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SCMNet: Toward Subsurface Chlorophyll
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and Bi-GRU Network
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Abstract—A subsurface chlorophyll maximum is an important
ecological feature of planktonic ecosystems. Although the vertical
profiles can be determined through the implementation of biogeo-
chemical (BGC)-Argo buoy, this method is not compatible with
the ocean observation requirements of high-resolution spatiotem-
poral measurements. Here, we demonstrate that deep learning can
proficiently fill in these observational gaps when combined with sea
surface data from ocean color radiometry. First, the sparse vertical
profile data of BGC-Argo is fused with sea surface data to construct
the benchmark dataset for deep learning. Second, encouraged by
the idea of dense numerical representations, the comprehensive
model combined with coupled embedding and bidirectional gated
recurrent unit is proposed to inverse the vertical profile with BGC-
Argo and satellite data. Then, the in-depth spatiotemporal analysis
of the subsurface chlorophyll maxima phenomenon is performed
by the parametric equation method and deep learning method as
well. Finally, extensive experiments in the Northwest Pacific were
conducted to demonstrate the effectiveness of the proposed method-
ology. The impressive results indicate that the proposed method can
compensate for the lack of sparse in situ observations of chlorophyll
concentration, the determination coefficient is increased by more
than 20%. This study is of great significance to marine ecology and
provides important insight into artificial intelligence in the study
of subsurface oceanic phenomena.

Index Terms—Biogeochemical (BGC)-Argo, bidirectional gated
recurrent unit (bi-GRU) network, deep embedding, remote sensing,
subsurface chlorophyll maxima.
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I. INTRODUCTION

THE subsurface chlorophyll maximum (SCM) is an
extensive interaction process [1] that contributes to the

formation of sustained subsurface layers of elevated
chlorophyll-a concentration (CHL) [2]. Our understanding
of SCM phenomena has benefitted from in situ observations [3]
while not enhanced with the increasing improvement of
satellite observations [4] because measurements are limited
to the superficial layer [5]. Considering the expensive in situ
observations [6] and the high spatiotemporal resolution
requirements of in-depth SCM study [7], the idea of filling the
gap of in situ observations with sea surface data via regression
method of machine learning has been formed.

In terms of observational data, a global network of bio-
geochemical sensors on Argo profiling floats (BGC-Argo) has
accumulated data for more than ten years [8] and now can
provide a high spatiotemporal dataset [9] of vertical profiles
of CHL [10] that can be used to calculate three indicators
of maximum, depth, and thickness of SCM phenomena [11].
Nevertheless, the vertical profiles data are still sparse [12] so
cannot be conducive to reveal the nature of SCM and related
dynamics mechanisms [13]. In the meantime, ocean remote
sensing data have consistently provided intensive data [14] on
the global ocean over the past few decades [15], with spatial
resolutions ranging from meters to tens of kilometers [16].
Among them, CHL [17] and sea surface temperature (SST) [18]
are recognized as essential variables [19] and are the primary
parameters of ocean-color satellite products [20]. Naturally, the
fusion of sea surface data to the vertical profile is competent for
the data-intensive research paradigm of SCM phenomena.

With the rise of artificial intelligence [21], [22], machine
learning has also infiltrated inversion methods with fused ocean
surface information and ocean vertical profile structure [23]. An
unsupervised neural network to retrieve ocean salinity patterns
based on sea surface parameters is proposed and applied to phys-
ical surface measurements in the tropical Atlantic [24]. Further,
a 3-D convolutional neural network is constructed to identify
oceanic eddies using vertical structure [25]. In addition, artificial
intelligence technology is also applied to reverse [26] and predict
marine SCM [27]. Specifically, a shallow neural network with
one hidden layer is trained to reconstruct the vertical structure
of Mediterranean chlorophyll from in situ observational data
and satellite remote sensing data [28], deep neural network with
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a Gaussian radial basis activation function [29] is proposed to
retrieve the vertical structure of CHL and calculate the associated
SCM features based on ocean surface data [30]. Although these
existing studies can extrapolate the intermediate ocean from sea
surface data with efficient results, the dependence and mathe-
matical continuity of ocean parameters on vertical depth, which
is critical to ensure satisfactory results, has not been considered
in the network design.

In order to solve this problem, some novel ideas and methods
of neural network models applied in other fields can be used
for reference. For example, in speech recognition tasks, the
bidirectional gated recurrent unit (Bi-GRU) neural network first
proposed by Schuster et al. [31] can provide more comprehen-
sive sequence modeling capabilities and achieve better perfor-
mance by simultaneously considering past and future context
information. In addition, Liu et al. [32] proposed a multilabel
classification model based on Bi-GRU that can simultaneously
capture past and future contextual information, and proved the
superior performance of the model in text classification through
experiments on multilabel text classification tasks. In the predic-
tion task, the method is also reflected. Fu et al. [33] proposed a
prediction method of bearing service life based on deep Bi-GRU,
mining the interdependence between mixed data and original
data, which has good prediction accuracy and robustness. In-
spired by the more comprehensive characteristics of Bi-GRU
processing input information, the Bi-GRU is considered to be
used in the modeling of ocean parameters to improve the accu-
racy of the model for vertical depth continuity prediction.

This article aims to explore data-driven and learning-based
approaches to fill the gap of in situ observational data with dense
surface-ocean data to facilitate extensive SCM research. The rest
of this article is organized as follows. Section II formulates the
problem and describes the related data. Section III illustrates the
proposed method in detail. Section IV analyzes the inversion
results of SCM profiles while presenting the indicators
prediction results of different methods. Finally, Section V
concludes this article.

II. PRELIMINARIES

A. Problem Formulations

The methodological approach taken in this study is regression
and parameterization. Specifically, the prediction problem of
SCM includes two parts. One is to regress the vertical profile with
surface data, and the other is the parameterized process, which
is to calculate three factors including maxima A, the depth D,
and thickness 2σ. Let X = {(CHLi,SSTi, lati, loni, pxi)}mi=1

denote the vertical profile dataset with m profiles for SCM
inversion, where m is the number of SCM vertical profiles,
CHLi,SSTi ∈ R is the corresponding sea surface data on the
matching position lati, loni, pxi = (pxi1, pxi2 . . . , pxin) ∈ R
is the i profile, where n is the depth of the profile. yi =
(Ai, Di, σi) ∈ R is the ground truth of maxima A, the depth
D, and thickness 2σ.

For the inversion problem, the input are the sea surface
data xi :→ [CHLi,SSTi, lati, loni] is the sea surface vector of
the vertical profile pxi, the output are the vertical profile
yi :→ pxi = (pxi1, pxi2 . . . , pxin), the vertical profile

inversion process is the regression problem of deep learning. To
assess the performance of the constructed method, the output
value f(x) of the network is expected to be infinitely close to the
ground truth y, and the training objective of the inversion net-
work is to achieve the minimum mean squared error, the detailed
expression of the loss function can be formulated as follows:

lossinversion =
∑
px

[
(f(x)− y)2

]
dx. (1)

For the parameterized problem, the input xi :→ pxi =
(pxi1, pxi2 . . . , pxin), while the output is the SCM parameters
yi :→= [Ai;Di; 2σi]. Inspired by the Gaussian normal
distribution model rotated by 90◦ in the study of the heat
structure of the upper seawater [34], the complex mechanism
of SCM formation is simplified as follows:

CHL(D) = Ae−
(D−Dmax)

2σ2 . (2)

Correspondingly, the parameter A is the intensity of the SCM.
The parameter D is the depth of the SCM. The parameter σ is
the standard deviation, and 2σ means the thickness of the SCM.

B. Related Data

1) Sea Surface Chlorophyll Concentration: The CHL data
products were generated by the ocean color component of the
European Space Agency Climate Change Initiative project. In
this study, the CHL dataset extended from 2017 to 2021 and had
an eight-day temporal resolution and a 4KM spatial resolution.

2) Sea Surface Temperature: The daily SST dataset is the
National Oceanic and Atmospheric Administration Optimum
Interpolation SST product from Reynolds at 0.25◦ resolution.
The dataset is interpolated to fill gaps on the grid and create a
spatially comprehensive map of SST.

3) BGC-Argo Data: The vertical distribution of subsurface
chlorophyll is obtained from BGC-Argo, which aims at devel-
oping a global network of BGC-Argo [35] and has obtained
113 465 chlorophyll profiles with a vertical measurement depth
of 1000 m.

III. METHODOLOGIES

A. Data Preprocessing

This article collected 22 BGC-Argo profiling floats in the
Northwest Pacific with a total of 2556 profiles at the depth
of 300 m, as shown in Fig. 1. Considering the complexity of
the occurrence and development of SCM, the research region
is divided into three subregions: low latitude (10◦N–25◦N),
middle latitude (25◦N–35◦N), and high latitude (35◦N–55◦N).
The SCM dataset is built as follows. First, valuable informa-
tion about the BGC-Argo profiles including the number, date,
longitude (lon), latitude (lat), and concentration of chlorophyll
are extracted. Second, the profile data are linearly interpolated
with a resolution of 1 m. Then, a reasonable parameter range is
determined according to the Gaussian model, thus the profiles
without significant SCM features are filtered out. Finally, the
satellite data and BGC-Argo data are matched spatially and
temporally. The spatiotemporal matching of satellite data and
BGC-Argo data includes two aspects of time and space. For each
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Fig. 1. Distribution of the 22 BGC-Argo floats required and the months
measured. The three subregions are low latitude (red box), middle latitude (green
box), and high latitude (blue box).

Fig. 2. Distribution of SCM dataset. (a)–(c) Range of parameters for the
dataset. (d)–(f), (g)–(i), and (j)–(l) Three BGC-Argo profiles are chosen from
different subregions randomly.

BGC-Argo observation profile data, on the one hand, it needs
to match the remote sensing observation data corresponding to
the time, that is, time matching. On the other hand, it needs to
match the satellite data corresponding to its lon and lat, that is,
spatial matching. Fig. 2(a)–(c) illustrates the overall parameter
distribution of the SCM dataset. To intuitively demonstrate the
availability of parameterized function (2), three BGC-Argo pro-
files, which are randomly selected in each subregion, are fitted
as shown in Fig. 2(d)–(l). The dots represent the concentration
values of chlorophyll in the vertical depth, which were obtained
from the in situ data measured by BGC-Argo floats. The colored

Fig. 3. Architecture of the proposed method.

curves represent the Gaussian curve fitted to the scattered points.
The shaded part represents the 95% confidence interval of the
fitted curve.

B. Overall Architecture of SCMNet

Moving on now to the inversion methods, SCM vertical
distribution-oriented network named SCMNet is proposed based
on coupled embedding and Bi-GRU frameworks, as illustrated
in Fig. 3.

1) Embedding Module: To integrate a large number of basic
features, the embedding module is adopted to digitally code SST,
lon, lat, and date. Since the value of CHL is of strong floating-
point type, it is directly concatenated with the encoded results.

2) Bi-GRU Cell Structure: Because the dependence of CHL
data (the concentration value of the current depth is affected
by the historical depth data, and the data of subsequent depths
will also affect the concentration value of the current depth),
the Bi-GRU module is employed to obtain more characteristic
information from both positive and negative directions. At each
depth, the data flow to two GRU modules in opposite directions
at the same time, and the output sequence is determined by the
two GRUs decided jointly.

The substructure GRU of Bi-GRU is shown in Fig. 3(b). The
input of the GRU is the concentration value at the depth of k
meters (xk) and the hidden state at the depth of k − 1 meters
(hk−1). The hidden state contains information about previous
nodes at a specific depth. The output consists of the hidden nodes
at the depth of k (yk) and the hidden state at the depth of k, which
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is passed to the next node. Its internal structure includes reset
gate, update gate, and candidate hidden layer states. rk is the
reset gate at a depth of k meters, and it can be described in the
following equation:

rk = σ (Wrxk +Rrhk−1 + br) (3)

where σ is the sigmoid activation function, xk and hk−1 are
the current input values, wr and br are the weights and biases
of the current input values, rk determines how the new input
information is combined with the previous memory. When rk
tends to 0, the model will discard the past hidden information,
leaving only the current input information. When rk tends to 1,
it is considered that the hidden information in the past is useful,
and it is added to the current information. zk is the update gate
at a depth of k meters, and it can be described in the following
equation:

zk = σ (Wzxk +Rzhk−1 + bz) (4)

where zk determines the amount of previous depth data retained
at the current depth. When zk tends to 0, it means that there
are more historical data forgotten. When zk tends to 1, it means
that there are more historical data to be passed on. The gk is the
state of the candidate hidden layer, and it can be described in the
following equation:

gk = tanh (Wcxk +Rc (rk × hk−1) + bc) (5)

where rk × hk−1 indicates whether the past information is help-
ful to predict the concentration value of the next depth. The real
hidden layer state formula is defined as follows:

hk = zk × hk−1 + (1− zk)× gk. (6)

In the formula, zk × hk−1 means selective forgetting of the
original hidden state. (1− zk)× gk represents the selective
memory of the candidate’s hidden state of the current node.
The reverse GRU propagation process is the opposite. The
calculation process of Bi-GRU is as the following:

�hk = GRU
(
�xk,�hk−1

)
(7)

←
hk = GRU

(
←
xk,

←
hk−1

)
(8)

hk = f
(
�Wh

�hk +
←
Wh

←
hk + bk

)
. (9)

IV. EXPERIMENTAL RESULTS

A. Implementations

The proposed SCMNet is constructed by Pytorch and trained
on a computer with NVIDIA 2080ti and Windows system. The
SCM dataset is divided into two parts: 80% of the data are
training data and the remaining 20% are validation data. Basic
statistical quantities used for the assessment of SCMNet perfor-
mance concerning the observed values, including mean square
error (MSE), root-mean-square error (RMSE), mean absolute
error (MAE), and determination coefficient (R2).

SCMNet is compared with multilayer perceptron (MLP),
k-neighbors (KN), AdaBoost (AdaB), random forest (RF), and
support vector regression (SVR) methods, and the results are

TABLE I
METRIC EVALUATION RESULTS OF SCM PARAMETERIZED BY SCMNET AND

COMPARATIVE METHODS

Fig. 4. Inversion results of SCMNet and MLP models.

shown in Table I. It can be indicated that MLP is the most
competitive method. Further, SCMNet and MLP are compared
in more detail in the overall region and subregions. The output
values for SCMNet and MLP are shown in Fig. 4. The R2 value
of SCMNet in the overall region is 0.8125, the R2 value of MLP
is 0.65, and the R2 value has increased by 25%. And the R2

of three subregions increased by about 21%, 24%, and 23%,
respectively.

B. Ablation Experiments

In order to verify the improvement effect of embedding and
Bi-GRU on the retrieval of chlorophyll concentration, ablation
experiments are conducted on the embedding and Bi-GRU parts.
Keep other parts of the model consistent, remove the embedding
and Bi-GRU, and perform retrieval on the model. The evaluation
results are shown in Table II. As can be seen from the table, all
evaluation indicators are not as good as SCMNet. The results
of the ablation experiments show that embedding and Bi-GRU
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TABLE II
METRIC EVALUATION RESULTS OF THE ABLATION EXPERIMENTS BASED ON

THE EMBEDDING AND BI-GRU MODULES IN THE OVERALL REGION AND THE

THREE SUBREGIONS

Fig. 5. Variation of loss values of the study region on the training set of 500
epochs.

play an important role in improving SCMNet model. Theirs
existence have a positive impact which can significantly improve
the performance of chlorophyll concentration retrieval, further
verifying the effectiveness and necessity of embedding and
Bi-GRU in this study.

C. Discussion of SCMNet Stability

During the training process, SCMNet performance is im-
proved by iteratively adjusting SCMNet parameters to minimise
the loss function. The loss curve of the SCMNet in the training
process is plotted in Fig. 5 to intuitively evaluate the conver-
gence and stability of the training process. It can be seen that
in the overall region and the three subregions, the loss value
of SCMNet gradually decreases and stabilizes during training.
This indicates that SCMNet is effectively optimizing itself and
improving its ability to fit the training data.

In order to evaluate the stability and generalization ability of
the SCMNet, different datasets are used for training and testing
the SCMNet, and the performance difference of the SCMNet on
these datasets is observed. 5570 BGC-Argo observational profile
data in the Mediterranean Sea are selected, and the dataset are
constructed and are divided into training set and test set for
experiments. The evaluation metrics MSE, RMSE, MAE, and

Fig. 6. (a)–(d) Results of three subzones in different seasons. (e)–(g) Results
of parameter in different latitudinal bands and different months.

R2 are 0.0083 (mg m−3)2, 0.0916 mg m−3, 0.0315 mg m−3,
0.7593, respectively. There are consistent with the performance
in the Northwest Pacific research region, indicating that SCMNet
is able to effectively capture the characteristics and patterns of
the data in different regions and make accurate predictions. This
further enhances confidence in the performance of SCMNet.

D. SCM Spatial-Temporal Features

As can be seen from Fig. 4 that SCM presents different
characteristics in different latitude bands. The intensity of SCM
increases with the increase of the latitude zone, ranging from
0.18 mg m−3 in low latitudes to 0.35 mg m−3 in middle latitudes,
and to 1.3 mg m−3 in high latitudes. The depth of SCM becomes
shallower as the latitude zone increases, from 130 m in low
latitudes to 30 m in high latitudes. There is no significant change
in SCM thickness except for a slight decrease in the high-latitude
region.

The seasonal characteristics of SCM at different latitudes are
analyzed in more detail, as shown in Fig. 6(a)–(d). The fact
that better predictions can be made throughout the year at lower
latitudes has much to do with the uniform time distribution of
SCM datasets at lower latitudes. In the middle and high latitudes,
the in situ observations data themselves do not have obvious
SCM characteristics in winter, which makes the winter predic-
tion effect not good. Simultaneously, the prediction accuracy of
intensity in high latitudes needs to be improved. In addition, the
four seasons at low latitudes all present a nearly perfect “bell
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Fig. 7. Prediction results in the Northwest Pacific. (a)–(c), (d)–(f), and (g)–(i) are the prediction results and spatiotemporal decoupling analysis of parameters A,
D, and σ, respectively.

shape,” and the maximum value of the “bell shape” is around
0.2 mg m−3. In spring, SCM in middle and high latitudes shows
similar characteristics, which may be related to the similar SCM
formation mechanism in coastal areas.

The profiles are also fitted according to the Gaussian function
formula for the A, D, and σ parameters so as to understand
the characteristics of the intensity, depth, and thickness of SCM
in different latitudinal bands in different months, as shown in
Fig. 6(e)–(g). For parameterA, the low-latitude region fluctuates
very little in 12 months, concentrating on 0.2 mg m−3, while the
value of A in the middle-latitude region is relatively flat after
June, corresponding to the profile shape of Fig. 6(b) and (c) in
summer and autumn, which is close to a good “bell shape.”
The value of high latitude region A fluctuates greatly in 12
months. Although the accuracy of model prediction needs to
be improved, there is roughly the same trend of change between
the real value and the predicted value. For the parameter σ, there
are slight differences with the latitude zone from January to May,
and the value of σ is roughly the same after June. For parameter
D, the model can achieve good prediction results each month,
and it can be seen that the SCM depth varies significantly with
different latitude zones. The depth of SCM at low latitudes is
about 130 m, the average depth of SCM at middle latitudes is
about 70 m, and the depth of SCM at high latitudes is about
30 m.

E. Case Study of Prediction Results

To further confirm the effectiveness of the proposed
methodology, the date of 12 April 2019, which has the

largest amount of profile data, is chosen as the case study. The
detailed results of the prediction are shown in Fig. 7. The SCM
intensity (A) is lower in low-latitude areas, and the higher the
latitude, the greater the A value in high-density areas, and the
concentration is around 2 mg m−3, and the data fluctuate within
a reasonable range. The SCM depth (D) becomes shallower
as the latitude increases except for the accuracy of individual
predictions that need to be improved, that is, the D value of the
high-density area gradually decreases as the latitude increases.
The SCM depth in the high-latitude area is concentrated at about
30 m, which is consistent with the SCM dataset. The σ value of
SCM (the thickness is usually expressed by 2*σ) is relatively
concentrated and fluctuates between 0 and 40 m. Judging from
different lon zones, the intensity, depth, and thickness of SCM
are relatively concentrated, and there is no close relationship
between their values and the height of lon zones. The predictions
of the SCMNet model for the Northwest Pacific region are in
high agreement with real in situ observations.

V. CONCLUSION

This article proposes an efficient methodology to inverse and
parameterize the vertical structure of chlorophyll with sparse
vertical profile data and sea surface data. The SCMNet model
uses the data encoding method of coupled embedding and Bi-
GRU to extract more features of satellite data and consider de-
pendencies between depth sequences. The proposed method can
achieve a more accurate prediction effect than KN, AdaB, RF,
and SVR methods. Compared with the most competitive MLP
methodR2 is improved by more than 20% in the study region and
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three subregions. In order to evaluate the stability and generaliza-
tion ability of the SCMNet, a series of experiments are conducted
in selected Mediterranean areas. The evaluation metrics MSE,
RMSE, MAE, and R2 are 0.0083 (mg/m3)2, 0.0916 mg/m3,
0.0315 mg/m3, 0.7593, respectively. Spatiotemporal analysis
of the SCM phenomenon is performed by combining the para-
metric equation method with the deep learning method as well.
Meanwhile, the method is applied to the Northwest Pacific to
verify its effectiveness and provides a new idea for studying the
vertical marine ecological structure.
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