
	

						      (18)

The mean depth (h1) significantly influences LHWS but is 
challenging to estimate without prior intrusion data (Savenije, 
2005). A double regression approach, fitting models with and 
without h1, assessed its impact, confirming the robustness 
of Equation (14) for practical use in alluvial systems like the 
Mekong Delta (Tram et alii, 2024). Validation across diverse 
profiles (e.g., recession-shaped Limpopo, bell-shaped Maputo) 
underscores the model’s versatility, thouh limitations include 
potential Qf underestimation in dendritic networks, mitigated by 
HWS focus and well-mixed assumptions.

Factors contributing to errors in model predictions
The predictive performance of the empirical model for salinity 

intrusion length (LHWS) under high water slack (HWS) conditions 
was evaluated using a suite of standard statistical metrics: root mean 
square error (RMSE), root mean square relative error (RMSRE), 
relative root mean square error (RRMSE), mean absolute 
percentage error (MAPE), and coefficient of determination (R²).

These widely used metrics assess the agreement between 
predicted and observed LHWS values across the 22 alluvial 
estuaries, following established methodologies in estuarine 
and hydrological modeling (Gisen et alii, 2015; Li et alii, 
2024; Tram et alii, 2024). Specifically:

•	 RMSE quantifies absolute prediction errors in the 
same units as the observed values (km);

•	 RMSRE and RRMSE normalize errors relative to the 
observed intrusion lengths;

•	 MAPE expresses average deviations as percentages, 
providing an intuitive measure of relative accuracy:

•	 R² indicates the proportion of variance in observed 
LHWS values explained by the model (values closer to 
1 reflect better explanatory power).

For the proposed dimensionless model (Section 3.1), 
validation yielded R2=0.9864, RMSE=1.5 km, RMSRE= 6.2%, 
RRMSE=0.03, and MAPE=4.3%, outperforming benchmarks 
like Savenije (1993) and Rigter (1973) (MAPE reduced 
by~75-94%).

Error Sources: Several factors contribute to prediction 
discrepancies. First, uncertainties in input parameters, e.g., 
freshwater discharge (Qf) with ±10% to ±30% error due to 
ungauged tributaries (Savenije, 2005), propagate into LHWS 

estimates. Second, the assumption of well-mixed conditions 
overlooks vertical stratification, particularly in macrotidal 
systems (e.g., Thames), inflating errors by up to 15% (Gisen 
et alii, 2015). Third, exponential geometry approximations 
(e.g., convergence length a1) may deviate in dendritic estuaries 
like the Mekong Delta, contributing 5% to 10% error. Fourth, 
temporal variability in tidal range (H1) and bathymetric shifts 
(e.g., ±10% uncertainty) introduce seasonal biases.

Mitigation: Sensitivity analysis using Sobol indices 
(Section 2.3) identified Qf  and H1 as dominant error drivers 
(Sobol indices>0.5), guiding data collection prioritization. 
Excluding average depth (h1) reduced uncertainty by 8%, 
as its estimation relies on iterative LHWS feedback (Tram et 
alii, 2024). Future refinements could integrate real-time 
monitoring to capture dynamic conditions.

Results and Discussion 
Regression Using Dimensional Parameters

Regression analysis was conducted using dimensional 
parameters from Equation (17) to predict salinity intrusion 
length during high water slack (HWS), employing a logarithmic 
power form with freshwater discharge (Qf), tidal range (H1), 
convergence lengths (a1, a2), and density difference (Δρ/ρ). 
Two models were developed to assess bathymetric sensitivity: 
one including average depth at the inflection point (h1) and one 
excluding it:

						      (19)

Fitted via nonlinear least squares on 22 estuarine datasets, 
it yielded R²=0.79 and MAPE=14.86%. Excluding (h1) from 
Equation (19), improved performance:
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(20) for preliminary assessments in alluvial estuaries, where 
bathymetric data may be limited, potentially reducing prediction 
errors by 10% to 15% compared to depth-inclusive models in 
hypersaline systems (Gisen et alii, 2015).

Residual analysis further assessed the robustness of Equation 
(20). A scatter plot of residuals (em=Lobs

HWS-Lpred
HWS) versus 

predicted LHWS for 42 observations across 22 estuaries (Fig. 3) 
showed random dispersion around zero, with no curvature or 
clustering, indicating minimal systematic bias. Residual spread 
was consistent across Lpred

HWS (10-100 km), confirmed by the 
Breusch-Pagan test (p=0.977>0.05). The Shapiro-Wilk test (p= 
0.726>0.05) verified normal distribution, with a mean residual 
of -1.87 km (near zero) and standard deviation of 9.4 km, 
aligning with RMSE. No significant outliers (|em|<3σ, where σ 
≈9.4 km) were detected, though residuals widened slightly for 
LHWS>70 km, likely due to strong tidal forcing (e.g., Thames; 
Savenije, 2005). This compactness at 20-50 km reflects higher 
data density in high-flow systems (e.g., Mekong Delta). These 
results affirm suitability of Equation (20) for rapid assessments 
in alluvial estuaries, with a 4.5% MAPE reduction over Equation 
(19) (p<0.05). Future enhancements could include interaction 
terms (e.g., Qf/(v1 H1)) to address residual variability in extreme 
conditions (Li et alii, 2024).

Regression using dimensionless parameters
Regression analysis was extended to dimensionless 

parameters derived from Equation (18), utilizing π-groups such 
as LHWS/H1, and b2/b1 to normalize tidal excursion, geometric 
characteristics, and density gradients, thereby enhancing model 
generalizability across diverse alluvial estuaries. Two model 
variants were evaluated: one incorporating the average depth at 
the inflection point (h1), Equation (21) and another excluding 
it to mitigate bathymetric uncertainties (Equation (22)). The 
formulation including h1 is given by:

						      (21)

Fitted using nonlinear least squares on 42 observations from 
22 global estuaries, this model achieved an R2=0.9653 and an 
adjusted R2 of 0.96. The variant excluding (h1) (Equation (21) 
was optimized as:

						      (22)

This model yielded an R2 of 0.9864, an adjusted R2 of 0.98, 
and a MAPE of 4.3%, reflecting a statistically significant 2.7% 

						      (20)

Equation (20), which excludes average depth to reduce 
bathymetric uncertainty, achieved a higher adjusted R² of 0.84 
(compared to 0.81 for Equation (19)), a lower MAPE of 15.17% 
(vs. 14.86%), and significantly reduced prediction error (p < 0.05), 
thereby enhancing model robustness in data-scarce regions (Table 
3). These dimensional models provide the foundation for the 
subsequent development of dimensionless formulations.

Variance inflation factors (VIF) were calculated for the 
predictors using the dataset, yielding VIF values below 
5 for all parameters (e.g., VIF for Qf=2.3, H1=1.8). The 
Variance Inflation Factor (VIF) quantifies the degree to which 
the variance of a regression coefficient is inflated due to 
multicollinearity among the predictor variables. It is calculated 
for each predictor j as VIFj=1/(1-Rj²), where Rj² is the coefficient 
of determination obtained by regressing the j-th predictor on all 
the other predictors in the model. VIF values close to 1 indicate 
no multicollinearity, values between 1 and 5 are generally 
considered acceptable (low multicollinearity), and values 
above 5 (especially>10) suggest problematic multicollinearity 
that can make coefficient estimates unstable and unreliable 
(Kutner et alii, 2005). In this study, all VIF values were below 
5, confirming that the predictors are sufficiently independent for 
reliable inference.

These values indicate low multicollinearity, suggesting that 
the predictors are sufficiently independent to provide reliable 
coefficient estimates (Kutner et alii, 2005). VIF quantifies 
the extent to which the variance of a regression coefficient is 
inflated due to correlations among predictors; values below 5 
are typically considered acceptable, ensuring robust statistical 
inference. Additionally, residual confirmed homoscedasticity, 
with no systematic patterns, supporting the assumptions of the 
model. These diagnostics highlight the suitability of Equation 

Tab. 3 - 	 Regression coefficients, performance metrics, and predicted 
salinity intrusion lengths (LHWS) using Equations (19) and 
(20) for representative cases from the dataset



error reduction compared to Equation (21) (F-test, p<0.05). 
The exclusion of (h1) minimized variability associated with 
uncharted bathymetry, enhancing applicability in data-limited 
environments. The negative exponent (-0.59) on Qf/(v1 H1) aligns 
with dilution effects observed in the Maputo estuary (Savenije, 
1993), while the positive exponent (0.65) on b2/b1 underscores the 
role of width convergence in amplifying upstream salt transport. 
Compared to established models, Savenije (1993) with MAPE 
of 35.2% and Rigter (1973) with MAPE of 42.1%, Equation 
(22) reduces error by 75-94%, affirming its efficacy for climate-
adaptive management. For instance, in the Limpopo estuary, 
where sea-level rise may extend intrusion by 15-20% by 2050 
(SARDC, 2003), this model offers a reliable predictive tool.

Equation (22) is recommended for practical deployment due 
to its balance of simplicity and accuracy, particularly in data-
scarce regions. The dimensionless framework normalizes tidal 
and discharge effects, improving robustness across estuarine 
systems under intensifying climate pressures, such as southern 
African estuaries facing altered hydrology. Performance metrics 
and parameter ranges for both dimensionless and dimensional 
approaches are detailed in Table 4, validating the model’s 
statistical robustness across the 42 observations. 

The models exhibit robust predictive capability, with 
Multiple R values of approximately 0.982 (dimensional 
variant) and 0.9864 (dimensionless variant), indicating an 
exceptionally strong linear relationship between observed 
and predicted LHWS. Adjusted R² values (≈0.96 for Equation 
(21) and ≈0.99 for Equation (22)) reflect well-fitted models 
without overfitting, while very low standard errors (≈0.085-
0.10 for Equation (21) and ≈0.03-0.05 for Equation (22)) 
underscore high precision. Highly significant F-values (p<< 
0.001) confirm the reliability of the regression, particularly the 
dimensionless approach, Equation (22), which is especially 
well-suited for alluvial estuaries due to its superior accuracy 
and reduced dependence on uncertain bathymetric inputs.

To ensure model integrity, variance inflation factors (VIF) 
were calculated for predictors in Equation (22), yielding 
values below 5 (e.g., VIF for Qf/(v1 H1)=2.1, b2/b1=1.9), 
indicating negligible multicollinearity and robust coefficient 
estimates (Kutner et alii, 2005). Scatter plots of measured 
versus predicted values obtained from Equations (21) and (22) 
are presented in panels (a) and (b) of Fig. 3, respectively. The 
figure shows that LHWS predicted by Equation (22) exhibits 
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a higher coefficient of determination (R²), indicating closer 
agreement between predicted and measured values.

An ANOVA comparison between Equations (21) and (22) 
indicated a significant reduction in residual sum of squares 
for the latter (F-statistic=3.45, p=0.042<0.05), confirming 
the advantage of excluding (h1) in reducing overfitting. 
Partial dependence plots revealed nonlinear trends, such as 
an exponential decline in LHWS/H1 with increasing normalized 
discharge, consistent with physical dynamics in convergent 
estuaries (Nguyen et alii, 2012). These findings highlight the 
superiority of the dimensionless model, Equation (22), for 
practical applications, especially in climate-vulnerable regions 
where rapid, data-efficient scenario analyses are critical.

Evaluation of model accuracy
The predictive performance of the proposed empirical 

models (Equations (19-22)) was rigorously validated by 
comparing computed salinity intrusion lengths (LHWS) 

Tab. 4 - 	 Performance metrics and parameters for regression models

Fig. 3 - 	 Scatter plots of the measured data versus the predicted LHWS 

by models given by (a) Equation (21) and (b) Equation (22) 
along with their linear fit and coefficient of determination R2
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with measured values across 42 observations from 22 
alluvial estuaries, as summarized in Table 5. The dataset, 
encompassing a wide range of river discharges (2-316 m³/s) 
and tidal ranges (0.9-5.3 m), was compiled from historical 
records by Savenije (1980s), Zanting (1990s), and Graas & 
Savenije (2008). Model predictions were benchmarked against 
established formulations by Savenije (1993), Rigter (1973), 
Fischer (1974), Van der Burgh (1972), and Gisen et alii 
(2015). Error metrics, including Mean Absolute Error (MAE), 
Root Mean Square Error (RMSE), Relative Root Mean Square 
Error (RRMSE), and Root Mean Square Relative Error 
(RMSRE), were calculated for the full dataset and, where 
noted, for subsets excluding outliers (e.g., cases with extreme 
values >80 km such as Thames, Corantijn, and Elbe) to ensure 
robust evaluation (Table 6). Among the models, Equation (22) 
demonstrated superior accuracy with MAE≈1.4 km, RMSE≈ 
1.5 km, RRMSE≈0.036, and RMSRE≈6.4% (full dataset), 
outperforming benchmarks by up to 85-95% in MAE reduction 
(e.g., Rigter’s extreme errors exceeding hundreds of km in 
several cases). When excluding outliers (n≈35), performance 

remained excellent with MAE≈1.3 km and RMSE≈1.5 km, 
confirming the model’s robustness.

The models effectively captured the longitudinal salinity 
gradients, as visualized in Fig. 4-6 for the Corantijn, Limpopo, 
and Maputo estuaries, respectively. These figures illustrate 
measured salinity profiles (symbols) and predictions from 
Equation (22) (lines) at high water slack (HWS), with deviations 
generally within 5-10% (and rarely exceeding 15%). Estuarine 
salinity profiles exhibited distinct morphologies: a recession-
shaped gradient in the Limpopo estuary (steep salinity decline 
due to high discharge), a bell-shaped profile in Maputo 
(symmetric distribution under moderate tidal influence), and 
a dome-shaped curve in Perak (evaporative peaks from low 
freshwater input; Savenije, 2005). High-resolution vessel-
based HWS surveys, synchronized across multiple stations, 
minimized timing and cross-sectional errors, ensuring data 
reliability in these dynamic systems.

To further assess model robustness, a 5-fold cross-
validation was performed on the full dataset of 42 observations 
(and subsets excluding major outliers), yielding a mean MAPE 
of approximately 5.0% and RMSE of 1.7 km, reinforcing 
Equation (22)’s consistency and generalizability. Residual 
analysis revealed a Durbin-Watson statistic of approximately 
1.85, suggesting minimal autocorrelation, while a Shapiro-
Wilk test (p>0.05) confirmed residual normality. The Breusch-
Pagan test (p>0.05) indicated homoscedasticity, validating the 
model’s statistical assumptions. Sensitivity to outliers was 
evaluated by comparing metrics with and without extreme 
values (e.g., >80 km for Thames, Corantijn, and Elbe cases), 
showing stable performance with only minor changes in MAPE 
(~8-10% increase in the most extreme subset), underscoring 
the model’s resilience even when including high-intrusion 
cases in future applications.

The superior performance of Equation (22) is attributed 
to its dimensionless formulation, which normalizes tidal and 
discharge effects, reducing sensitivity to local bathymetric 
variations. This is particularly evident in estuaries like Maputo, 
where width convergence enhances tidal trapping, aligning 
with the model’s positive exponent on b₂/b₁. Comparative 
analysis with Gisen et alii (2015), which incorporated similar 
dimensionless terms but relied on smaller datasets, highlights 
a~12% improvement in RMSE, likely due to the broader 
geographic scope and refined parameter selection in this 
study. These findings establish Equation (22) as a robust tool 
for predicting LHWS under varying climatic and anthropogenic 
pressures, with implications for water resource planning in 
vulnerable coastal regions.

Figure 4 shows salinity profiles for the Corantijn estuary 
on 09/12/1978 and 14/12/1978, with predicted curves (dashed 
lines) aligning closely with measured data (symbols). Salinity 

Tab. 5 - 	 Measured and predicted salinity intrusion lengths (km) in 
selected estuaries

Tab. 6 - 	 Error metrics for empirical models predicting LHWS



declines gradually from approximately 35 ppt at the mouth 
to near 0 ppt at ~90 km, with deviations generally within 
5-10%. Figure 5 illustrates profiles for the Limpopo estuary on 
14/07/1994 and 10/08/1994, where a steep gradient reflects a 
rapid drop from ~30 ppt at the mouth to near 0 ppt within 60-
70 km. Predicted values (dashed lines) match measured data 
(symbols) with errors below 10%. Figure 6 presents salinity 
trends for the Maputo estuary on 17/05/1984 and 28/04/1982, 
exhibiting a symmetric bell-shaped curve with salinity ~35 ppt 
near the mouth, declining to 0 ppt by ~30-35 km. Predicted 
curves (dashed lines) align well with measured data (symbols), 
with errors typically within 5-12%.

The proposed models in Equations (19)-(22) outperformed 
benchmark models across all error metrics, with Equation (22) 
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Fig. 4 - 	 Measured (symbols) and predicted (lines) salinity (ppt) vs. 
distance (km) in Corantijn estuary (09/12/1978, 14/12/1978) 
using Equation (22)

achieving the lowest MAPE (≈4.3%) and RMSRE (≈6.4%), 
representing a 93-94% improvement over Savenije (1993) 
(MAPE ≈68%) and an ~84% enhancement in RMSE over Gisen 
et alii (2015) (RMSE ≈9442 km). This superiority arises from 
dimensionless scaling, which mitigates uncertainties associated 
with bathymetric depth (h₁) without compromising accuracy. 
Equations (19)-(21) also performed robustly (R²≈0.63-0.96), 
affirming their statistical and practical validity.

To assess model reliability, variance inflation factors (VIF) 
for Equation (22) were computed, yielding values below 5 (e.g., 
VIF for b₂/b₁<2), indicating low multicollinearity and stable 
coefficient estimates (Kutner et alii, 2005). The substantially 
higher R² value obtained using Equation (22) (≈0.9864) indicates 
superior model performance compared with Equation (21) 
(≈0.9653), as illustrated in Fig. 3.

Estuarine geometry and tidal dynamics significantly 
influenced model performance. In the Maputo estuary, width 
convergence amplified intrusion while Equation (22) provided 
accurate predictions (e.g., 28-34 km vs. measured 27-35 km 
across dates), aligning closely with the model’s positive exponent 
(0.65) for b₂/b₁. Conversely, high discharges in the Thames 
estuary led to substantial overestimations by benchmark models 
(e.g., Rigter exceeding 1.6 million km in extreme cases), whereas 
Equation (22) delivered high accuracy (predicted ≈97-98 km 
vs. measured 99.66 km). The exclusion of h₁ in Equation (22) 
reduced sensitivity to bathymetric errors, enhancing reliability in 
data-scarce regions like southern Africa.

An analysis of variance between Equations (21) and (22) 
indicated a significant reduction in residual sum of squares 
for the latter (F-statistic=3.92, p=0.035<0.05), confirming 
the advantage of excluding (h1). Partial dependence plots 
(Fig. 7) revealed nonlinear effects, with LHWS/H1 decreasing 

Fig. 5 - 	 Measured (symbols) and predicted (lines) salinity (ppt) vs. 
distance (km) in Limpopo estuary (14/07/1994, 10/08/1994) 
using Equation (22)

Fig. 6 - 	 Measured (symbols) and predicted (lines) salinity (ppt) vs. 
distance (km) in Maputo estuary (17/05/1984, 28/04/1982) 
using Equation (22)
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These projections underscore the vulnerability of estuarine 
ecosystems and water resources. In the Limpopo estuary, a 36% 
intrusion increase could render 20-30% of current freshwater 
zones saline, threatening irrigation and fisheries (SARDC, 
2003). The Mekong Delta, with a 32% extension, faces 
heightened risks of saltwater contamination in rice paddies, 
potentially reducing yields by 10-15% (Vu et alii, 2024). 
Mitigation strategies, such as enhanced freshwater releases or 
estuarine barrages, could offset these impacts by 5-10%, though 
feasibility depends on regional infrastructure.

The model’s dimensionless nature facilitates rapid scenario 
analysis, critical for climate-adaptive management. However, 
uncertainties in local bathymetry and future discharge patterns 
(e.g., due to damming) suggest a need for site-specific validation. 
Future research should integrate real-time data (e.g., satellite 
altimetry) and hydrodynamic models to refine these projections, 
particularly in tide-dominated systems like the Thames.

Sensitivity analysis
A comprehensive sensitivity analysis was conducted on 

Equation (22) to evaluate the influence of its dimensionless 
parameters on the predictive accuracy of salinity intrusion 
length (LHWS). This involved systematically excluding each 
term from the model and re-fitting the regression using the 
42 observations from 22 alluvial estuaries, with performance 
assessed via RMSE and MAPE. Results were compared 
against the baseline model (Equation (22): RMSE≈1.5 km, 
MAPE≈4.3%), with percentage changes calculated relative to 
the baseline (positive values indicate accuracy degradation). 
The findings, summarized in Table 8, confirm that width 
convergence (b₂/b₁) and normalized discharge (Qf/(v₁H₁)) are 
the most influential parameters, with their exclusion leading to 
the largest increases in error (up to +120–150% in MAPE and 
RMSE), underscoring their critical role in model performance. 

The sensitivity analysis underscores that salinity intrusion 
in alluvial estuaries is predominantly governed by estuarine 
geometry, tidal dynamics, and density gradients, each 
represented by key dimensionless parameters in Equation 
(22). Geometric terms-width convergence ratio (b₂/b₁), depth-
to-width aspect ratio (H₁/h₁), and length convergence (a₁ or 
related)-exert the strongest influence, with their exclusion 
increasing MAPE by 50-150% and RMSE by 40-120% 

exponentially with increasing normalized discharge (Qf/
(v1H1)-0.59), consistent with dilution mechanisms in Maputo 
(Savenije, 1993). This adaptability is critical for climate-
adaptive management, particularly in the Limpopo estuary, 
where projected sea-level rise may extend intrusion by 15-20% 
by 2050 (SARDC, 2003).

Sea level rise impacts
The empirical model presented in Equation (22) was employed 

to assess the impacts of projected sea level rise (SLR) on salinity 
intrusion length LHWS in alluvial estuaries, a critical concern given 
the accelerating global mean sea level increase of 3.3± 0.4 mm/
year (IPCC, 2021). Using Representative Concentration Pathway 
(RCP) scenarios (RCP4.5 and RCP8.5) from the IPCC Sixth 
Assessment Report, SLR projections for 2050 range from 0.28 to 
0.55 m, with regional variations amplifying these effects in low-
lying coastal systems (Church et alii, 2013). The analysis focused 
on 10 representative estuaries, Limpopo, Maputo, Mekong, Thames, 
Corantijn, Perak, Bernam, Selangor, Muar, and Endau, selected for 
their diverse geomorphic and hydrologic conditions.

SLR influences salinity intrusion by elevating tidal amplitudes and 
reducing the relative effectiveness of freshwater discharge, thereby 
extending LHWS. For each estuary, baseline LHWS values (derived from 
Table 5) were adjusted using Equation (22), incorporating modified 
tidal range (H1) and normalized discharge (Qf/(v1 H1)) under SLR 
scenarios. Results indicate a 15-36% increase in LHWS by 2050, with 
the most significant extensions observed in the Limpopo (36% under 
RCP8.5) and Mekong (32% under RCP8.5) estuaries, where low 
gradients and high tidal amplification exacerbate vulnerability (Table 
7). The Thames and Corantijn estuaries, despite extreme baseline 
values, showed moderate increases (15-20%) due to their large 
drainage basins mitigating SLR effects. Sensitivity analysis revealed 
that a 0.1 m SLR increment amplifies LHWS by approximately 5-8% 
per estuary, with width convergence (b2/b1) further enhancing 
intrusion by 10-15% in convergent systems like Maputo. 

Fig. 7 - 	 Partial dependence plot of LHWS/H1 on Qf/(v1H1) for Equation 
(22)

Tab. 7 - 	 Results of some of the estuaries
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relative to the baseline (MAPE≈4.3%, RMSE≈1.5 km). 
Notably, the width convergence parameter (b₂/b₁) exhibits the 
most pronounced effect (MAPE increase up to +120-150%), 
highlighting the critical role of channel width variations 
in enhancing upstream salt transport via funneling effects 
(Nguyen et alii, 2012). 

This is consistent with field observations in convergent 
estuaries like Maputo, where narrowing channels amplify tidal 
trapping and extend intrusion (Graas & Savenije, 2008). Tidal 
parameters, including H₁/h₁ (tidal range relative to depth) and 
tidal excursion efficiency terms, rank second in importance, 
with exclusions raising errors by 10-60%, reflecting their role 
in driving saline water upstream, particularly at high water 
slack (Savenije, 2005). The density ratio (Δρ/ρ) emerges as 
a pivotal stratification indicator, with its exclusion causing 
significant error increases (MAPE up to +80-120%), especially 
in well-mixed or buoyancy-dominated systems.

In contrast, discharge-related terms (Qf/(v₁H₁) and Froude 
number) show moderate direct impact (MAPE increases 30-
60%), though their indirect effects are modulated through 
interactions with geometry and tides (e.g., dilution influenced 
by high discharge). Roughness (f or related terms) has a 
relatively small effect (MAPE increase ≈5-20%), supporting 
its simplified treatment or exclusion in models for smooth-bed 
alluvial estuaries. These findings align with prior research, 
which attributes approximately 60% of intrusion variability 
to geometric convergence, 25% to tidal forcing, and 15% 

Tab. 8 - 	 Bar chart of first-order Sobol sensitivity indices (S₁) for the 
dimensionless parameters in Equation (22). The chart ranks 
parameters by their direct contribution to the variance of 
salinity intrusion length (LHWS), with width convergence 
length exhibiting the highest sensitivity (S₁=0.62).

to density effects under moderate stratification in tropical 
estuaries (Parsa & Etemad-Shahidi, 2011). Error metric 
divergences offer additional insights: excluding certain 
discharge or Froude terms can slightly reduce RMSE in short-
intrusion cases (<20 km) while modestly increasing MAPE in 
longer ones (>50 km), indicating a trade-off between absolute 
and relative accuracy during extreme events, such as flood-
driven dilution in the Limpopo basin.

The robustness of Equation (22) is validated by the nonlinear 
degradation in performance upon parameter exclusion, with 
geometric and tidal terms showing the highest sensitivity. These 
results have practical implications for estuarine management, 
particularly in climate-vulnerable systems like Maputo 
and Limpopo. Prioritizing geometric surveys (e.g., LiDAR 
bathymetry) over roughness measurements can enhance 
prediction reliability. Future studies should incorporate time-
varying tidal dynamics or evaporation effects using coupled 
numerical models to address residual uncertainties, especially 
in hypersaline contexts (Tram et alii, 2024).

Sources of uncertainty and error propagation
Field measurements of parameters influencing salinity 

intrusion are subject to multiple sources of uncertainty, which 
compromise overall model accuracy. Human errors, such as 
timing discrepancies during high water slack surveys, and 
equipment limitations (e.g., conductivity probes with ±2% salinity 
resolution) introduce baseline inaccuracies. These challenges are 
amplified in dynamic estuarine environments, where rapid tidal 
propagation necessitates synchronized multi-station sampling.

A primary error source arises from freshwater discharge 
(Qf) estimation. Tributary inflows, ungauged subsurface flows, 
and evaporation losses often lead to 10-30% underestimation, 
particularly in complex dendritic networks like the Limpopo 
basin (Savenije, 2005). This propagates to predicted LHWS, 
contributing modestly to residual error (approximately 10-
20% of total MAPE in high-discharge scenarios >100 m³/s), 
as observed in datasets from Thames, Corantijn, and Limpopo. 
Salinity sampling further contributes to variability, with 
pronounced vertical (5-20 ppt/m) and lateral (2-10 ppt across-
channel) gradients. Most surveys capture only mid-depth, 
axial points, and position-specific errors (e.g., boat drift ±50 
m) add 5-12% deviations to intrusion length calculations. In 
stratified systems, unaccounted underflows bias longitudinal 
profiles, contributing approximately 5-10% to RMSE in dome-
shaped estuaries like Perak.

Model assumptions exacerbate these issues. Equation (22) 
assumes well-mixed conditions and steady-state HWS, with 
modest underperformance (5-15% higher MAPE) in tidally 
asymmetric or evaporative regimes (e.g., hypersaline Saloum; 
Chanis et alii, 2022). Bathymetric uncertainties-average depth 
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Residual diagnostics (Durbin-Watson=1.92, Shapiro-
Wilk p=0.73>0.05) indicated no significant autocorrelation or 
non-normality, though two observations were excluded due to 
missing data. These results affirm Equation (22)’s reliability 
across diverse alluvial estuaries, with nonlinear approaches 
offering opportunities for future optimization.

The source of the existing errors
Uncertainties in field measurements and model assumptions 

contribute to the residual error in predicting salinity intrusion 
length (LHWS) using Equation (22). Freshwater discharge (Qf) is 
often underestimated by 10-30% due to ungauged tributaries, 
subsurface flows, and evaporation, particularly in complex 
dendritic systems like the Limpopo basin (Savenije, 2005). 
This contributes modestly to residual error (approximately 
10-20% of total MAPE in high-discharge scenarios >100 
m³/s), as observed in datasets from Thames, Corantijn, 
and Limpopo. Salinity sampling errors (5-12%) arise from 
vertical (5-20 ppt/m) and lateral (2-10 ppt across-channel) 
gradients, exacerbated by boat drift (±50 m) and unaccounted 
underflows, adding ~5-10% to RMSE in stratified or dome-
shaped estuaries like Perak (Dyer, 1973).

The model’s assumptions of well-mixed conditions and 
steady-state high water slack lead to modest underperformance 
(5-15% higher MAPE) in tidally asymmetric or evaporative/

(h₁) variations of ±20% due to uncharted bars-persist despite 
exclusion, indirectly affecting geometric ratios (e.g., H₁/h₁) by 
5-10%. The sensitivity analysis (Section 3.4) quantifies these 
impacts: density gradients (Δρ/ρ) drive significant error increases 
(MAPE +80-120%), while discharge terms contribute moderately 
(+30-60%) due to compensatory tidal effects.

The total residual error (≈4-6% MAPE in the final model) reflects 
a composite of these sources, as detailed in Table 9. Approximately 
30-40% of the residual error originates from field measurement 
variance (e.g., discharge and salinity sampling), 30-40% from model 
assumption limitations (e.g., well-mixed assumption in asymmetric 
tides), and 20-30% from parameter interactions and bathymetric 
uncertainties. This distribution underscores the need for integrated 
error propagation analyses in future applications to enhance 
predictive precision (Gisen et alii, 2015).

Advanced statistical validation
To enhance the robustness of Equation (22), advanced 

statistical techniques were applied to the 42 observations from 
Table 5, including 10-fold cross-validation, Leave-One-Out 
Cross-Validation (LOOCV), polynomial regression (degree 
2), and Sobol sensitivity analysis. The 10-fold cross-validation 
yielded a mean MAPE of approximately 4.9% ±1.0% and RMSE 
of 1.7±0.3 km, while LOOCV resulted in MAPE of 5.3% ± 1.2% 
and RMSE of 1.9 ± 0.5 km, demonstrating strong consistency 
with the full-dataset performance (MAPE ≈4.3%, RMSE ≈1.5 
km) and prior 5-fold results (Section 3.3). Polynomial regression 
(degree 2) slightly improved MAPE to ≈4.0% and RMSE to ≈1.4 
km, indicating that minor nonlinear refinements could further 
enhance predictive accuracy in specific estuarine regimes. 
These results confirm the high stability and generalizability of 
Equation (22), even under rigorous validation schemes.

Sobol sensitivity analysis (see Fig. 8), which evaluates 
parameter contributions and interactions (Sobol, 1993, 2001), 
identified width convergence (b2/b1; S1=0.62 [0.58, 0.66]) and 
tidal range (H1/h1; S1=0.28 [0.24, 0.32]) as primary drivers, 
aligning with one-at-a-time (OAT) findings but revealing 
enhanced interaction effects among parameters (Saltelli et 
alii, 2008, 2010). The 95% confidence intervals (in brackets) 
were derived from bootstrap resampling (n=1000) following 
established practices in hydrological sensitivity analysis (Yang 
et alii, 2018; Pianosi et alii, 2016).

Tab. 9 - 	 Estimated contributions of Eìerror sources to residual MAPE 
in Equation (22)

Tab. 10 - 	Validation and sensitivity results for Equation (22) (Updated 
to include advanced results)

Fig. 8 - 	 Validation and sensitivity results for Equation (22) (Updated 
to include advanced results)
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hypersaline regimes (e.g., Saloum; Chanis et alii, 2022). 
Bathymetric uncertainties (±20% in average depth h₁) indirectly 
influence geometric ratios (e.g., b₂/b₁) by 5-10%, even after 
exclusion. Sensitivity analysis (Section 3.4) identifies density 
gradients (Δρ/ρ) as a significant error source (MAPE increase 
+80-120%), followed by discharge-related terms (+30-60%) 
due to compensatory tidal effects.

The total residual error (≈4-6% MAPE in the final model) 
reflects a composite of these sources, as detailed in Table 9. 
Approximately 30-40% originates from field measurement 
variance (e.g., discharge estimation and salinity sampling), 
30-40% from model assumption limitations (e.g., well-mixed 
assumption in asymmetric tides), and 20-30% from parameter 
interactions and indirect bathymetric effects. This distribution 
highlights the need for integrated error propagation analyses 
and improved data collection methods (e.g., remote sensing, 
continuous multi-depth monitoring, or satellite-based 
discharge estimation) to further refine model precision in 
future applications (Gisen et alii, 2015).

CONCLUSIONS
This study presents a parsimonious empirical regression-

based model for predicting salinity intrusion length at high 
water slack (L_HWS) in alluvial estuaries, addressing the need 
for rapid, accurate assessments in data-scarce regions amid 
escalating climate change and anthropogenic pressures. By 
leveraging a curated global dataset and dimensionless scaling, 
the model minimizes input uncertainties while achieving high 
predictive skill across diverse estuarine systems.

The key findings and contributions directly align with the 
specific objectives outlined in the Introduction:

•	O bjective i: a comprehensive and rigorously quality-
controlled dataset comprising 42 HWS observations from 22 
alluvial estuaries worldwide (including the Limpopo, Maputo, 
Mekong, Thames, and others) was assembled. This dataset 
captures a wide range of tidal regimes (micro-to macrotidal), 
freshwater discharges (1-1000 m³/s), and geometric conditions, 
providing a solid foundation for empirical modeling and 
enabling broad generalizability;

•	O bjective ii: four regression models (two dimensional 
and two dimensionless) were developed and compared. The 
optimal dimensionless formulation, Equation (22), which 
excludes average depth to reduce bathymetric uncertainty, 
emerged as the most robust, yielding R²=0.9864 (adjusted 
0.99), RMSE=1.5 km, MAPE=4.3%, and RMSRE=0.03. This 
represents a substantial improvement (75-94% error reduction) 
over established benchmarks.

•	O bjective iii: model performance was rigorously 
validated using multiple statistical metrics, cross-validation (5-
fold MAPE≈5.0%, 10-fold≈4.9%), residual diagnostics, and 
direct comparisons with measured profiles in case-study estuaries.

•	O bjective iv: sensitivity analysis, including Sobol 
indices, identified width convergence length (S₁=0.62) and 
relative tidal range (S₁=0.28) as the dominant controls on 
intrusion length, with negligible influence from roughness. 
Projections under RCP4.5 and RCP8.5 scenarios indicate 15-
36% increases in LHWS by 2050 due to sea-level rise (0.28-0.55 
m), with the highest vulnerability in low-gradient systems like 
the Limpopo (+36%) and Mekong (+32%).

The unit-independent and parsimonious nature of the 
proposed model makes it a practical, operational tool for estuary 
managers, policymakers, and researchers in resource-limited 
coastal regions. It facilitates rapid scenario analyses for climate-
adaptive water management, ecosystem protection, and mitigation 
of salinity-related risks to agriculture and freshwater supply.

Nevertheless, limitations remain, including assumptions 
of well-mixed conditions (potentially underperforming 
in stratified or hypersaline systems), uncertainties in field 
measurements (e.g., 10-30% discharge underestimation), and 
possible biases in dendritic estuaries. Future refinements could 
integrate real-time remote sensing, machine learning hybrids, or 
coupled hydrodynamic models to address dynamic bathymetry, 
stratification, and time-varying forcing.
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