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Abstract: Using in situ microstructure observations from 2010 to 2018, this study assesses
the applicability of turbulent mixing parameterization schemes in the northwestern South
China Sea (NSCS) and improves the MG model proposed by MacKinnon and Gregg in
2003 using machine learning methods. The results show that the estimation error of the
MG model is still more than one order of magnitude in the NSCS. Also, the importance
of parameters obtained from machine learning indicates that the normalized depth (D)
is one of the most relevant parameters to the turbulent kinetic energy dissipation rate
ε. Therefore, in this study, D is introduced into the MG model to obtain an improved
MG model (IMG). The IMG model has an average correlation (r) between the estimated
and observed log10ε of 0.79, which is at least 49% higher than the MG model, and an
average root mean square error (RMSE) of 0.25, which is at least 42% lower than that
of the MG model. The IMG model accurately estimates the multi-year turbulent mixing
observed in the NSCS, including before and after tropical cyclone passages. This provides
a new perspective to study the physical principles and spatial and temporal distribution of
turbulent mixing.

Keywords: turbulent mixing parameterization; MG model; northwestern South China Sea;
machine learning

1. Introduction
Turbulent mixing is a vital process for the redistribution of nutrients, sediments,

freshwater, and pollutants throughout the water column [1]. Consequently, parameterizing
turbulent mixing represents a pivotal topic in physical oceanography. However, this
endeavor is beset with challenges. Firstly, turbulent mixing occurs at an exceedingly small
scale, in the order of microns, which most ocean models are unable to resolve. Secondly,
direct long-term and large-scale measurements of turbulent mixing are exceedingly difficult
to obtain. Therefore, the development of mixing parameterization has become the most
viable approach.

Previous investigators have proposed various parameterization schemes for the ocean
turbulent kinetic energy dissipation rate ε [2–5]. The widely used schemes include those
provided by Mellor and Yamada [6], Pacanowski and Philander [7], Chen et al. [8], and
the K-profile parameterization [9]. In recent decades, there has been a growing focus on
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the enhancement of internal mixing caused by the breaking of internal waves [10–12].
Based on the wave–wave interaction and wave energy transfer theories, parameterization
schemes based on fine-scale observations were developed, such as the GH model [13], K06
model [14], and MG model (proposed by MacKinnon and Gregg in 2003) [15]. Moreover, the
Thorpe scale method, which is based on the turbulent eddy overturning scale and buoyancy
frequency, has also been proposed [16,17]. All these parameterization schemes are based
on parameters associated with water density and current velocity. These developments
have benefited ocean modeling and prediction, although uncertainties remain a significant
challenge [18,19]. The booming development of machine learning has brought us new ways
to study turbulent mixing [20–22]. However, the inability of machine learning to provide
display expressions has thus far hindered further development in this direction. Further
study is required to determine how machine learning can be used to enhance existing
parameterization schemes.

The northwestern South China Sea (NSCS) exhibits a considerable diversity of bathy-
metric and oceanographic conditions. It has long been regarded as a focal point for
dynamic research endeavors [11,23,24]. Given the challenges associated with obtaining
microstructure measurements, the Thorpe scale method is frequently employed to estimate
overturns [10,25,26]. In addition, different fine-scale parameterizations are often used
to estimate diapycnal diffusivity Kρ. For example, based on the Gregg–Henyey–Polzin
scale [14,27], Yang et al. [28] provided a three-dimensional distribution of turbulent mixing
in the South China Sea (SCS), and Sun et al. [29] reported seasonal variations in deep water
turbulent mixing in the NSCS. Lu et al. [30] conducted microstructure measurements in
the northern continental shelf and deep-water areas of the South China Sea, deriving two
different parameterizations using the Richardson number (Ri). However, the applicability
of the fine-scale parameterization in the SCS has only been tested in a few studies. Recently,
Shang et al. [31] and Liang et al. [32] investigated the applicability of the GH model and
the MG model in the SCS and suggested that the MG model is more suitable for the SCS.
Numerous studies have highlighted the superior applicability of the MG model in the
NSCS compared to other parameterization schemes [31,33,34]. However, the error between
the MG model estimates and the observed data is still more than one order of magnitude,
especially in the mixed layer. One reason for this is the uncertainty in ε0. While theoretically,
this constant should be consistent with the background values of the oceans, empirical evi-
dence suggests that ε0 can vary based on observed data. This variability poses challenges in
applying the scheme to research when observational data are lacking. Consequently, these
limitations have led to caution in the study of turbulent mixing in the NSCS, highlighting
the urgent need for a swift and rational turbulent mixing parameterization scheme tailored
to this specific area.

Using in situ microstructure observations from 2010 to 2018, this study evaluates
the applicability of turbulent mixing parameterization schemes and improves the MG
model with machine learning methods in NSCS. The rest of the paper is organized as
follows. Section 2 provides a detailed introduction to the hydrological data and methods.
Sections 3 and 4 present the applicability of traditional parameterization schemes and intro-
duce new parameterization schemes, respectively. Sections 5 and 6 present the discussions
and conclusions, respectively.

2. Observations and Methods
2.1. Observations

Observational data were collected from 2010 to 2018, including 261 CTD profiles,
261 ADCP profiles, 94 TurboMAP profiles, and 143 MSS90 profiles. Observation periods
ranged from February to July, with a concentration in July, as listed in Table 1.
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Table 1. Dataset information, including the cruise number, year, month, and profile numbers of CTD,
ADCP, TurboMAP, and MSS90.

Cruise
Number Year Month CTD ADCP TurboMAP MSS90

1 2010 April–May 19 19 19 —
2 2012 February 28 28 28
3 2012 July 47 47 47 —
4 2016 July 40 40 — 35
5 2018 July 127 127 — 108

Total 261 261 237

In this study, the observed hydrological parameters include temperature (Te), salinity
(Sa), density (ρ), water depth (H), horizontal velocity (U), stratification (N), shear (S), and
dissipation rate (ε). The observation stations used in this study must include N, S, H, and
ε, with a total of 237 qualified stations. Figure 1 shows that the qualified stations covered
the entire NSCS. Detailed information on the data used in this study can be found in Li
et al. [34] and Shang et al. [31].
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Figure 1. Topographic map of the northwestern South China Sea, along with all the stations collected
from 2010 to 2018. Yellow, green, red, blue, and orange indicate April–May 2010, February 2012, July
2012, July 2016, and July 2018, respectively. Topography data are from https://www.ncei.noaa.gov/
products/etopo-global-relief-model (accessed on 27 December 2024).

2.2. MG Model

Parameterizations are applied to estimate turbulent dissipation using fine-scale param-
eters (e.g., N and S), which are more commonly measured than microstructure. The MG
model is the most commonly used and practical analytical model in the NSCS [31,33]. This
is because the low-mode shear in our study area mainly came from low-frequency internal
waves, such as diurnal and semidiurnal waves [33,34], which was similar to features of
the internal wave field over the New England Shelf, where the MG model was derived
initially [15]. It is given by

εMG = ε0(
N
N0

)(
S
S0

) (1)

where the choice of S0 and N0 refers to the studies by Li et al. [33] and Sun et al. [34]. Here,
we choose S0 = N0 = 5.1 × 10−3 rad/s. ε0 is an adjustable constant that gives the model
dissipation rate the same cruise average as the observed data. The adjustable constant ε0

https://www.ncei.noaa.gov/products/etopo-global-relief-model
https://www.ncei.noaa.gov/products/etopo-global-relief-model
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shows great variability in different regions and seasons, spanning from 10−10 to more than
10−8 W kg−1 [35–38]. This regional and temporal variability of ε0 strongly suggests the
importance of different physical processes for the setup and maintenance of the background
levels of turbulent dissipation.

2.3. Parameter Importance

In recent years, machine learning has gradually developed and gained popularity
in the field of oceanography [20,21,39]. However, machine learning models have high
complexity and low interpretability. This hinders the further development of oceanography.
Therefore, it is still necessary for us to try to understand machine learning models as much
as possible, which is conducive to our understanding of the physical essence behind them.
Many researchers have proposed many methods to explain machine learning models,
and the parameter importance is the most important method. The most commonly used
methods for calculating parameter importance include the Gini index [40], permutation [41],
and SHAP values [42].

The Gini index can be calculated based on the random forest model (RF), which is
the most commonly used model in machine learning. The idea of evaluating parameter
importance using the Gini index is to sort by the contribution of each parameter on each
tree in the random forest. The permutation is to shuffle the i-th parameter of the n samples
when calculating the importance of the i-th parameter. If a parameter is associated with the
target variable, shuffling the order will affect the error, and the stronger the association, the
greater the impact. SHAP is a method based on the Shapley value theory, which is used to
interpret the prediction results of machine learning models. It provides global and local
interpretability for the model by decomposing the predicted results into the influence of
each parameter.

3. Applicability of MG Model in the NSCS
The MG model in the NSCS is evaluated in this section. Different ε0 values are selected

for the parameterizations due to their different mixing backgrounds: for April–May 2010,
ε0 = 1.65 × 10−9 W kg−1; for February 2012, ε0 = 5.2 × 10−8 W kg−1; for July 2012,
ε0 = 1.65 × 10−10 W kg−1; for July 2016, ε0 = 0.96 × 10−9 W kg−1; for July 2018,
ε0 = 8.52 × 10−8 W kg−1. Figure 2 shows the distribution of dissipation rates in N2

and S2 spaces (observation and modeling). Dissipation rates in the NSCS (a–e) generally in-
crease with increasing S2, and the MG model can roughly reflect this kinematic relationship.
The dissipation rate from the MG model (f–j) exhibits a qualitatively consistent pattern
with the observed data (a–e). However, the MG model underestimates the observed high
dissipation rates, such as in 2010, 2016, and 2018. Turbulent mixing in the real ocean is
quite complex and occasionally exhibits some extremely strong mixing, making it difficult
for MG models to estimate accurately.

The dissipation rate profile observed in February 2012 and the dissipation rate profile
estimated by the MG model are shown in Figure 3a,b. The horizontal axis represents the
station number. It can be clearly found that the MG model (Figure 3b) underestimated the
dissipation rate in the mixed layer. The local extreme values in the observations are not
well estimated by the MG model. Depth averages of the dissipation rates estimated by
the MG model are compared with the observations for February 2012, shown in Figure 3c.
Estimates for other years are shown in Figures S1–S4. The observed dissipation rate sharply
decreases from the mixed layer to the density interface (10–20 m below the surface), then
slightly decreases with depth. Due to the limitations of the ADCP sampling range, the
estimated depths of the MG model are mainly concentrated below 10 m. The MG model
shows a general decreasing trend, which is consistent with the observed dissipation rate.
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However, the MG model significantly overestimates or underestimates the value of the
dissipation rate at the top or bottom by more than one order of magnitude. Then, the
applicability of the MG model is quantified through statistical analysis. Table 2 lists the
correlation coefficients (r) and root mean square errors (RMSE) between the observed
and estimated log10ε for the MG model in depth averaging. The MG model has good
performance in estimating dissipation rate, r is greater than 0.39, and RMSE is less than
0.51. Upwelling formed offshore of east Hainan Island, especially in July 2012. The r
of the MG model is 0.46, indicating that the MG model can capture the ε and is less
affected by upwelling. In the July 2018 observations, the MG model has an r of 0.39,
which is the worst result compared to other cruise observations, possibly due to the wide
distribution of measurement stations, including the Qiongzhou Strait. Considering the
overall performance of predicting the dissipation rate, the MG model is indeed relatively
suitable for the study area. Frequency internal wave mixing can explain why the MG model
estimates have smaller biases but perform poorly in density interfaces. Previous studies
have also shown that the microstructure observations of dissipation rates in shelf regions
are robust with the MG model [31,33,34]. However, caution should be exercised when
applying MG in areas with complex physical environments, and further modifications to
the model may be necessary.

J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW 5 of 17 
 

 

 
Figure 2. Comparison between dissipation parameterization and in situ observations. A base-10 
logarithmic scale is used for dissipation data. (a,f) Results for April–May 2010, (b,g) results for Feb-
ruary 2012, (c,h) results for July 2012, (d,i) results for July 2016, and (e,j) results for July 2018. The 
boundaries of Ri = 0.25 and Ri = 1 are shown for reference. 

The dissipation rate profile observed in February 2012 and the dissipation rate profile 
estimated by the MG model are shown in Figure 3a,b. The horizontal axis represents the 
station number. It can be clearly found that the MG model (Figure 3b) underestimated the 
dissipation rate in the mixed layer. The local extreme values in the observations are not 
well estimated by the MG model. Depth averages of the dissipation rates estimated by the 
MG model are compared with the observations for February 2012, shown in Figure 3c. 
Estimates for other years are shown in S1–S4. The observed dissipation rate sharply de-
creases from the mixed layer to the density interface (10–20 m below the surface), then 
slightly decreases with depth. Due to the limitations of the ADCP sampling range, the 
estimated depths of the MG model are mainly concentrated below 10 m. The MG model 
shows a general decreasing trend, which is consistent with the observed dissipation rate. 
However, the MG model significantly overestimates or underestimates the value of the 
dissipation rate at the top or bottom by more than one order of magnitude. Then, the ap-
plicability of the MG model is quantified through statistical analysis. Table 2 lists the cor-
relation coefficients (r) and root mean square errors (RMSE) between the observed and 
estimated log10ε for the MG model in depth averaging. The MG model has good perfor-
mance in estimating dissipation rate, r is greater than 0.39, and RMSE is less than 0.51. 
Upwelling formed offshore of east Hainan Island, especially in July 2012. The r of the MG 
model is 0.46, indicating that the MG model can capture the ε and is less affected by 
upwelling. In the July 2018 observations, the MG model has an r of 0.39, which is the worst 
result compared to other cruise observations, possibly due to the wide distribution of 
measurement stations, including the Qiongzhou Strait. Considering the overall perfor-
mance of predicting the dissipation rate, the MG model is indeed relatively suitable for 
the study area. Frequency internal wave mixing can explain why the MG model estimates 
have smaller biases but perform poorly in density interfaces. Previous studies have also 
shown that the microstructure observations of dissipation rates in shelf regions are robust 
with the MG model [31,33,34]. However, caution should be exercised when applying MG 
in areas with complex physical environments, and further modifications to the model may 
be necessary. 
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Table 2. The r and RMSE between the log10ε estimated by MG model and the log10ε observed for five
cruise observations.

Model
April–May (2010) February (2012) July (2012) July (2016) July (2018)

r RMSE r RMSE r RMSE r RMSE r RMSE

MG 0.63 0.49 0.46 0.43 0.49 0.45 0.68 0.51 0.39 0.25

The MG model, as a continental shelf model, has been validated in shelf seas such
as the Celtic Sea [36], the Baltic Sea [37], and the New England continental shelf [15]. Our
observations confirm that the MG model can also be applied in the NSCS, although with
significant errors in the upper and bottom layers. The challenge in applying the MG model
lies in the local adjustment of ε0. It has been shown that for different regions, the range of
ε0 varies from 10−10 W kg−1 to above 10−8 W kg−1. Even in the same regions, ε0 can vary
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by a factor of 2 according to seasonal changes [15,35]. Nevertheless, the MG model predicts
the average characteristics of turbulence, providing researchers with a potentially useful
tool if ε0 can be appropriately estimated.
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4. Improvement of the MG Model
4.1. Importance of D

According to potential impact factors proposed in earlier studies [20], we select six
parameters that may affect the turbulent dissipation rate: Ri, shear (S), stratification (N),
density (ρ), horizontal velocity (U), and normalized depth (D). Random forest [40] is used
in this subsection, with 70% of the samples as the training set and the remaining 30% as the
test set. We input these six parameters into the RF model and output the corresponding
dissipation rate ε. The importance of the parameters is also calculated based on the Gini
index, permutation, and SHAP values. Their calculation flow charts are shown in Figure 4.
Figure 5 shows the sorted parameter importance, with all three methods consistently
showing that ρ, D, and U contribute the most to the prediction of ε while N2, S2, and Ri
contribute the least. The interpretation from the data view is that the dissipation rate is
strongly correlated with D, ρ, or U. The physical explanation is that these depth-related
parameters can better represent the effect of wind or bottom friction on mixing. Therefore,
in the machine learning-based prediction of ε, depth-related parameters play a crucial
role. Among them, D is easier to measure than ρ or U and can also directly represent
the influence of external factors, such as wind and bottom friction. Based on the above
considerations, we choose D to introduce the MG model.

The shortcomings of the MG model are still evident, and we attempt to make im-
provements within the framework of the MG model. The MG model believes that ε0 is
determined by the observed dissipation rate, which greatly reduces the applicability of the
MG model. Therefore, we modify the MG model by parameterizing M. The M is given by:

M =
ε0

N0 × S0
(2)

Based on the parameter importance indicated by machine learning, D has been shown
to have a strong relationship with the dissipation rate. This is evident, and according
to previous reports, active bottom mixing is caused by the interaction among internal
waves, near-bottom currents, and rough topography [43–45]. Numerous ocean mixing
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studies have illustrated that Kρ generally decays from the bottom upward in the deep
sea [14,43,46–48] and on the continental slope [49,50]. Several parameterization schemes
have been proposed so that numerical models can incorporate various changes in ocean
processes, from small-scale contributions to large-scale ocean processes [5,46,51,52]. These
available turbulent mixing schemes are dependent on the distance from the seafloor. Hence,
the inclusion of D in the parameterization formula is justified.
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The primary sources of energy for ocean mixing are wind, surface buoyancy flux,
and internal tides. Turbulent mixing in the upper mixed layer is primarily triggered by
surface wind stress and surface buoyancy flux, while turbulent mixing below the upper
mixed layer is generated by near-inertial motions and internal tides [53]. Therefore, the
parameterization formula is written in the following form:
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ε =


f (N, S, D), upper mixed layer
f (N, S, D), stratified layer
f (N, S, D), bottom mixed layer

(3)

Previous studies have found that the intensity of turbulent mixing decays from top to
bottom. However, the intensity of turbulent mixing significantly increases near the seafloor.
We evaluate the role of the parameter D in the NSCS. Figure 6 shows the relationship
between D and ε in five cruise observations. It is shown that the forms of the relationship
between D and ε are different, but they all decrease first and then increase with the increase
in D. However, inconsistencies in the rate of decrease in ε with D are evident, with a higher
rate of decrease observed in certain instances, as indicated by the red dashed line frame in
the figure. This can be explained by the fact that at lower D values, ε is triggered by surface
wind stress and surface buoyancy flux, and this effect diminishes as D increases. Similarly,
as shown in the blue dashed line frame, ε increases as D increases near the bottom boundary,
which indicates the influence of the seafloor on turbulent mixing. Elevated ε values are
observed near the upper and bottom boundaries. Previous studies [46,47] have suggested
that Kρ diminishes rapidly from the seafloor and slowly decays within the water column.
In other words, the influence of the bottom boundary layer decreases as the distance from
the seafloor increases. We also observed this phenomenon; furthermore, we found similar
events in the upper boundary, providing important insights for the parameterization of ε.
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Figure 6. The relationship between D and ε. (a) Results in April–May 2010, (b) results in February
2012, (c) results in July 2012, (d) results in July 2016, and (e) results in July 2018. The dashed frames
represent the influence of surface wind stress and buoyancy flux (red dashed frame) and seafloor
turbulent mixing (blue dashed frame).

4.2. Depth-Dependent IMG Model

The role of D has been clarified, and the next step is to establish a revised parameteriza-
tion framework. Introducing D directly influences the vertical distribution of the dissipation
rate, where typical vertical structure functions are often exponential or simpler [3,14,54–56].
To ensure that D effectively controls the decay rate of dissipation, we parameterize it in the
form of 10α+βD, where α and β are undetermined constants. Notably, β is negative in the
upper mixing layer and positive at the bottom, with regional variations expected.
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The decay pattern has been confirmed in form, implying that the trend of dissipation
rate variation can be well estimated. However, M is the key determinant of the magnitude
of turbulent energy dissipation rates. Why do dissipation rates differ significantly at
different times and locations? Through analysis of field observations from five cruise
observations, we found that ε in the continental shelf sea east of Hainan Island was lowest
in July 2012. This is attributed to the presence of coastal upwelling in this area, which
strengthens stratification and thus inhibits mixing [34]. The correlation between the average
dissipation rate and average stratification for the five cruise observations reached −0.38,
indicating that N is the key parameter determining the dissipation rate. Therefore, we
attempt to introduce N into M to determine the order of magnitude of the dissipation
rate. N acts as a suppression factor for dissipation rates, and the common and simple
method of introduction is subtraction and division. The observed maximum and minimum
dissipation rates differ by five orders of magnitude, and division rather than subtraction
better captures this variation. Therefore, the form of M can be assumed to be:

M =
10α+βD

Nγ
(4)

where α, β, and γ are undetermined constants, which may be a constant related to location.
Therefore, the MG scheme has been rewritten into the following improved MG model
(IMG model):

ε =


10α1+β1D

Nγ1 × S, upper mixed layer

10α2+β2D

Nγ2 × S, stratified layer

10α3+β3D

Nγ3 × S, bottom mixed layer

(5)

The basic form of the IMG model is given, and an attempt is made to obtain a parame-
terization scheme suitable for the NSCS for a long time. We use least squares to fit specific
values for α, β, and γ.

We use a cross-validation approach to verify the suitability of the IMG model. Four
sets of observational data are used for fitting at a time, and the remaining observational
data sets are used to verify the fitting effect. The r value of the cross-validation results is
greater than 0.65, and the RMSE is less than 0.32. The upper mixed layer values for α, β,
and γ are −5.5, −1.5, and 0.2, respectively. The values for the stratified layers are −7.5, −1,
and 1.1, respectively. The values for the bottom mixed layer are −9, 1, and 0.5, respectively.
This is a remarkable result, showing that ε always maintains the same relationship with N,
S, and D. Rhus, we obtain the IMG model:

ε =


10−5.5−1.5×D

N0.2 × S, upper mixed layer

10−7.5−D

N1.1 × S, stratified layer

10−9+D

N0.5 × S, bottom mixed layer

(6)

4.3. Validation of the IMG Model
4.3.1. Applicability of IMG Model in the NSCS

Figure 7 shows the performance of the IMG model for five cruise observations, with
results from April–May 2010 (Figure 7a), February and July 2010 (Figure 7b,c), July 2016
(Figure 7d), and July 2018 (Figure 7e). The IMG can better estimate ε, and the estimation
error of the upper and lower mixed layers is reduced. Table 3 compares the IMG and
MG models, demonstrating that the IMG model can better estimate ε. The IMG model
simulations show a high r with the observed log10ε, with r values of 0.80, 0.65, 0.75, 0.84,
and 0.89, and RMSE of 0.23, 0.36, 0.25, 0.19, and 0.22, respectively. These results indicate
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an improvement in r by at least 19% and a reduction in RMSE by at least 12%. In the
estimation in July 2012, the IMG model showed a 53% higher r than the MG model, with
a 44% lower RMSE. This indicates that the IMG is least affected by upwelling. The mean r
between the estimated and observed log10ε of the IMG model is 0.79, which is 49% higher
than the MG model, and the mean RMSE is 0.25, which is 42% lower than the MG model.
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Table 3. The r and RMSE between the log10ε estimated by IMG and the log10ε observed for five
cruise observations.

Model
April–May (2010) February (2012) July (2012) July (2016) July (2018)

r RMSE r RMSE r RMSE r RMSE r RMSE

IMG 0.80 0.23 0.65 0.36 0.75 0.25 0.84 0.19 0.89 0.22
MG 0.63 0.49 0.46 0.43 0.49 0.45 0.68 0.51 0.39 0.25

4.3.2. Detailed Estimates

To understand the IMG model’s estimation capabilities in more detail, Figure 8 shows
the estimates for each observation station in April–May 2010. Figure 8a,d, Figure 8b,e,
and Figure 8c,f show the average log10ε of 0–50 m, 51–200 m, and deeper than 200 m,
respectively. Estimates for other cruises are shown in Figures S5–S8. In a few stations,
there may be errors between observed and estimated log10ε due to different data collection
regions. Overall, the estimated dissipation rate exhibits patterns similar to observations
in both horizontal and vertical spaces, with errors mostly not exceeding one order of
magnitude. The IMG model has relatively large estimation errors for extremely high or
low dissipation rates. When there are extreme values of N or S, the error is also significant
(Figures S5–S8). In Figure S8, the estimation of the dissipation rate in the Qiongzhou
Strait is poor because most of the data used in data fitting are observation stations in the
continental shelf sea east of Hainan Island. However, considering that this is a long-term,
large-scale parameterization scheme that can be estimated in the upwelling area of eastern
Hainan Island in summer, as well as the influence of topography and internal waves in the
NSCS, these errors are within an acceptable range.
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Theoretical aspects of the MG model assume that ε0 is a constant based on ocean
background values, while in our study, we find that the value of ε0 depends significantly
on observational data. The observed dissipation rate largely depends on the stratification;
therefore, in this study, ε0 is considered a function related to stratification. The proposal
of the MG model is based on stratified regions, but in our observations in Section 4.1, we
noticed a decrease in mixing intensity from top to bottom in the upper mixed layer. ε

undergoes significant variations with N in both time and horizontal space, as well as with D
in vertical space. Mackinnon and Gregg treated the typical test wave energy density, vertical
wave number, and horizontal wave number as unknown constants [15]. However, we apply
the MG model to the full water depth, which means the MG model is not entirely correct in
the three proposed assumptions. The NSCS has a variety of turbulent mixing triggering
mechanisms, so we hypothesize that they are related to N and D, which implies that
constraints of N and D should be added when parameterizing M. Under such assumptions,
we can develop a turbulent mixing parameterization scheme applicable to the entire water
depth. In this context, we find that disregarding wave–wave interactions, the updated
parameterization formula seems to be more consistent with physical principles—strong
stratification can suppress mixing, while shear promotes mixing.

When we parameterize M, we actually use N, S, D to determine the key parameter ε0

in the MG model, which means that N, S, D can roughly determine the average mixing of
the observations. Since microstructure data are obtained from oceanic areas with significant
differences in contributions from tides, internal waves, mesoscale, etc., distinguishing
different profiles of turbine energy distribution rate solely based on these simple variables
is an encoding result. This holds exciting prospects for the parameterization of mixing,
which is not overly sensitive to the processes generating turbulence.

5. Discussion
5.1. Stability of Parameterization Schemes During Tropical Cyclones

During five observational periods, internal waves and upwellings demonstrated the
IMG model’s capability to handle sudden oceanic events. Here, we evaluate the impact of
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tropical cyclones (TCs) on the stability and performance of IMG. TCs extract significant heat
from the ocean, causing sea surface cooling [57,58], while strong winds inject momentum
into the upper ocean, generating intense currents [59–61]. When vertical shearing from
these currents exceeds the stabilizing effects of stratification, vigorous vertical mixing
occurs [62]. Accurate estimation of turbulent mixing before and after a TC passes is essential
for understanding its influence. While previous studies proposed mixing parameterization
schemes in the NSCS, their performance under TC conditions remains uncertain. To address
this, we analyze microstructure data from the offshore eastern of Hainan Island in July
2013, when severe tropical storm Jebi passed through the study area. Figure 9 shows the
observational stations (yellow points) and Jebi’s track (black dashed line), with Figure 9a,b
representing positions before and after Jebi’s passage, respectively.

J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW 12 of 17 
 

 

updated parameterization formula seems to be more consistent with physical principles—
strong stratification can suppress mixing, while shear promotes mixing. 

When we parameterize M, we actually use N, S, D to determine the key parameter ε0 
in the MG model, which means that N, S, D can roughly determine the average mixing of 
the observations. Since microstructure data are obtained from oceanic areas with signifi-
cant differences in contributions from tides, internal waves, mesoscale, etc., distinguishing 
different profiles of turbine energy distribution rate solely based on these simple variables 
is an encoding result. This holds exciting prospects for the parameterization of mixing, 
which is not overly sensitive to the processes generating turbulence. 

5. Discussion 
5.1. Stability of Parameterization Schemes During Tropical Cyclones 

During five observational periods, internal waves and upwellings demonstrated the 
IMG model’s capability to handle sudden oceanic events. Here, we evaluate the impact of 
tropical cyclones (TCs) on the stability and performance of IMG. TCs extract significant 
heat from the ocean, causing sea surface cooling [57,58], while strong winds inject mo-
mentum into the upper ocean, generating intense currents [59–61]. When vertical shearing 
from these currents exceeds the stabilizing effects of stratification, vigorous vertical mix-
ing occurs [62]. Accurate estimation of turbulent mixing before and after a TC passes is 
essential for understanding its influence. While previous studies proposed mixing param-
eterization schemes in the NSCS, their performance under TC conditions remains uncer-
tain. To address this, we analyze microstructure data from the offshore eastern of Hainan 
Island in July 2013, when severe tropical storm Jebi passed through the study area. Figure 
9 shows the observational stations (yellow points) and Jebi’s track (black dashed line), 
with Figure 9a,b representing positions before and after Jebi’s passage, respectively. 

 

Figure 9. Topographic map of the South China Sea, along with the observed stations collected from 
2013. (a) Stations before Jebi’s passage. (b) Stations after Jebi’s passage. 

The performance of the MG and IMG models is compared before and after Jebi’s pas-
sage (Figure 10a,b). IMG consistently outperformed MG, with r values of 0.83 and 0.29 
and RMSE of 0.33 and 0.42. The RMSE estimated by IMG is at least 31% lower than that 
of MG (Table 4). The successful simulation of ε by IMG is encouraging, providing a relia-
ble tool for studying TC-induced turbulent mixing. This demonstrates that IMG can han-
dle complex situations like tropical cyclone passage with ease, expanding its applicability. 
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The performance of the MG and IMG models is compared before and after Jebi’s
passage (Figure 10a,b). IMG consistently outperformed MG, with r values of 0.83 and 0.29
and RMSE of 0.33 and 0.42. The RMSE estimated by IMG is at least 31% lower than that of
MG (Table 4). The successful simulation of ε by IMG is encouraging, providing a reliable
tool for studying TC-induced turbulent mixing. This demonstrates that IMG can handle
complex situations like tropical cyclone passage with ease, expanding its applicability.
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Table 4. The r and RMSE between the log10ε estimated by IMG and the log10ε observed before and
after Jebi.

Model
Before After

r RMSE r RMSE

IMG 0.83 0.33 0.29 0.42
MG −0.04 0.48 −0.83 0.65

5.2. Prospect of IMG Model

In previous empirical parameterizations, the decay scale hr is defined as a physical
length scale in meters. For example, Hasumi and Suginohara [52] used 700 m, while St.
Laurent et al. [48] adopted 500 m. Decloedt and Luther [46] suggested that in regions with
varying roughness in the open ocean (depths: 3000–5000 m), hr ranges from 170 to 670 m.
These studies predominantly focused on deep-sea environments at depths of several thou-
sand meters, raising questions about their applicability to shallower regions. Intuitively,
decay scales in shallower seas are expected to be shorter. For instance, Lu et al. [5] pro-
posed a decay scale of 44 m at a depth of 200 m and 440 m at 2000 m, consistent with
shorter decay scales in shallower waters. Larger decay scales in deep-sea regions align with
earlier findings [46,48]. While previous works addressed bottom decay scales based on
observational data, we introduced a new approach by using the mixed layer to represent
the decay scale. This method divides the water column into three segments, each with
a distinct decay rate, aligning more closely with dynamic processes applicable to diverse
topographies. Updated parameterization schemes also capture how ε is directly influenced
by stratification. In deep-sea regions with weak and relatively uniform stratification, tradi-
tional parameterization methods accurately describe ε, often neglecting stratification effects.
However, in dynamically complex regions such as the NSCS, turbulent mixing exhibits
significant spatiotemporal variability. Stratification plays a vital role in determining the
magnitude of turbulent energy dissipation, reflecting seasonal and regional differences.

There are still some issues in this study. For instance, the application of IMG in the
Qiongzhou Strait relied on a single set of mixing data, which, when combined with data
from the entire NSCS, is clearly insufficiently robust. These issues will be addressed as
more observational data become available. Significant challenges remain, such as the
interaction between the SCS positive pressure tide and the steep terrain of the Luzon
Strait, which generates strong internal tides [11,23] and large-amplitude internal solitary
waves [63,64]. Furthermore, the active near-inertial internal waves in the SCS, driven
by prevalent monsoons and frequent tropical cyclones, contribute substantial energy to
turbulent mixing [65–67]. These mesoscale processes play a critical role in turbulent kinetic
energy dissipation, making mixing mechanisms in the SCS highly complex. The diversity of
mixing drivers poses challenges for generalized parameterization models, which may not
fully capture all scenarios. However, this study highlights the impacts of coastal upwelling,
internal waves, and tropical cyclones on the IMG model. Further experimentation is
necessary to validate these findings, and future optimization of parameterization schemes
based on dynamic physical processes represents a critical direction for the evolution of the
IMG model.

6. Conclusions
This study assesses and improves the applicability of the MG model proposed by

MacKinnon and Gregg in 2003 in the NSCS using five micro- and fine-scale observational
datasets comprising 237 profiles collected between 2010 and 2018. The key findings are
as follows:
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1. The estimation error of the MG model in the NSCS exceeds one order of magnitude,
particularly in the mixed layer. This large error is partly due to the difficulty in
determining the key parameter ε0. The study reveals that the MG model’s performance
varies with different mixing mechanisms across cruises.

2. Analysis using three machine learning methods identified normalized depth (D) as
one of the most critical parameters influencing mixing in data-driven models.

3. Incorporating D into the MG model resulted in the improved MG (IMG) model. The
IMG model achieved a mean r of 0.79 between estimated and observed log10ε, at least
49% higher than the MG model, and a mean RMSE of 0.25, at least 42% lower than
the MG model.

The IMG model reliably estimates turbulent mixing in the NSCS over multiple years,
including during typhoon events. Addressing the “black box” issue in machine learning
is essential for advancing artificial intelligence in oceanography. Identifying critical pa-
rameters through their importance can enhance our understanding of physical processes,
making this a valuable direction for future research.
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