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Abstract River deltas have complex vertical sediment dynamics within their distributary channel networks.
These dynamics suggest that remotely sensed suspended sediment concentration (SSC), which captures surface
conditions, is insufficient for investigating delta mixing. Here, we propose a method for mapping the Rouse
number using AVIRIS‐NG imagery from NASA's airborne spectrometer to investigate vertical mixing patterns.
The method is based on the inversion of the equation relating depth‐averaged and surface SSC from the Rouse
theory. We test this method and its assumptions using a global river data set. We apply this approach to the Wax
Lake Delta, Louisiana, USA during high discharge (riverine case) and low discharge (tidal case). Our results
indicate that the estimated Rouse number effectively reveals patterns of vertical mixing in both cases.
Furthermore, we reproduce 3D SSC fields at the distributary channel outlets using the Rouse number and
surface SSCmaps. Understanding these mixing patterns is crucial for river delta restoration efforts. Our findings
suggest that these new remote sensing data offer significant insights into delta dynamics.

Plain Language Summary River deltas are regions where rivers meet oceans. Here, the vertical
movement of sediment is complex because of branching channel patterns and interaction between river plumes
and tides. Remote sensing techniques only provide surface concentrations, which is a significant limitation to
understanding mixing patterns. To address this gap, we develop a method to estimate how suspended sediment
is distributed vertically using airborne imagery. This approach allows us to create detailed 3D concentration
maps that show the sediment distribution at various depths along the delta network. In the Wax Lake Delta, we
find different patterns of mixing in cases of high and low river discharges. We notice that the mixing pattern is
more complex during low discharge compared to high discharge due to the interaction of river discharge and
tides. Our approach offers a practical way to identify and understand delta mixing and can be applied to diverse
environmental conditions provided the availability of remotely sensed suspended sediment concentration.

1. Introduction
River deltas have complex hydrodynamics and sediment transport due to complex bathymetry and the interactions
among river flow, tides, and waves (Galloway, 1975; Wagner &Mohrig, 2019). The influx of river water carrying
suspended sediment into the distributary channels induces spatial variability in sediment transport across the
delta, leading to various mixing and deposition/erosion patterns (Horner‐Devine et al., 2015; Salter et al., 2022).
To understand sediment transport in deltas, spatial measurements of sediment are necessary to capture the
spatially varied mixing patterns; however, collecting high‐resolution and wide‐area data is challenging for
traditional field measurement techniques because most of them are localized. Investigating spatial patterns of
sediment transport in deltas usually relies on a difference map of bathymetry (Shaw & Mohrig, 2014) or a nu-
merical model calibrated by point measurements (Bellafiore et al., 2019; Olliver et al., 2020).

Recently, remote sensing has allowed the acquisition of suspended sediment concentration (SSC) maps by
developing a regression between SSC and remote sensing reflectance (Dethier et al., 2020; Harringmeyer
et al., 2024; Kwon et al., 2022; Noh et al., 2024). Jensen et al. (2019) showed that high‐resolution (5 m resolution)
hyperspectral imagery from airborne platforms can capture detailed SSC maps over coastal Louisiana, USA.
Furthermore, Kwon, Seo, and Lyu (2023) explored complex mixing patterns of suspended sediment in a river
confluence with 10 cm resolution hyperspectral imagery obtained by drones. While remote sensing techniques
have broadened the scope of measurements, they primarily measure SSC near the water surface or within a limited
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depth. This limitation restricts their applicability for comprehensive sediment transport analysis due to the
inability to estimate sediment loads and assess the vertical distribution of suspended sediments.

The Rouse number (P) (dimensionless) is the key parameter in the Rouse equation (Rouse, 1937), which is used to
predict the vertical distribution of SSC. P represents the balance between the settling mass flux and turbulent
diffusion (Equation 1):

P = ωs/βκu∗, (1)

where ωs (m s− 1) represents the settling velocity, β (dimensionless) is the ratio of the diffusivity of sediment and
momentum, κ (dimensionless) is the von Kármán constant (≈ 0.41), and u∗ (m s− 1) is the shear velocity. This
balance governs the vertical mixing of suspended sediment, determining how concentration varies with depth.
According to the Rouse profile (Figure 1a), P is a shape factor. When particle settling is dominant (negative
buoyancy), P is positive, indicating a higher SSC closer to the bed. Although negative P values, which indicate
high SSC near the water surface, are rare in rivers, low density particles such as microplastics can exhibit positive
buoyancy. Strong turbulent eddies can also counteract particle settling through upward mixing, leading to low P
values.

In river deltas, sediment transport is further complicated by channel bifurcations and interaction between river
plumes and tides resulting in 3D mixing patterns (Dong et al., 2020; Hage et al., 2019; Hizzett et al., 2018; Olliver
et al., 2020). This complexity is evident in river‐dominated deltas like the Wax Lake Delta (WLD) in Louisiana,
USA, where geomorphic changes are rapid and a distributary channel network has developed (Shaw et al., 2016;
Wagner & Mohrig, 2019; Wright et al., 2022). Understanding the 3D sediment transport and sediment supply in
such deltas is crucial for analyzing delta connectivity and geomorphic changes.

Sediment transport patterns in river‐dominated deltas vary significantly between high flows (riverine case) and
low flows (tidal case) (Figures 1b and 1c). For example, during high flows at WLD, strong upstream sand supply
aggrades the bed both inside and outside the channel network, with erosion focused at the sand shoals that define
the sidewalls of the bifurcate channels (Shaw et al., 2013). This process results in coarser bed sediment sizes and
the rearrangement of the channel network into a single primary channel with secondary channels branching off. In
contrast, during the low flow season, bed erosion is focused at the channel tips and the beds of all distributary
channels, leading to strong bed loads and a bayward extension of each channel tip (Shaw & Mohrig, 2014).
Channel‐bottom erosion during low flow is enhanced by tidally modulated currents that induce sand suspension
and transport during ebb tide, receiving only a weak sand supply from upstream. This variation in sediment
transport dynamics between high and low flows can induce different mixing patterns due to distinct values of the
variables in the equation for P (Equation 1). Additionally, if mud is the main portion of the sediment supply (e.g.,
WLD), ωs can remain relatively consistent across space due to flocculation (Nghiem et al., 2022). This feature
implies that diffusivity and u∗ become the main factors in determining P, and flow conditions in different en-
vironments (island/channel) and times (high/low flow) can change P through u∗.

In this study, we propose a method based on remote sensing data to map the instantaneous P values and infer the
vertical SSC distribution from remotely sensed near‐surface SSC.We validate this method using global river SSC
data and demonstrate its application at the WLD, using hyperspectral imagery from NASA's AVIRIS‐NG
airborne spectrometer. Furthermore, we apply this method to investigate different mixing patterns in cases
dominated by river plumes or tides. Understanding these mixing patterns is crucial for the restoration of river
deltas. Specifically, identifying areas of sediment deposition and erosion through detailed 3D mapping helps
inform targeted sediment management strategies and habitat restoration efforts. Accordingly, our approach offers
novel insights into the complex dynamics of sediment mixing in various delta environments by providing new
remotely sensed SSC estimates with wide spatial coverage.

2. Methods
2.1. Derivation of the Rouse‐Alpha Model

To compute P across the delta region using a water depth map, we derive the Rouse‐alpha model, from the ratio of
the depth‐averaged and remotely sensed concentrations (α) (dimensionless), following the Rouse theory
(Rouse, 1937). The model expresses α as a function of P and water depth (h) (m). Therefore, we can inversely
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calculate P across the entire image using a single value of α estimated from in situ measurements, along with h
maps retrieved from AVIRIS‐NG imagery (Kwon et al., 2024).

The definition of α is:

α =
C̄

C(zrs)
, (2)

where C̄ is the depth‐averaged concentration, and C(zrs) is the remotely sensed concentration at the remote
sensing‐calibrated depth (zrs) (m). The Rouse equation is given by:

C(z) = Cr (
zr(h − z)
z(h − zr)

)

P

. (3)

In this equation,C (volume sediment/total volume; dimensionless) is the volumetric SSC at height z (m) above the
bed, Cr is the reference SSC at a near‐bed height (zr) (m), and P is the Rouse number (Equation 1).

Subsequently, we derive the equational forms of both C̄ and C(zrs) from Equation 3. To obtain C̄, we depth‐
integrate Equation 3 over the water column height h, without considering C below zr. Substituting u = z

h into the
depth‐integral yields:

C =
1
h
∫

h

0
C(z) dz = Cr (

zr
h − zr

)

P

∫

1

0
(
1 − u
u
)

P

du. (4)

Recognizing the integral as a Beta function B(1 − P,P + 1), the relationship between the Beta and Gamma
functions simplifies the integral to (we provide the full derivation of the model and additional details in the
Supporting Information S1):

∫

1

0
(
1 − u
u
)

P

du = Γ(1 − P)Γ(P + 1). (5)

Thus, the depth‐averaged concentration C̄ becomes

Figure 1. (a) Rouse profiles of normalized vertical concentration (C/Cmax) and vertical position (z/h) for different Rouse numbers (P). Schematic illustrations of (b) the
riverine case and (c) the tidal case. Here, C is the sediment concentration at a given vertical position, Cmax is the maximum sediment concentration near the bed, z is the
vertical distance from the bed, and h is the water depth.
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C = Cr (
zr

h − zr
)

P

Γ(1 − P)Γ(P + 1). (6)

We also obtain C(zrs) from Equation 3 by substituting z with zrs:

C(zrs) = Cr(
h − zrs
zrs

⋅
zr

h − zr
)

P

. (7)

Consequently, we obtain the ratio α using the derived forms of C̄ and C(zrs) :

α =
C

C(zrs)
=
Γ(1 − P)Γ(P + 1)

(
h − zrs
zrs
)
P . (8)

This final equation has the advantage of being independent of the reference concentration Cr; thus, the only
variable we need to set is zrs. zrs is challenging to define because the depth at which light penetrates a water
column varies with turbidity. However, here zrs corresponds to the depth at which the in situ SSC, used as training
data for the regression model relating SSC to hyperspectral data, was measured. This technical calibration of
remote sensing data allows us to assume zrs as a specific depth. Consequently, we fix zrs at h − 0.5 m, as we
utilize SSC maps at WLD (Harringmeyer et al., 2024) calibrated with in situ SSC data measured at 0.5 m from the
water surface (Fichot et al., 2022). The denominator of Equation 8 represents a dimensionless term. When
substituting h − 0.5 m, h becomes dimensionless, and the equation simplifies as follows:

α = Γ(1 − P)Γ(P + 1)(2h − 1)P. (9)

In WLD, water depth is deeper in the upstream riverine region and shallower in the downstream delta region
(Kwon et al., 2024). While the depth is typically deeper than 1 m in channels, it can be shallower in non‐channel
areas (e.g., inundated deltaic islands). Applying the Rouse theory to non‐channel areas is challenging due to its
assumptions of steady, uniform, and unidirectional flow. Accordingly, we suggest that h should be >1 m for this
model to avoid negative zrs values. This condition is reasonable considering that the detectable depth by remote
sensing is located in the upper layer of the water column, a certain distance from the surface (Volpe et al., 2011).
This adjustment allows the Rouse‐alpha model to be expressed as a function of α, P, and h.

2.2. Applying the Rouse‐Alpha Model to Remote Sensing: α Constant Assumption

For the model application, we assume that a mosaic created frommultiple AVIRIS‐NG images, covering the delta
region, represents an instantaneous snapshot of the landscape. This assumption is based on the fact that the flight
time required to capture the multiple AVIRIS‐NG images falls within a single tidal cycle. Donatelli et al. (2023)
demonstrated this point in the velocity estimation in the WLD using AVIRIS‐NG images. Therefore, the core
concepts of this study involve mapping the instantaneous P distribution using an instantaneous h map and
retrieving vertical SSC profiles from a remotely sensed SSC map, all estimated from the same image (one
AVIRIS‐NG image for h, SSC, and P).

Equation 9 allows for the inverse computation of P given known values of α and h. However, to map P using this
model, we need the spatial distributions of both α and h. While α can only be obtained through in situ mea-
surements, making it challenging to acquire spatial information, h can be spatially measured through remote
sensing (Gwon et al., 2023; Legleiter &Harrison, 2019; Legleiter & Kinzel, 2021; Niroumand‐Jadidi et al., 2022).
Hyperspectral imagery has proven effective for estimating water depth in a variety of fluvial and coastal envi-
ronments (Kutser et al., 2020). In this study, we utilize AVIRIS‐NG hyperspectral images acquired during the
Delta‐X Spring and Fall campaigns (Thompson et al., 2022) and apply a Random Forest model with recursive
feature elimination (RF‐RFE) to estimate h across the WLD (Kwon et al., 2024). This model, trained with co‐
located in situ depth measurements and reflectance spectra, demonstrated high accuracy (R2 > 0.9) and reli-
ably captured spatial variations in water depth (up to 30 m) even in optically complex regions. The resulting h
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estimates serve as key input for mapping P in our method. Further details on the remote sensing data and model
implementation are provided in Section 3.1.

The index concentration method using α (Santini et al., 2019) offers a practical approach for acquiring depth‐
averaged SSC. This method assumes a linear relationship between index and depth‐averaged concentrations.
Thus, we can empirically compute a constant value of α for the study area as the slope of a linear regression
between these concentrations (Horowitz et al., 2015; Santini et al., 2019; Vauchel et al., 2017). Maintaining a
unique sampling depth during fieldwork poses challenges; thus, using near‐surface concentration as index
concentration can be more practical. A linear regression of near‐surface and depth‐averaged concentrations
showed good agreement with field data in various rivers (Santini et al., 2019). We use the ratio of near‐surface and
depth‐averaged concentrations for α and estimate a constant value of α using in situ measurement data. Therefore,
we can calculate the spatial distribution of P from the remotely sensed hmap. For this computation, we employ a
non‐linear solver (the “fsolve” function in “scipy” of Python) to solve Equation 9 inversely.

To reproduce the vertical distribution of SSC using the remotely sensed surface SSC map and the estimated P
values, we employ the Rouse equation (Equation 3). Although the reference concentration (Cr) is typically taken
as the near‐bed concentration, it can be replaced with a more reliable sampling concentration due to the steep
concentration gradient near the bed and the challenges of maintaining consistent measurement depths, which can
induce significant uncertainty (Santini et al., 2019). Therefore, we use the remotely sensed surface SSC map
(C(zrs)) and its measured height (zrs = h − 0.5m) as a more reliable and consistent reference for Cr and zr.

While this method is based on the one‐dimensional Rouse theory, we can extend it to a two‐dimensional map
using the water depth map by considering that variations in h across the landscape dominate the vertical sediment
distribution at each location. Assuming α constant implies that h is the primary variable determining the value of
P, as h controls the buoyancy terms in the denominator of P (Equation 1). In particular, varying h affects u∗ in
Equation 1 by altering the drag, which is governed by the ratio of water depth to roughness height (Gualtieri
et al., 2018; Ramõn et al., 2013). Additionally, h impacts the diffusivity of both momentum and sediments, acting
as the maximum turbulent length scale. Despite the covariance between α and P, we posit that in regions with
substantial depth variations, such as WLD, P can be effectively inferred using h under the assumption of con-
stant α.

Importantly, the predominance of mud in the composition of the incoming sediment at WLD supports the sig-
nificant role of h in P variations, as relatively consistent sediment settling conditions occur due to flocculation
(Nghiem et al., 2022; Shaw et al., 2013). Without flocculation, the settling rate should follow Stokes' law with a
squared dependence on particle size, leading to different α and P. However, flocs aggregate particles of different
sizes, allowing them to settle at a similar rate, which results in a near constant α at each site (Nghiem et al., 2024).
To validate this hypothesis, we show the constant α model in comparison to models under the assumption of
constant P or constant h in Section 4, supporting the choice of the constant α model.

2.3. Model Performance Evaluation

We assess model performance using root mean squared error (RMSE), mean absolute percentage error (MAPE),
and percent bias (PBIAS). RMSE evaluates the error in the same units as the actual data, MAPE assesses the
normalized error, and PBIAS measures the bias in the model estimation results. The formulas for each metric are
provided below:

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑
n

i=1
( yi − ŷi)

2
√

, (10)

MAPE =
1
n
∑
n

i=1

⃒
⃒
⃒
⃒
yi − ŷi
yi

⃒
⃒
⃒
⃒ × 100, (11)

PBIAS =
∑

n
i=1 ( yi − ŷi)
∑

n
i=1yi

× 100, (12)

where yi is the observed P or α, ŷi is the estimated P or α, and n is the number of observations.
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3. Study Sites and Data
3.1. Wax Lake Delta and Remote Sensing Data

The WLD is a dynamic delta within the Atchafalaya Basin in Louisiana, USA, exhibiting complex sediment
transport and morphological evolution (Figure 2). This area features a broad delta front characterized by
expanding islands (Figures 2a and 2b) (Olliver et al., 2020; Shaw et al., 2018). The upstream sediment supply
substantially influences the morphodynamic processes in WLD, particularly since the delta front lies below the
low tidal level (Shaw et al., 2013). The seasonal discharge variations lead to diverse sediment mixing patterns
near the subaerial area. Therefore, we explore two distinct sediment mixing patterns during the 2021 Spring
(24 March to 2 April 2021) and Fall (17–25 August 2021) campaigns of the NASA Delta‐X mission (Simard

Figure 2. Study sites and locations of field measurement data: (a) Wax Lake Delta (WLD); (b) distributary channels at the
WLD outlet (aerial photo captured by AVIRIS‐NG during 2021 Spring campaign); suspended sediment concentration (SSC)
maps retrieved by AVIRIS‐NG imagery at WLD in the (c) riverine and (d) tidal cases (Fichot & Harringmeyer, 2023). The
particle size distributions (PSDs) of (e) the riverine case (Spring) and (f) tidal case (Fall) at the apex of WLD show that fine
sediments (silt and clay) were predominant.
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et al., 2020). The Spring campaign was a riverine case, characterized by high seasonal discharge (Figure 2c). The
river discharge at the apex of WLD was 5,148.33 m3/s (Christensen et al., 2022). Due to the high river discharge,
the delta received a high sediment load, as indicated by 80.86 mg/L of TSS and 46.2 NTU of turbidity (Fichot
et al., 2022; Nghiem et al., 2023). Conversely, tides were dominant during the Fall campaign due to the low
seasonal discharge (=1,646.28 m3/s) (Figure 2d). The sediment supply was also lower, as indicated by 23.2 mg/L
of TSS and 13.59 NTU of turbidity (Fichot et al., 2022; Nghiem et al., 2023).

The remotely sensed (near‐surface) SSC, estimated from AVIRIS‐NG images shows different spatial patterns in
riverine (Spring) versus tidal (Fall) cases (Fichot & Harringmeyer, 2023; Harringmeyer et al., 2024) (Figures 2c
and 2d). In the riverine case, streaklines are apparent in the SSC map, implying sediment advection along the flow
due to high river discharge (Salter et al., 2022). However, in the tidal case, the streaklines are almost absent; high
SSC clouds are observed near the delta front rather than along the distributary channels.

3.2. Field Data

To validate the Rouse‐alpha model and assess the assumption of constant α, P, and h, we use a published in situ
measurement data set of vertical SSC profiles measured at global rivers (Baronas et al., 2020; Bouchez, 2022;
Bouchez et al., 2011; De Leeuw et al., 2020; Dingle, 2021; Dingle et al., 2020; Lamb et al., 2020; Lupker
et al., 2011, 2012; Moodie, 2020; Nghiem et al., 2022) (Figure 3). We augmented this data set with the WLD data
from the Delta‐X campaigns (Figure 2a). The combined data set includes particle size distributions of fully
dispersed sediment grains measured by laser diffraction (Figures 2e and 2f), h, and u∗ for most of the profiles
(Table 1).

We estimate α from Equation 2 and P from Equation 3 for all profiles in the compiled data set. Estimating α
requires dense vertical data to obtain reliable C(zrs) and C̄. Therefore, we interpolate and extrapolate the vertical
profile data within the water depth using the estimated P value for computing α. During this process, we discard
profiles showing a MAPE under 50% (15 out of 417 in total), as we assume these profiles have high measurement
noise or do not conform to the Rouse theory due to non‐equilibrium sediment transport (Nghiem et al., 2022).
Therefore, the final data contains 402 sets of α, P, and h from 16 rivers (Figure 3), which reflect broad ranges of
these variables (Table 1).

We evaluate the proposed method using the compiled data set for both the total SSC and the fine sediment fraction
of SSC. To evaluate the applicability of our proposed method to fine sediment (silt and clay; sediment diameters,
d< 63 μm) (Lamb et al., 2020), we compute the values of the three variables using only the concentration of the
fine sediment fraction (see Table S1 in Supporting Information S1). Given that the data primarily originate from
rivers with a high mud portion (Nghiem et al., 2022), the overall P and α values for several rivers are low, with
relatively small differences between the fine SSC and total SSC fraction. However, in rivers such as the Loup and
Yellow Rivers, the difference in the values of these two variables is more significant. Even in mixed environments
with both mud and sand, remotely sensed SSC is likely dominated by the concentration of mud near the water
surface. To determine whether the predicted P from this surface concentration also accounts for coarser sediment
below the surface, we compared the fine SSC fraction and total SSC.

Figure 3. Geographic distribution of the global river data set.
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4. Results
4.1. Validation of the Rouse‐Alpha Model

We estimate the variable α by inputting the in situ measured P and h values of all points in the global river data set
into Equation 9, and comparing the estimated α values with the actual values. We achieve accurate estimation
results with a RMSE of 0.13, a MAPE of 1.92%, and a PBIAS of 0.75% (Figure 4a). For the variable P, we input
the in situ measured α and h values into Equation 9 and inversely calculate P. The accuracy of this inversion
results in a RMSE of 0.02, a MAPE of 12.63%, and a PBIAS of − 2.56% (Figure 4b). The estimation accuracy is
higher for P values below 0.3, where the majority of the data are distributed (Table 1). However, for P values

Table 1
Summary Statistics of α, P, and h From Compiled Global River Data (Total SSC)

River Profile count

P α h (m) u∗ (m/s) MAPE (%)

Mean Std Mean Std Mean Std Mean Std Mean Std

Amazon 7 0.10 0.14 2.67 1.68 54.29 7.59 0.09 0.03 18.76 13.38

Beni 2 0.02 0.00 1.06 0.01 6.72 1.02 0.06 0.03 27.35 21.40

Fraser 75 0.11 0.09 1.61 0.65 11.83 1.48 0.05 0.04 7.05 5.56

Ganges 8 0.14 0.06 1.65 0.36 11.63 1.48 0.06 0.03 9.94 6.08

Irrawaddy 8 0.11 0.08 1.58 0.48 14.88 2.21 0.05 0.02 23.73 14.67

Karnali 4 0.11 0.15 1.39 0.46 6.05 1.89 0.20 0.02 8.29 6.24

Loup 4 0.40 0.13 1.41 0.34 1.11 0.08 0.06 0.06 0.00 0.00

Madeira 6 0.04 0.05 1.21 0.30 18.17 4.92 0.06 0.03 7.01 12.67

Mamore 1 0.03 – 1.09 – 15.19 – 0.26 – 18.73 –

Mississippi 32 0.07 0.06 1.27 0.29 9.12 2.87 0.09 0.02 6.86 6.62

Missouri 105 0.11 0.11 1.38 0.47 6.30 1.83 0.10 0.02 5.36 5.52

Niobrara 69 0.20 0.11 1.44 0.34 2.56 0.49 0.11 0.07 9.21 8.00

Salween 4 0.17 0.20 2.11 1.79 6.35 1.47 0.03 0.02 13.86 12.83

Solimoes 4 0.05 0.04 1.25 0.30 27.50 2.89 0.08 0.02 15.34 8.64

Yellow 46 0.29 0.11 1.77 0.64 2.70 1.32 0.04 0.01 5.00 4.67

Wax Lake Delta 23 0.11 0.10 1.31 0.41 8.54 9.70 – – 18.09 13.96

Note. Std represents the standard deviation.

Figure 4. Validation results of the Rouse‐alpha model for (a) α (forward calculation) and (b) P (inversion) estimates using
total SSC data.
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above 0.4, the model tends to underestimate P, resulting in a negative PBIAS. Although the error is higher than
that of the forward calculation for α, this inversion also shows high accuracy.

Therefore, the Rouse‐alpha model is suitable for estimating both α and P. We aim to use the water depth map
derived from remote sensing data as the input value for h in the equation, under the assumption that α is constant,
to spatially estimate P. To examine the validity of this approach, we analyze how the model's results change when
each variable is held constant in the next section.

4.2. Constant Variable Assumptions and Model Sensitivity

The model outputs under conditions where all variables vary show an interdependent relationship of α, P, and h
(Figure 5a). By assuming one variable is constant, we can simplify the two‐dimensional relationship between the
remaining two variables. Under the assumption of a constant α, the model shows a sharp decrease in P as h
increases in the shallow range (h< 5 m), while P converges in the deeper range (Figure 5b). This tendency is
maintained even when the value of α is changed. However, as α increases, the slope of the decay in the shallow
range becomes less steep, and the converged value of P increases. This result highlights the model's sensitivity to
α and the importance of accurately determining the constant value of α.

Therefore, we need to determine the appropriate value of the constant α. Following the index concentration
method (Section 2.2; Santini et al., 2019), we compute a linear regression equation between surface and depth‐
averaged SSCs without an intercept and use its slope as the value of α. The regression lines for α constant derived
from the full and fine fraction concentrations of the compiled global river data (Figures 6a and 6b), as well as from
the total SSC of WLD, show good agreement with a high correlation (R > 0.97) (Figure 6c).

The values of α calculated for the total SSC are similar between the compiled data and WLD data, with values of
1.27 and 1.26, respectively. This similarity is due to the high values of SSC observations inWLD, which dominate
the slope fitting. Several rivers' α values are higher than 1.27 (Table 1), as indicated by the scattered points in the
low SSC range (Figure 6a). Nonetheless, data from these rivers are well generalized with the calculated value of α,

Figure 5. Sensitivity of Rouse‐alpha model to variable values under different conditions: (a) all variables varied; (b) alpha
constant.

Figure 6. Comparison plots of surface concentration and depth‐averaged concentration from in situ measurements: (a) total SSC of global rivers; (b) fine fraction
concentration of global rivers; (c) total SSC of WLD. The slope of the regression line is the index for depth‐averaged SSC (α).

Journal of Geophysical Research: Earth Surface 10.1029/2024JF008077

KWON ET AL. 9 of 19

 21699011, 2025, 12, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024JF008077 by C

alifornia Institute O
f T

echno, W
iley O

nline L
ibrary on [10/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



achieving an R value of 0.98. When considering only the fine fraction, the α constant is lower and equal to 1.11
(Figure 6b). The regression fitting shows good agreement with the data, particularly in the low concentration
range where most data are distributed. This result indicates that α does not vary significantly across different
rivers, and we can obtain an appropriate constant value of α, although the model is sensitive to this value
(Figure 5b).

To further confirm the validity of the assumption of α constant, we compare it with the assumptions of P and h
constant using averaged data at 1‐m depth intervals (Figure 7). We use the slope derived from surface and depth‐
averaged SSC (Figure 6) as the constant value of α and mean values of P and h from in situ measurements as
constant values for the comparison.

Because the assumption of a globally constant α does not hold across all rivers, applying the model globally
introduces significant errors; however, our validation results demonstrate that the Rouse‐alpha model, when
applied to water depth data, effectively captures the overall trend of P with h, especially for total SSC (Figures 7c
and 7f). Although the standard deviation of P by depth is quite significant when estimated from field data, the
sharp decrease followed by convergence with depth appears very similar in both the model and observations.
This tendency is more apparent in the total SSC (Figure 7c) than fine SSC fraction (Figure 7f), resulting in
better accuracy for the total SSC. Additionally, in both fraction cases, the error is larger in the deep depth range
(h > 40 m). In the fine fraction, the model tends to underestimate P, and in the total SSC, the deviations are more
pronounced. Therefore, this result suggests that our approach is more suitable for total SSC and for h < 40 m.

The h range of WLD is highly varied (Table 1). The h of WLD ranges from 0.5 to 30 m, resulting in the variation
of P with h showing a trend very similar to that observed in global river data. Moreover, the converged P in the
deep depth range shows better agreement with both predictions and observations (approximately 0.09)

Figure 7. Comparison of variables estimated by field data and the Rouse‐alpha model under the assumption that each variable is held constant: (a–c) total SSC of the
compiled global rivers, (d–f) fine fraction sediment of the compiled global rivers, (g–i) total SSC of WLD. The error bar indicates the standard deviation in 1‐m depth
interval.
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(Figure 7i), than the results from global rivers (Figure 7c). This result highlights the importance of the site‐specific
α constant estimation (Figure 6c).

WLD also shows that α values remain nearly constant even as P and h vary (Figures 7g and 7h), compared to
global rivers (Figures 7a, 7b, 7d and 7e). This result and strong linearity between surface and depth‐averaged
SSCs supports the hypothesis that, in the site where mud is predominant, α remains near constant. This is
because the majority of the sediment load consists of suspended sediment, most of which is flocculated mud
(Figures 2e and 2f). Flocculated mud tends to have a relatively consistent settling velocity due to the similar floc
size, which is constrained by shear velocity (Lamb et al., 2020). Within WLD, the variability in shear velocity is
relatively limited due to generally low slopes and depths. However, it is important to note that this inverse
relationship between depth and slope (Dunne & Jerolmack, 2020) is typically valid in channels but might not be
universally applicable across all deltaic regions. The shear velocity and flocculation dynamics could vary
significantly in certain delta regions, potentially influencing the validity of the constant α assumption. Never-
theless, as shown in Figures 7g–7i, h remains the dominant factor influencing variations in P, while changes due
to other factors are comparatively minor.

Among α, P, and h, only h can be estimated from remote sensing data, which is why we argue that a constant α is
more practical for remote sensing applications. Thus, we apply the Rouse‐alpha model with the assumption of α
constant using the water depth map to estimate P spatially for the riverine and tidal cases in WLD and then
validate the remotely sensed P values with field data in the following section.

4.3. Application to Wax Lake Delta

We apply the proposed Pmappingmethod across the distributary channels in theWLD (Figures 8a and 8b) using h
maps derived from the same AVIRIS‐NG imagery (Figures 8c and 8d) (Kwon et al., 2024). We selected this area
because the partitioned channels show distinct mixing patterns in the riverine and tidal cases (Figures 2c and 2d).
Additionally, h tends to be shallower in the downstream channel network compared to the riverine sections due to
sediment deposition from the upstream sediment supply (Shaw et al., 2013). To validate our method, we compare
the estimated P values (Figure 8) within the segmented zones (Figure 8c) to those derived from in situ measure-
ments (Figure 2a). We select the Rouse equation (Equation 3) for this comparison because this model is used in
Equation 8 and shows good agreement with in situ measurements, yielding better results than those of the other
vertical SSC equations (Figure S1; Table S2 in Supporting Information S1).

During the campaign period, there is a time difference between field data and AVIRIS‐NG data (in situ mea-
surements: 24 March to 2 April 2021, and 18 August to 22 August 2021; AVIRIS‐NG flights: 1 April 2021, and
22 August 2021). However, our focus is on the spatial trends resulting from the river plume and tidal conditions of
each campaign in WLD. The mean P values in the channels from remote sensing and in situ measurements match
closely; however, sampling points near the side of the channel at Main Pass and Greg Pass (Figure 8) exhibit a
higher error (Figure 9). The assumption of a spatially constant α could be particularly problematic at channel
sides, which typically exhibit distinct hydrodynamic conditions compared to the channel centers. Nevertheless,
the model captures well the lower P at the riverine region (River and Apex sections) and higher P at the dis-
tributary channels. Notably, the variance trends across each area are similar, particularly in areas with high
variation, such as Greg Pass.

The remotely sensed P maps for the riverine and tidal cases show a similar P range between 0.05 and 0.1 in the
upstream riverine sections (Figure 9). These low P values imply that the sediment behavior is characterized by
passive mixing and vertically uniform profiles of SSC. However, different patterns of P values emerge in the
distributary channels. The tidal case exhibits relatively high variances and gradually increased P values along the
longitudinal distance of distributary channels. These results are due to the relationship between h and P as
depicted by the Rouse‐alpha model (Figure 5b). In this model, P is highly sensitive to changes in h in shallow
areas (<5 m; where roughness has a high impact) and tends to converge to around 0.1 in deeper areas (where
roughness has a weak impact).

In the tidal case, the lower river discharge leads to shallower h, where P is sensitive to h. Moreover, due to
sediment suspension and bed deposition and erosion at the channel tips from relatively strong tides (Figure 1c),
the P values at the channel outlets show distinct spatial patterns. This region consists of deeper bedrock extent
formed from cohesive mud and shallower alluvial regions, representing dynamic channel evolution and
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Figure 8. Spatial distribution of Rouse number (P) retrieved from AVIRIS‐NG images and in situ measurement points:
(a) riverine case and (b) tidal case. Water depth maps from Kwon et al. (2024) used to estimate the Rouse number for the
(c) riverine case and (d) tidal case.

Figure 9. Boxplot comparing remotely sensed P values with fitted P values from in situ measurements at channels: (a) riverine and (b) tidal cases. (c) Areas selected for
comparison. Each boxplot corresponds to a region identified in panel (c) and represents the distribution of P values within that region.
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bifurcation (Shaw & Mohrig, 2014). Consequently, the P map shows also the deflection of sediment flux,
especially in Gadwall Pass where a channel bifurcation is growing at the outlet (Shaw & Mohrig, 2014). This
morphological feature under shallower depth leads to high P values with high variance at the channel outlets in the
tidal case. However, high P typically indicates strong sediment settling and thus lower surface SSC, which ap-
pears inconsistent with the observed higher near‐surface SSC at the channel outlets (Figure 2d). This apparent
contradiction can occur because tidal modulation of the river plumes can elevate surface SSC near the channel
outlets, creating conditions that conflict with the expected sediment distribution from high P values. Such dis-
crepancies arise due to the constant α assumption, which becomes less valid in shallow, tidally influenced areas
with pronounced sediment variability. Further discussion on this limitation and its implications for applying our
method in such environments is provided in Section 5.1.

In the tidal case, the variance of P increases across all areas compared to the riverine case (Figure 8). We attribute
the high variance of remotely sensed P in the distributary channels to the influxes from secondary channels
connected to deltaic islands (Figure 2b). Greg Pass shows a high variation of P in both cases. The secondary
channels connected to Mike Island could supply sediment to the interior of the island and then experience sig-
nificant changes in h (Figures 8c and 8d) (Geleynse et al., 2015; Hiatt & Passalacqua, 2015).

In contrast, the channel network is much more inundated in the riverine case, resulting in a more spatially uniform
P distribution (Figures 8c and 8d) because the high discharge leads to more consistent water depths across
distributary channels. This P map further illustrates the formation of horizontal boundary layers between regions
where streaklines are prominently developed at each distributary channel's outlet as a feature of the riverine case.
This pattern indicates a tendency for river‐suspended sediment to reach the delta front due to river flow towards
the outlet and sediment influxes with stable vertical profiles. In particular, on the sides of each distributary
channel outlet and the lower parts of the deltaic island, the P values are relatively higher. These areas have
shallower depths due to weak sediment erosion, with weak flows.

We reproduce the vertical SSC distribution along the channel outlets moving from west to east (Figure 10). Both
riverine and tidal cases exhibit substantially different SSC patterns at the channel outlets. The riverine case shows
strong sediment fluxes from the channels, corresponding to the surface SSC pattern along streaklines (Figure 2c).
We observe high SSC in the deltaic islands due to strong northerly winds, inducing lowwater levels and enhanced
resuspension (Harringmeyer et al., 2024). The sediment fluxes from the islands appear as vertical columns with
high SSC (Figure 10a), corresponding to boundary layers showing higher P (Figure 8a). Among the fluxes from
the channels, Gadwall and Greg Passes show the most laterally mixed SSC fields, while Main Pass has the highest
sediment flux with low diffusion. We attribute the laterally mixed fluxes to the high connectivity to the deltaic
island and the bifurcated channels at the outlets. Conversely, advection dominates in straight channel outlets like
Main Pass, resulting in a strong SSC column (Figure 8a).

Additionally, the vertical SSC profiles show typical riverine features, marked by high SSC near the bottom and
low SSC near the surface. The α values are consistent along the channel outlets, closely matching the α (=1.26)
from in situ measurements (Figure 6c). This result suggests that the sediment fluxes maintain their vertical shape
at the channel outlets.

Conversely, in the tidal case, we observe sediment flux asymmetry (Wagner & Mohrig, 2019). Sediment flux
from the channels is significantly altered at the channel outlets (Figure 10b). The SSC values are higher on the
west side of the delta front compared to the east side due to the west‐to‐east tidal direction. The vertical sediment
columns are less laterally mixed than those in the riverine case, attributed to the low connectivity to the deltaic
islands, as shown in the SSC map (Figure 10d). Notably, the model reproduces relatively high near‐bed SSC,
indicating α over 2 (Figure 10b). This result aligns with the characteristics of the low flow season (Shaw &
Mohrig, 2014), including active erosion/deposition and sediment suspension at the channel tips (Figure 1b).
Particularly at Gadwall Pass, the model captures bifurcate SSC fluxes with strong near‐bed SSC. Therefore,
mixing in the tidal case is a dynamic 3D process.

To apply the Rouse‐alpha model as in Figure 10, α is handled in two stages. First, we invert the spatial distribution
of the Rouse number under a single, calibrated constant α. Second, using this field together with local water depth
and near‐surface SSC, we reconstruct a vertical concentration profile at each location, fromwhich a recalculated α
is defined as the ratio of the depth‐averaged to the near‐surface concentration. This diagnostic α is not fed back
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into the inversion; its spatial variability reflects local differences in depth and near‐surface SSC rather than any
inconsistency with the constant‐α formulation.

Traditional remote sensing generally measures near‐surface SSC, and thus misses higher concentrations at depth
described by the Rouse profile. Thus, using remotely sensed SSC alone could significantly underestimate the total
sediment load. This limitation highlights the advantage of the proposed method in practically investigating 3D
sediment dynamics and estimating sediment load via remote sensing data.

5. Discussion
5.1. Variable Constant Assumptions of the Rouse‐Alpha Model for Remote Sensing Application

The proposed method depends on a constant α, estimated by in situ measurements. Although our results
demonstrated that the assumption of constant α effectively captures general h‐to‐P trends, it inherently simplifies
the complexity of diverse hydrodynamic and sedimentary conditions (Figure 5a; interdependent relationship
among α, P, and h).

A key factor contributing to the near constant α values observed is the flocculation of mud. In most rivers, the
sediment load is dominated by suspended sediment, and mud makes the majority of the suspended load. Floc-
culation causes mud particles to aggregate, resulting in a much narrower range of settling rates than would be
predicted by Stokes' settling law for individual particles (Nghiem et al., 2022, 2024). Moreover, shear velocities
do not tend to vary significantly because depth and slope are inversely related, which keeps the range of shear
velocities smaller (Dunne & Jerolmack, 2020). The finest scale of turbulence, governed by shear velocity, likely
sets an upper limit on floc size. Consequently, both P and α show significantly less variability than expected, even
across different rivers, and much less variability than is observed in h.

Figure 10. Generated vertical distributions using remotely sensed P values and their α values across the distance from the
west channel outlet: (a) riverine case and (b) tidal case. α values located at h below 1 m are filtered out.
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In WLD, significant variations in h and the transport of fine sediment (mud) result in spatially different mixing
patterns. Our proposed method found more spatially consistent P values in the riverine case and greater variation
in the tidal case. In distributary channels, P values are generally low in both riverine and tidal cases; however,
localized high P values occur in the tidal case due to shallower water depths at delta outlets. In shallow regions
(h< 10m), small variations in water depth significantly influence the estimated P values (Figure 5b). Particularly
in tidally influenced regions, these local variations become more pronounced (Figure 10b), potentially chal-
lenging the constant α assumption. Nevertheless, the overall h‐to‐P trend remains valid (Figure 7i). This tendency
indicates the dominant influence of h within the channels due to the relatively consistent shear velocity and
settling rate of mud.

Additionally, spatial variations in sediment characteristics can influence the validity of the constant α assumption.
For example, sediment mixtures at delta fronts or river confluences could exhibit variable settling velocities (ωs),
leading to spatially varying P values. Differences in the degree of flocculation or dominance of sand can also
significantly affect ωs. In such cases, dividing the study area into regions based on sediment characteristics and
applying site‐specific calibrations with different constant α values could yield better results. Because sediment
characteristics are reflected in their spectral properties, spectral clustering approaches (Kwon, Seo, & Lyu, 2023)
that partition confluence zones based on remote sensing imagery could be effectively employed, allowing for
spatially variable yet locally constant α values. Therefore, applying this method to new areas necessitates careful
evaluation of the covariance among P, h, and α.

5.2. Applicable Spatial and Water Depth Scales

With the development of remote sensing techniques for water depth estimation, we can acquire spatial data for h
in various ways. NASA's photon‐counting LiDAR, the advanced topographic laser altimeter system (ATLAS)
onboard the Ice, Cloud, and Land Elevation Satellite‐2 (ICESat‐2), has improved depth retrieval capabilities from
LiDAR up to 20 m (Chen et al., 2021). Additionally, imaging spectroscopy can measure depth up to 30 m using
machine learning, even under turbid conditions (Gwon et al., 2023; Kwon et al., 2024). Therefore, combining
these techniques provides broad applicability for the proposed method.

Applying our proposed method to shallow rivers can be more challenging than to deep rivers. In particular, when
water depths are shallower than 10 m, even small changes in water depth can cause significant variability in
estimated P values. Therefore, obtaining highly accurate measurements of water depth is critical for reliable P
estimation in these shallow environments. The AVIRIS‐NG‐based depth maps used in this study provided reliable
depth estimations up to 30 m, even under turbid conditions, with an accuracy of R2 = 0.94 and RMSE = 1.26 m
(Kwon et al., 2024). Nevertheless, more precise water depth maps would further enhance the model performance
in shallow water conditions.

In this study, we set zrs in the α to h—0.5 m, following the calibrated depth from SSC maps. However, this
approach limits the applicable depth to over 1 m. For applications in shallower depths under 1 m, we need to
adjust zrs much closer to the water surface to ensure that C(zrs) approximates the near‐surface SSC. In other
words, to extend vertical SSC fields from the SSC map in shallow rivers, we recommend using SSC maps that are
well‐calibrated with near‐surface SSC. Moreover, it is important to note that remote sensing for SSC can be
significantly contaminated by bottom reflection in shallow waters (h < 1 m) (Harringmeyer et al., 2024; Kwon,
Noh, et al., 2023). To avoid this disturbance, SSC retrieval methods specifically developed for shallow waters can
be beneficial (Kwon et al., 2022; Volpe et al., 2011).

We also expect that using h and SSC maps from satellite images can extend the spatial scale of the proposed
method. Satellite imagery can cover much larger areas than aerial imagery, potentially allowing our method to be
applied at a watershed scale. However, as the target area expands, more precise adjustments will be necessary,
which we will discuss in the following section. Thus, our proposed method has further potential for enhancing the
analysis of suspended sediment dynamics by combining it with various remote sensing products.

5.3. Global Applicability and Future Directions

The Pmapping method has the potential to overcome the limitations of remote sensing techniques in investigating
underwater dynamics. However, the method has certain limitations and requires further refinement for application
across diverse water environments. The accuracy of variable constant assumptions and their associated errors can
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vary significantly depending on the characteristics of the study site. While the global river application shows
reasonable agreement with compiled field data, the converged P values in deeper h ranges are not as accurate as in
theWLD application. Additionally, field data indicate that some points deviate from the trend (Figures 7c and 7f).
Therefore, if there are enough data to calibrate the α constant, we recommend applying the proposed method
separately for each site, as demonstrated in the WLD application (Section 4.3).

The Rouse equation showed good agreement with both compiled global river and WLD data (Table 1), out-
performing other equations in expressing vertical SSC profiles (Camenen & Larson, 2008; Zagustin, 1968)
(Figure S1, Table S2 in Supporting Information S1). This result suggests that the Rouse theory is applicable to
these sites. However, when complex bed materials, tides, or waves significantly disturb vertical SSC profiles,
the application of the Rouse theory becomes challenging, and other factors might control the values of P
(Liu et al., 2014). Specifically, bed materials can vary, such as vegetated beds and beds covered by a mixture of
sediment types. For vegetated channels, we can derive a more suitable Rouse‐alpha model using modified SSC
distribution models that incorporate drag force and energy loss due to vegetation. When using these models, it is
essential to adjust them to site‐specific characteristics, considering vegetation density, vegetation type, and
submergence states (e.g., submerged vegetation (Li et al., 2020); emergent vegetation (Tseng & Tinoco, 2021)) to
accurately reproduce vertical SSC profiles. This adjustment can be effectively coupled with vegetation remote
sensing (Huylenbroeck et al., 2020; Jensen et al., 2019). For ocean‐dominant sites, we can also consider the
developed vertical SSC equation, which performed well in estuaries (Liu et al., 2014).

Additionally, Santini et al. (2019) noted that the value of α for fine sediment is more consistent than for coarse
sediment and suggested categorizing α into fine and coarse fractions to minimize uncertainty when using α for
depth‐averaged SSC estimation from sampled SSC. Our results on the estimation of α for the fine fraction support
their results (Figure 6). The linear regression between depth‐averaged and surface SSCs matches the field data,
and the Rouse‐alpha model also performs well. In this regard, for study sites with sand‐dominated sediment
supply or mixed sediments, including mud and those with a bimodal particle size distribution, applying our
approach to fine (mud) and coarse fractions separately would provide better results. Furthermore, considering the
variation of α with water depth, it would be beneficial to incorporate a depth‐dependent parameterization. For
instance, when h> 10 m, α can be reasonably assumed to be constant (e.g., ∼1.26), whereas for shallower flows
(h< 10 m), spatial or sediment‐dependent variations in α should be considered. Future implementations that
integrate depth‐specific or fraction‐specific α values could enhance the robustness and generalizability of the
proposed approach.

6. Conclusions
We proposed an approach to map the Rouse number (P) by inverting the Rouse‐alpha model using h maps from
AVIRIS‐NG imagery. This method addresses the limitation of remote sensing techniques, which traditionally
detect SSC near the water surface, by providing a practical way to analyze the spatial patterns of vertical mixing
from remote sensing data. By combining P maps with SSC maps, we generated 3D SSC fields, revealing distinct
patterns in riverine and tidal cases. Both cases showed similar P patterns in the upstream river sections but
differed significantly within downstream distributary channels. The riverine case exhibited consistent P values
across distributary channels, with slightly higher P values at the boundaries where fluxes from deltaic islands
converge. These vertical profiles remained stable under river plume dominance, showing laterally mixed profiles
from the merged fluxes (high connectivity). In contrast, the tidal case demonstrated a gradual increase in P values
along the longitudinal distance due to complex bathymetry and shallow depth. We observed that bifurcated
channel outlets induced high P values, resulting in bifurcated SSC columns and less laterally mixed profiles at
these outlets (low connectivity). This pattern was most pronounced at Gadwall Pass, indicating two strong vertical
SSC columns. For future applications, we can refine this method by integrating adjusted vertical SSC equations
for study sites with vegetated or mixed sediments. Our approach reveals significant potential for contributing to
delta restoration efforts by extending the range of remote sensing data from 2D to 3D.
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Data Availability Statement
AVIRIS‐NG L3‐derived concentrations can be downloaded from the ORNL DAAC (Fichot & Harring-
meyer, 2023): https://doi.org/10.3334/ORNLDAAC/2152. In situ measured SSC data sets of the WLD can be
downloaded from the ORNL DAAC (Nghiem et al., 2023): https://doi.org/10.3334/ORNLDAAC/2135. The
software package Rouse‐alpha Inversion & Transect Vertical Profile Toolkit is archived at Zenodo (Kwon, 2025):
https://doi.org/10.5281/zenodo.17218415. The accompanying sample data set includes water depth maps, tran-
sect (LINESTRING) geometries, and minimal example rasters necessary to reproduce the workflow.
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