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ABSTRACT
The observed suspended sediment concentrations (SSCs) obtained from the water sampling are usually
sparsely distributed in both space and time, which are traditionally applied just to calibrate other types of
observations. In this study a dynamically constrained interpolation methodology (DCIM) is developed to
interpolate these sparsely observed SSCs in the Bohai Sea. In this method the suspended sediment transport
model is taken as dynamical constraints to interpolate the observations. Meanwhile, the interpolated results
are optimized iteratively by adjusting the key model parameters using the adjoint method.
The DCIM is first verified using the synthetic observations produced by twin model runs. The modeling
results reveal that this method is effective at interpolating the sparsely observed artificial SSCs, even when the
observations are heavily contaminated by data noise. Then, the sparsely observed practical SSCs obtained
from a large area survey in the Bohai Sea are interpolated using the DCIM. The interpolated results are
verified by randomly selected independent observations. The discrepancies between the interpolated SSCs
and the observations are significantly decreased. When all the observations are interpolated, the final interpolated SSCs captured a majority (96.88%) of observations with a factor of 2 and the correlation coefficient
between the observed and interpolated SSCs is 0.98. Besides, the interpolated results have presented the
reasonable dynamical variations of SSCs in the space and time domains. The modeling results indicate that the
DCIM is an effective tool for interpolating the sparsely observed SSCs in both space and time.

1. Introduction
The coastal ocean plays an important role in global
material cycling (Wang et al. 2014). Suspended sediments in the coastal environment have a major influence
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on water quality (Zhang et al. 2008), geomorphic evolution (Jia et al. 2006; Fan et al. 2014), nutrient dynamics
(Mayer et al. 1998), and so on. Therefore, the distribution and transport of suspended sediments are central to
understanding many coastal and estuarine processes
(Holdaway et al. 1999).
Many measurement techniques, including acoustic
(e.g., Wilson and Hay 2015), bottle (e.g., Attard et al.
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2014), pump (e.g., Black and Rosenberg 1994), focused
beam reflectance (e.g., Law et al. 1997), laser diffraction (e.g., Agrawal et al. 2008), nuclear (e.g., Crickmore
et al. 1990), optical backscatter (e.g., Sutherland et al.
2000), optical transmission (e.g., Campbell et al. 2005),
and spectral reflectance (e.g., Chen et al. 1991), have
been used to measure the suspended sediment concentrations (SSCs) with varying degrees of success,
whose operating principles, advantages, and disadvantages were discussed in Wren et al. (2000). The bottle
and pump are the traditional suspended sediment
measurement techniques, while the others are the
surrogate suspended sediment measuring techniques
(Gray and Landers 2014). Some surrogate techniques
can obtain continuous SSC measurements, whose
technological advances have been presented in Gray
and Gartner (2009) and Rai and Kumar (2015). However, the gravimetric analysis of the water samples obtained from traditional techniques represents the
standard methodology to physically quantify suspended
sediment (Pavanelli and Bigi 2005). Although the traditional bottle sampling has poor spatial and temporal
resolution and needs time-consuming processes to obtain and analyze the water samples, the analytical results of the bottle sampling are the most reliable tools
to estimate SSC and are essential to properly calibrate
measurements of the various surrogates (Gray et al.
2002). As the bottle sampling is almost the only method
to get the mass concentration of suspended sediment, it
is usually implemented at several points in space and
time to calibrate other types of samplers, but these
sparsely observed SSCs cannot accurately figure out the
complex spatial and temporal variations of SSCs, which
are jointly determined by tidal currents, water depth,
and wind effects (Gartner 2004). A suitable interpolation method can be useful to improve the utilization of these sparse observations.
As summarized in Yaremchuk and Sentchev (2013),
the interpolation methods can be classified as the
dynamically unconstrained interpolation methods
and the dynamically constrained interpolation techniques. The former ones are statistical methods, such
as optimal interpolation and the two-dimensional
variational technique, which do not make full use of
dynamical information for a given dataset (Hoteit
et al. 2009); in addition, the latter ones combine dynamical constraints from numerical models with statistical information from observations, which will
produce dynamically and statistically consistent estimates (Yaremchuk and Sentchev 2013). For the data
observed spatially and temporally, spatiotemporal
interpolation is necessary to estimate the unknown
values at unsampled location–time pairs with a
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satisfying level of accuracy (Li and Revesz 2004).
There are two dynamically unconstrained ways for
spatiotemporal interpolation, including the reduction method, which treats time as an independent
dimension, and the extension method, which treats
time as equivalent to a spatial dimension (Li and
Revesz 2002). For the sparse observations in both space
and time, both the reduction method and the extension
method are rarely applied. For example, Ge et al.
(2010) found that the direct simple interpolation of the
time discontinuous large area observations of sea
surface temperature produced a false frontal phenomenon. Therefore, the dynamically constrained interpolation techniques are needed to interpolate the
sparse observations in both space and time. Based on
the adjoint data assimilation method, the dynamically
constrained interpolation technique has been applied
to study the shelf circulation by spatiotemporally interpolating the ADCP data acquired from a moving
ship (Griffin and Thompson 1996). The data monitors
the Kuroshio Extension with dynamically constrained
synthesis of the acoustic tomography, satellite altimetry, and in situ data (Lebedev et al. 2003), and in other
studies, but it has not been used in the interpolation of
the sparse SSC observations, which activates the
present work.
Wang et al. (2018a) developed a three-dimensional
sigma-coordinate suspended cohesive sediment transport model with the adjoint data assimilation, which
has been used to investigate the parameter sensitivity
(Wang et al. 2018a) and to estimate the parameters by
assimilating in situ observations (Wang et al. 2017)
or satellite observations (Wang et al. 2018b). Based
on this model, a dynamically constrained interpolation methodology (DCIM) for the sparsely observed
SSCs in both space and time is developed and
applied in the Bohai Sea in this study. The details of the
rest of the paper are as follows: the sparsely observed
SSCs in the Bohai Sea, the dynamical model, and the
hydrodynamic conditions are described in section 2;
the DCIM is developed in section 3; the feasibility and
validity of the DCIM are calibrated by ideal twin
experiments in section 4; the DCIM is implemented
in practical experiments in section 5; and the discussions and conclusions can be found in sections 6 and 7,
respectively.

2. Observations and model
a. Observations
A large area survey in the Bohai Sea was conducted
from 0525 UTC 5 August to 0210 UTC 17 August 2015.
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Ninety-three stations were surveyed and each station
was covered once. At each station water samples were
collected at the surface, middle, bottom, or a combination of all of them. The SSCs were extracted in the
laboratory using the water samples with the processes
described in Bi et al. (2010). A total of 128 effective
SSC observations were obtained at all the stations, as
shown in Fig. 1, which were sparse in both space and
time. The detailed statistical information of the SSC
observations are shown in Table 1. As there were no
in situ observations, the wind and hydrodynamic conditions during the observation period will be presented
later using the numerical simulated results.

TABLE 1. Detailed statistical information of the SSC
observations.

Surface layer
Middle layer
Bottom layer

No.

Max value (mg L21)

Min value (mg L21)

73
8
47

58.13
20.43
84.80

2.13
4.23
1.93

b. The dynamical model
The governing equation, boundary conditions, and
initial conditions for the suspended cohesive sediment
transport are as follows (Wang et al. 2018a):
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3

Cjt50 5 C0 ,

(7)

where C represents the SSC; t is the time; x and y are the
horizontal coordinates; s is the vertical coordinate (0 for

(1)

bottom and 1 for surface); H is the total water depth, including the undisturbed water depth and the sea surface
elevation; u, y, and w are the flow velocity components
in the x, y, and s directions, respectively; KH and KV are
the horizontal and vertical diffusivity coefficients, respectively; ws denotes the suspended sediment settling
velocity; ›V1 , ›V2 , and ›V3 are the inflow open boundary,
outflow open boundary, and solid boundary, respectively;
n is the vector normal to the boundaries; Cobc denotes
the SSCs at the inflow open boundary; C0 is the initial
conditions; and E and D are the erosion rate and the
deposition rate, respectively, which are calculated
with the well-known Partheniades–Krone formulations
(Partheniades 1965):

FIG. 1. (a) Map showing the general locations of the Bohai Sea (rectangle with dotted lines). (b) Map showing the
locations of survey stations in the Bohai Sea, including the stations for observed surface SSCs (black dots),
the stations for observed middle SSCs (magenta circles), the stations for observed bottom SSCs (blue squares), and
the tide gauge stations (red triangles); the location of station 1; and bathymetric contours at 20 and 40 m.
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E5

D5

M0 (t b /t ce 2 1),
0,
ws C1 (1 2 t b /t cd ) ,
0,

t b . t ce
t b # t ce
t b , t cd
,
tb $ t cd

(8)
(9)

where M0 is the resuspension rate; tb is the bottom shear
stress; t ce and tcd are the critical shear stress for erosion
and deposition, respectively; and C1 is the SSC near
the bottom.
Equations (1)–(9) are referred to as the dynamical
model of the suspended cohesive sediment transport (i.e., the suspended cohesive sediment transport
model), which will be used to constrain the gridded
four-dimensional (both three-dimensional spatial and
one-dimensional temporal) SSCs representing the interpolated results in this study. The numerical schemes
for solving this dynamical model can be found in Wang
et al. (2018a).

c. Default model settings of the dynamical model
The study area was the Bohai Sea, which was shown
in Fig. 1. The horizontal resolution was 5/608 3 5/608,
and there were five uniform sigma layers in the vertical direction. The model was launched at 0525
UTC 5 August 2015. The integral time step was 300 s,
and the total simulation time was 284.75 h to cover the
observation period.
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The simulated results of the sediment transport are
sensitive to the initial conditions (Wang et al. 2018a);
therefore, the accurate specification of the initial values
of SSCs is important for the sediment transport simulation over a short period (Lee et al. 2007; Yang et al.
2016). In this study the initial conditions were obtained
by interpolating the observed SSCs. In the horizontal
direction, the surface initial conditions were given by
interpolating all the surface SSC observations using the
surface spline interpolation (Guo et al. 2017) without
regard to the time inconsistency, as shown in Fig. 2.
Based on the turbidity observations in the Bohai Sea,
the Yellow Sea, and the East China Sea, Bian et al.
(2013) found that the surface layer SSC was much lower
than the bottom layer SSC. Therefore, it is assumed that
the average value of SSCs at every vertical layer was
linearly decreased with the increasing vertical number of
the layers (1 for the bottom layer and 5 for the surface
layer). There were 29 stations where both the surface
SSCs and the bottom SSCs were observed, and the average values of the surface SSCs and bottom SSCs at
these stations were 9.50 and 13.63 mg L21, respectively,
with a standard deviation of 9.29 and 12.21 mg L21, respectively. Therefore, the linear relationship between
SSCs and the number of vertical layers (k) was as follows: C 5 14.67 2 1.03 3 k. According to this linear
formula, the initial conditions at the other layers were

FIG. 2. Surface SSCs interpolated using the surface observations without regard to the time
inconsistency (colors) and locations of the observations at the surface layer (white circles).
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FIG. 3. (a) The temporally averaged sea surface wind speeds (colors) and directions
(arrows). (b) The vertically and temporally averaged current speeds (colors) and directions
(arrows). It was noted that the sea surface wind and current were temporally averaged during
the observation period from 0525 UTC 5 Aug to 0210 UTC 17 Aug 2015.

given by multiplying the surface initial conditions with
coefficients (1.5436 2 0.1087 3 k).
The monthly averaged SSCs in August 2015 at the
Lijin station was about 858.2 mg L21 according to
YRCCMWRC (2015). As the Lijin station was about
100 km upstream of the mouth of the Huanghe River,
the inflow open boundary forcing at the mouth of the
Huanghe River was specified by multiplying the SSCs at
the Lijin station by a factor of 0.1 according to Jiang
et al. (2004). The settling velocity and resuspension rate
were set to 1.00 3 1024 m s21 and 5.00 3 1026 kg m22 s21,
respectively. The critical erosion stress and the critical
deposition stress were equal in the present model, which
were set to 0.36 N m22 according to Zuo et al. (2014).

d. The hydrodynamic conditions
The hydrodynamic background field was calculated
using ROMS (Song and Haidvogel 1994). The spatial
and temporal resolutions were the same as those in the
suspended sediment transport model. The monthaverage runoffs of the Huanghe River were given as
the upstream boundaries according to YRCCMWRC
(2015). The hourly winds of the NCEP Climate Forecast
System Reanalysis (Saha et al. 2014) were taken as the
surface wind forcing. The wind forcing was temporally
averaged during the observation period from 0525
UTC 5 August to 0210 UTC 17 August 2015, and the
results were shown in Fig. 3a, indicating that the winds
were mainly from sea to land and that the average wind

FIG. 4. Comparison of simulated and observed amplitude for (a) M2, (b) S2, (c) K1, and (d) O1. Comparison of simulated and observed
phase lag for (e) M2, (f) S2, (g) K1, and (h) O1. The 1:1 lines are shown for reference in all the panels.
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speed in the Bohai Sea was about 1.93 m s21. At the
seaward open boundaries, four dominating constituents
were considered, including M2, S2, K1, and O1. The harmonic constants were obtained from Oregon State
University Tidal Inversion Software (Egbert and
Erofeeva 2002).
The simulated current velocities were first averaged
vertically and then averaged temporally during the observation period from 0525 UTC 5 August to 0210
UTC 17 August 2015, and the results were shown in
Fig. 3b. The main pattern showed that there was an
anticyclonic circulation in the middle of the Bohai Sea
that was consistent with the simulated results during
summertime in Liu et al. (2003) and Wan et al. (2004).
The harmonic constants of each constituent, analyzed
from the simulated water levels of 30 days, were compared with the observed data at 11 tide gauge stations
(see Fig. 1), which were shown in Fig. 4. The minimum
value of the amplitudes of the M2 tide was larger than
the maximum values of the other three constituents (see
Figs. 4a–d), showing that the M2 constituent dominated
the tidal forcing, which was consistent with the results in
Fang et al. (2004). The mean absolute gross error
(MAGE) was used to quantify the discrepancy between
the simulated results and the observations, which was
calculated as follows (Zhang et al. 2012):
MAGE 5

1
N

N

å jMi 2 Oi j ,

(10)

i51

where N was the number of observations; and M and O
were the modeled and observed results, respectively.
For all the constituents, the MAGEs between the simulated and observed amplitude were less than 7 cm,
while the MAGEs for the phase lag were less than 188,
indicating that the simulated hydrodynamic background
field was acceptable for driving the suspended sediment
transport model for this study.
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3. Dynamically constrained interpolation
methodology
The DCIM combines dynamical constraints from
the numerical model of dynamical processes with
statistical information from observations, so it can
produce dynamically and statistically consistent estimates of the entire study area and naturally blend
several types of observations (Yaremchuk and
Sentchev 2013). In the DCIM the dynamic numerical
model, which provides the dynamical constrains,
is used to interpolate the observations; in addition,
the interpolated results are optimized iteratively
by adjusting the key model parameters using the
adjoint method (Sasaki 1970; Thacker and Long
1988; Navon 1998).

a. The adjoint method
When the adjoint method is used, a cost function is
first defined to measure the squared differences between the interpolated results and the observations, as
follows:
J5

1
2

å

i,j,k,n


2
Win,j,k Cin,j,k 2 C~ni,j,k ,

where Cin,j,k and C~ni,j,k are the interpolated and observed
SSCs at the (i, j, k) grid point at the nth time step, respectively; W is the weighting matrix and theoretically
should be the inverse of the observation error covariance matrix, which can be simplified by assuming
that the errors of the data are uncorrelated and equally
weighted (Yu and O’Brien 1992). In the present study,
the elements in W are 1 where observations are available
and 0 otherwise.
According to the theory of the Lagrangian multiplier
method, the Lagrangian function is defined as
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2
where l denotes the adjoint variable of C; and K is the
total vertical layers for the water column, and there is
one false layer at the bottom, numbered 0, while K 1 1
represents the false layer at the surface.

(11)

(12)

To minimize the cost function, the first-order derivate
of the Lagrangian function with respect to the variables
and parameters should be zero (Thacker and Long
1988):
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FIG. 5. Flowchart for the implementation of the DCIM.

›L
5 0,
›lni,j,k

(13)

model and the gradients can be found in Wang
et al. (2018a).

›L
50 ,
›Cin,j,k

(14)

b. The process of DCIM

›L
5 0,
›pni,j,k

(15)

As a general overview, the DCIM involves the following steps:

where p denotes the parameters in the suspended cohesive sediment transport model, including KH, KV, ws,
M0, Cobc, t ce, t cd, and C0. In fact, Eq. (13) returns the
discretization of Eq. (1). From Eq. (14) the discrete
adjoint model can be derived, which governs the evolution of the adjoint variable l. From Eq. (15) gradients
of the cost function with respect to model parameters
are obtained. The detailed formulas of the adjoint

Step 1. Set the initial guess values of all the model
parameters in the dynamical numerical model [i.e.,
Eqs. (1)–(9) in this study].
Step 2. Run the dynamic numerical model to obtain
the interpolated results.
Step 3. Compute the cost function, as shown in
Eq. (11).
Step 4. Integrate the adjoint model, derived from Eq.
(14), backward in time to get the adjoint variables.
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Step 5. Calculate the gradients of the cost function
with respect to the key model parameters, which are
derived from Eq. (15).
Step 6. Adjust the key model parameters using the
steepest descent method and update the values of
the key model parameters in the dynamical
numerical model.
Step 7. Check whether the cost function has satisfied
the requirement of minimization. If the stop criterion is satisfied, then terminate the iteration; otherwise, return to step 2.
The corresponding flowchart is shown in Fig. 5.
Considering the number of sparse observations is
small, the adjusted key model parameters, except for
the initial conditions, are assumed to be constant to
prevent the ill-posedness of the inverse problem; in
addition, all the key model parameters are adjusted
synchronously.
In this study the sparsely observed SSCs were
interpolated in space and time following the aforementioned processes. When the DCIM was implemented,
the key model parameters, including spatially varying initial conditions, constant settling velocity,
constant critical shear stresses for deposition and
erosion, and constant resuspension rate, were adjusted synchronously, while the other model parameters were not changed. The stop criterion in step 7
was that the difference of the cost functions, normalized by the values at the first iteration step,
between the last two iteration steps was less than
1.00 3 1026, with a maximum value of 100 for iteration steps in the twin experiments and 500 for the
practical experiments.
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4. Verification of the dynamically constrained
interpolation methodology
In this section the feasibility and validity of the DCIM
were verified by ideal twin experiments, in which only
the spatiotemporal locations of the practical observations were used. The SSC observations were generated
artificially by running the suspended sediment transport
model with the default model settings. The constant
model parameters, including settling velocity, resuspension rate, and critical shear stresses, were estimated
synchronously in the twin experiments, while the initial
conditions, which varied spatially, were not estimated.
Without the loss of generality, the initial guess values of
the estimated model parameters were set to be half of
the default values. The similar conclusions were obtained when the other initial guess values were set,
which were not shown in the present study for brevity.

a. Application of DCIM in twin experiments
As mentioned by Elbern et al. (2007), the validity of the
assimilated or interpolated results can only be shown satisfactorily by independent observations that were not assimilated or interpolated. Therefore, one-eighth of the total
observations were randomly selected as independent observations, which were not interpolated but used only for
verification and were named as checked observations. The
other observations were labeled as interpolated observations, which were interpolated using the DCIM.
To eliminate the contingency introduced by the selection of checked observations, all the artificial observations were randomly split into eight subsets and every
subset was taken as the checked observations in
a twin experiment. Therefore, there were eight twin

TABLE 2. Statistics of the twin experiments at the initial and final iteration steps of DCIM.
K1a

K2b

K3c

K4d

Expt

Initial

Final

Initial (%)

Final (%)

Initial

Final

Initial (%)

Final (%)

TE_11
TE_12
TE_13
TE_14
TE_15
TE_16
TE_17
TE_18
TE_21
TE_31
TE_32
TE_33

26.81
28.56
26.95
28.37
28.33
28.21
29.49
29.28
28.25
28.25
28.25
28.25

0.20
0.17
0.31
0.17
0.12
0.16
0.24
0.14
0.18
0.26
0.36
0.74

341.96
345.48
348.80
343.29
331.35
347.32
341.45
334.30
341.74
341.74
341.74
341.74

3.73
3.41
5.14
3.12
2.09
2.86
3.95
2.64
3.27
2.53
4.25
10.78

38.34
26.09
37.34
27.43
27.68
28.56
19.56
21.03
—
—
—
—

0.32
0.15
0.44
0.13
0.14
0.14
0.17
0.16
—
—
—
—

340.21
315.62
292.33
330.90
414.47
302.72
343.83
393.88
—
—
—
—

3.23
3.18
4.37
3.62
2.76
2.59
4.39
2.43
—
—
—
—

K1 is MAGEs between the interpolated observations and the corresponding interpolated SSCs (mg L21).
K2 is MNGEs between the interpolated observations and the corresponding interpolated SSCs.
c
K3 is MAGEs between the checked observations and the corresponding interpolated SSCs (mg L21).
d
K4 is MNGEs between the checked observations and the corresponding interpolated SSCs.
a

b
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FIG. 6. Comparison of simulated and observed SSCs, including interpolated observations (red dots) and checked observations (blue
circles), for (a) TE_11, (b) TE_12, (c) TE_13, (d) TE_14, (e) TE_15, (f) TE_16, (g) TE_17, and (h) TE_18. The 1:1 lines are shown for
reference in all the panels.

experiments, which were named as TE_11–TE_18. The
statistics of these twin experiments are listed in Table 2.
At the initial iteration step, the MAGEs between the
checked observations and the corresponding interpolated SSCs were on the order of magnitude
of 101 mg L21. It should be noted that the averaged
value of all the artificial observations was also on the
order of magnitude of 101 mg L21, which was comparable with the magnitude of MAGEs. Therefore, the mean
normalized gross error (MNGE) was used to further
quantify the discrepancy between the interpolated
SSCs and observations, which was calculated as follows
(Zhang et al. 2012):
MNGE 5

1
N

N

å [(jIi 2 Oi j)/Oi ],

(16)

i51

where N was the number of observations; and I and
O were the interpolated SSCs and observations,
respectively. The calculated results are also listed in
Table 2. All the MNGEs between the checked observations and the corresponding interpolated SSCs at the
initial iteration step were larger than 290%, which were
similar to those between the interpolated observations
and the corresponding interpolated SSCs. The large
discrepancies were introduced by the difference between the initial guess values and the true values of the
adjusted model parameters, which indicated that the
suspended sediment transport model was sensitive to
the adjusted model parameters, which was the same as

that in Wang et al. (2018a). When the DCIM was implemented, the MAGEs between the checked observations and the corresponding interpolated SSCs were
reduced by an order of 102, which were the same as those
between the interpolated observations and the corresponding interpolated SSCs; in addition, all the MNGEs
between the interpolated observations and the interpolated SSCs were less than 6%, while all the
MNGEs between the checked observations and the interpolated SSCs were less than 5%. The scatterplots in
Fig. 6 indicated that the correlation coefficient between
the final interpolated SSCs and the artificial observations (both checked observations and interpolated observations) was nearly 1.00 in every twin experiment,
showing the DCIM was an effective method to interpolate the sparse artificial SSC observations.
To obtain the optimal interpolation results, all the
artificial observations were interpolated in a new
twin experiment named TE_21. The MAGE between
the final interpolated SSCs and the observations
was 0.18 mg L21, while the MNGE was 3.27% (see
Table 2). In addition, the correlation coefficient between the final interpolated SSCs and the artificial
observations in TE_21 was 1.00, as shown in Fig. 7a. It
indicated that the final interpolated SSCs in TE_21
were almost equal to the artificial SSC observations.
During the iteration processes in TE_21, the normalized cost function and the L2 norm of gradients of
the cost function with respect to the adjusted model
parameters, including settling velocity, resuspension
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FIG. 7. Comparison of simulated and true values of SSCs for (a) TE_21, (b) TE_31, (c) TE_32,
and (d) TE_33. The 1:1 lines are shown for reference in all the panels.

rate, and critical shear stresses, were reduced stably
and largely (see Fig. 8), showing that the adjustment of
these model parameters was reasonable and effective.
The modeling results indicated that through iteratively
adjusting the key model parameters, the DCIM can
effectively improve the interpolation results and that
the final interpolated SSCs were close to the artificial
observations, demonstrating that the DCIM was a
feasible and effective method for interpolating the
sparsely observed SSCs.

b. Sensitivity to observational errors
In reality the oceanic observed SSCs are not perfect
and usually contain noises. Therefore, three new twin
experiments, including TE_31, TE_32, and TE_33,
were carried out, in which the artificial observations
were contaminated by random perturbations. The
maximum percentage errors were 10%, 20%, and 30%
in TE_31, TE_32, and TE_33, respectively. It was noted
that the contaminated observations were interpolated
and that the true values of SSCs were used in the calculations of MAGEs and MNGEs. When the DCIM
was used, all the final interpolated SSCs in these three
twin experiments were close to the true values of SSCs,
as shown in Figs. 7b–d. As the maximum percentage error

became larger, the MAGEs, the normalized cost function, and the L2 norm of gradients of the cost function
with respect to the estimated parameters were increased
(see Table 2; Fig. 8); however, the MNGE was the minimum in TE_31 (see Table 2). It showed that although the
mean distance between the interpolated SSCs and
the true values of SSCs in TE_31 was larger than that in
TE_21, the interpolated SSCs were much close to the true
values of SSCs overall, indicating that the small observational errors can be ignored. The maximum percentage
error was 30% in TE_33, but the MNGE between the
final interpolated results and the true values of SSCs was
just 10.78%. From the results of TE_31–TE_33, it can be
concluded that the DCIM was applicable and effective
when the SSC observations were contaminated by data
noise, which indicated the potential to be applied in
practical applications.

5. Practical applications
In practical experiments, the practical sparsely observed
SSCs were interpolated using the DCIM. The initial guess
values of all the model parameters in the dynamical model
were set to the default values. In addition, the model parameters, including spatially varying initial conditions,
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FIG. 8. Variations of (a) normalized cost function, and L2 norm of gradients of the cost function with respect to (b) settling velocity,
(c) resuspension rate, and (d) critical stress in TE_21 (black lines), TE_31 (red lines), TE_32 (blue lines), and TE_33 (magenta lines).

constant settling velocity, constant critical shear stresses
for deposition and erosion, and constant resuspension
rate, were adjusted synchronously.

a. Validation of DCIM in practical experiments
To test the validity of the DCIM in practical applications, all the practical SSC observations were

randomly split into eight subsets and every subset was
taken as the checked observations in a practical experiment. Therefore, there were eight practical experiments, which were named as PE_11–PE_18. As
shown in Fig. 9, the interpolated results captured a
majority of interpolated observations with a factor of
2, whose minimum value was 96.43%, which occurred

FIG. 9. Comparison of simulated and observed SSCs, including interpolated observations (red dots) and checked observations (blue
circles), for (a) PE_11, (b) PE_12, (c) PE_13, (d) PE_14, (e) PE_15, (f) PE_16, (g) PE_17, and (h) PE_18. The 1:2, 1:1, and 2:1 lines are
shown for reference in all the panels.
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TABLE 3. Statistics of the practical experiments at the initial and final iteration steps of DCIM.
K1a

K2b

K3c

K4d

Expt

Initial

Final

Initial (%)

Final (%)

Initial

Final

Initial (%)

Final (%)

PE_11
PE_12
PE_13
PE_14
PE_15
PE_16
PE_17
PE_18
PE_21

13.01
13.35
11.99
12.78
13.40
12.62
12.12
13.39
12.83

1.54
1.41
1.46
1.40
1.46
1.39
1.46
1.32
1.54

168.15
176.50
149.65
165.91
183.40
161.83
150.74
176.98
166.64

19.16
17.09
18.46
17.60
19.49
17.30
17.64
17.58
19.32

115.81
9.21
18.73
13.18
8.89
14.33
17.81
8.94
—

2.45
5.06
3.26
4.14
7.51
5.82
7.27
5.27
—

156.11
97.66
285.59
171.78
49.38
200.32
277.99
94.32
—

28.82
44.71
48.75
38.68
33.37
55.06
76.65
57.05
—

K1 is MAGEs between the interpolated observations and the corresponding interpolated SSCs (mg L21).
K2 is MNGEs between the interpolated observations and the corresponding interpolated SSCs.
c
K3 is MAGEs between the checked observations and the corresponding interpolated SSCs (mg L21).
d
K4 is MNGEs between the checked observations and the corresponding interpolated SSCs.
a

b

in PE_15 (see Fig. 9e). Conversely, the checked observations were captured less and the minimum value
was 56.25% in PE_17 (see Fig. 9g). The MAGEs between the interpolated observations and the corresponding interpolated SSCs were decreased by at
least 87.81%, and the corresponding MNGEs were
decreased by 87.67%, which occurred in PE_13 (see
Table 3). The MAGEs and MNGEs between the final
interpolated SSCs and the checked observations were
slightly large, but they were all much less than those
at the initial iteration step (see Table 3). As indicated
above, restricted by the number of observations the
adjusted model parameters in the DCIM had to be

FIG. 10. Comparison of simulated and observed SSCs for PE_21.
The 1:2, 1:1, and 2:1 lines are shown for reference.

assumed to be constant, which would introduce
modeling errors (Wang et al. 2017). On the whole, the
final interpolated SSCs agreed well with the interpolated observations, and the discrepancies between the final interpolated SSCs and the checked
observations were in a reasonable range, demonstrating that the DCIM were also effective in the
practical applications.

b. Optimal interpolated results
To obtain the optimal results, all the practical observations were interpolated in PE_21. The MAGE and
MNGE between the final interpolated SSCs and
the observed SSCs were 1.54 mg L21 and 19.32% (see
Table 3), respectively, which were reduced by an order
of magnitude. The mean value and the standard deviation of all the SSC observations were 12.54 and
12.93 mg L21, respectively, while those of the final interpolated SSCs were 12.57 and 12.47 mg L21. The correlation coefficient between the SSC observations and
the final interpolated SSCs was 0.98. Furthermore, the
final interpolated results captured a majority (96.88%)
of observations with a factor of 2, as shown in Fig. 10.
The aforementioned results indicated the interpolated
SSCs in PE_21 agreed well with the practical observations. Besides, the normalized cost function and the L2
norm of gradients of the cost function with respect to the
adjusted model parameters were reduced rapidly and
tended to be stable (see Fig. 11), showing that these
model parameters were adjusted reasonably and that
the interpolated results were fairly good.
The final interpolated surface SSC at station 1,
whose location was shown in Fig. 1, was equal to the
observed surface SSC (see Fig. 12a). In addition, the
time series of the interpolated surface SSCs and
the height above the seabed at station 1 presented
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FIG. 11. Variations of (a) normalized cost function, and L2 norm of gradients of the cost function with respect to (b) settling velocity,
(c) resuspension rate, (d) critical stress, and (e) initial conditions in PE_21.

clear periodic variations (see Fig. 12a), in which the
semidiurnal variation was the strongest followed by
the diurnal variation (see Figs. 12b and 12c). Besides,

the temporal variations of the interpolated surface
SSCs and the tidal elevation at station 1 had a significantly negative correlation (see Fig. 12a), which

FIG. 12. (a) Interpolated surface SSCs (red line), height above seabed (blue line), and observed surface SSCs (black dot) at station 1 in
PE_21. (b) The continuous wavelet power spectrum of height above the seabed. (c) As in (b), but for interpolated surface SSCs.
(d) Squared wavelet coherence between height above the seabed and interpolated surface SSCs at station 1. In (b)–(d), the 5% significance
level against red noise (thick black contour) and the cone of influence where edge effects might distort the picture (white blank) are
indicated.
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FIG. 13. The temporally averaged values of interpolated surface SSCs in PE_21.

occurred in both semidiurnal and diurnal bands (see
Fig. 12d; Grinsted et al. 2004). The temporally averaged
values of the final interpolated surface SSCs are shown in
Fig. 13. The locations of the high values were near those
shown in Fig. 2, except that near the mouth of the
Huanghe River, which was formed by the inflow suspended sediments from the Huanghe River and had been
shown in the remote sensing picture (Zhou et al. 2017).
As the initial SSCs (Fig. 2) were obtained by directly interpolating the observations without considering the time
inconsistency and there were no observations near the
mouth of the Huanghe River, these high values were not
shown. The aforementioned results indicated that the
interpolated results obtained by the DCIM had more
dynamical characteristics.
The results of practical experiments indicated that
although the practical observations were sparse in
both space and time, the DCIM was an effective
method for interpolating these observations. In addition, with the constraints provided by the suspended
sediment transport model, the final interpolated SSCs
had more dynamical characteristics, which were reasonable from the viewpoint of physics.

6. Discussions
Through combining the dynamical constraints from
the dynamical model with statistical information from

observations, the DCIM can produce dynamically and
statistically consistent estimates of the entire study
area (Yaremchuk and Sentchev 2013). The suspended
sediment transport model—that is, the dynamical
model that provides the dynamical constrains and
interpolates the observations in the DCIM—has been
certified to be an effective model in Wang et al. (2017,
2018a,b). Besides, the adjoint data assimilation, which
provides the iterative optimization in the DCIM, has
rigorous mathematical basis and has matured after
more than three decades of development. Therefore,
the final interpolated results using the DCIM are
reasonable and tested to be effective, no matter the
sparse artificial observations in the twin experiments or the sparsely observed SSCs in the practical
experiments.
Although the developed DCIM in this study is based
on the existing suspended sediment transport model
and the adjoint data assimilation scheme, which were
developed in Wang et al. (2018a), there are several
differences between this study and the previous studies. First, the emphases of the previous studies are
placed on the parameter estimation, no matter in the
twin experiments (Wang et al. 2018a) or in the
practical experiments (Wang et al. 2017, 2018b); conversely, in this study the emphases are placed on the
improved utilization of the sparely observed SSCs
in both space and time, rather than the parameter
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estimation. Second, the adjustment strategies of the
model parameters are different. In Wang et al. (2018a),
the adjusted model parameters were assumed to be
constant and were estimated solely. In Wang et al.
(2017, 2018b), the adjusted model parameters were
assumed to be spatially and temporally varying and
were adjusted synchronously. Dissimilarly, the adjusted key model parameters in this study are assumed
to be constant, except for the initial conditions, and are
adjusted synchronously. If the iterative optimization
based on the adjoint data assimilation is not implemented, the discrepancy between the interpolated
results and the observations will be larger than the interpolated results using the DCIM, as shown in this
study. Besides, the final interpolated results using the
DCIM can involve the dynamic information, which is
not included for those using the traditional interpolation methods.
Traditionally, the sparsely observed SSCs obtained
from the water sampling during the large area survey
are used only to calibrate other types of observations
and cannot be directly used to investigate the sediment
transport processes. The final interpolated SSCs using
the DCIM in this study are close to the observed values
and involve the dynamical information, which can be
used to study the distribution and transport of the
suspended sediment. However, the observed SSCs in
the spatiotemporal model grids is too sparse, so the
model parameters in the dynamical model are assumed
to be constant to prevent the ill-posedness of the inverse problem. With the development of the satellitebased observed techniques, the satellite ocean color
data have been used to map the surface SSCs in various
coastal regions (e.g., Neukermans et al. 2009; Zhang
et al. 2010; He et al. 2013), which can improve the
spatial and temporal resolution of the SSC observations. The satellite-derived SSCs will be the potential
observations to be interpolated in future studies. With
the combination of the satellite-derived SSCs and the
in situ observations, the interpolated results using the
DCIM can be taken as the reanalysis data to further
depict the distributions of the SSCs and to investigate
the sediment transport processes in coastal areas. Besides, as the model parameters in the suspended sediment transport model have upper and lower limits, the
constrained minimization algorithm, such as the interior penalty and barrier methods used in Zhu and
Navon (1999), will be introduced into the DCIM to
further improve the efficiency of the iterative optimization process in the future.
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7. Conclusions
In this study based on the three-dimensional sigmacoordinate suspended cohesive sediment transport model
with the adjoint data assimilation developed in Wang
et al. (2018a), a DCIM was developed to interpolate the
sparsely observed SSCs in both space and time. In the
DCIM the suspended sediment transport model was
taken as the dynamical constraints to interpolate the
sparsely observed SSCs, and the interpolated results
were optimized iteratively by adjusting the key model
parameters using the adjoint method.
To show its feasibility and effectiveness, the DCIM was
applied to the sparsely observed SSC observations obtained from a large area survey in the Bohai Sea. In the
twin experiments, the DCIM successfully interpolated
the sparse artificial SSC observations, even when the
observations were heavily contaminated by data noise
(see Figs. 6 and 7). In the practical experiments, the final
interpolated SSCs were close to both the interpolated
observations and the checked observations (see Fig. 9).
Besides, when all the practical observations were interpolated, the interpolated results captured a majority
(96.88%) of observations with a factor of 2 (see Fig. 10),
and the correlation coefficient between the observations
and the final interpolated SSCs was 0.98. More importantly, the spatial and temporal variations of the final
interpolated SSCs were reasonable from the viewpoint of
physics (see Figs. 12 and 13). The aforementioned results
showed that the DCIM was a feasible and effective
method for interpolating the sparsely observed SSCs in
both space and time, which can improve the utilization of
these observations.
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