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Abstract: Seawater density is an important physical property in oceanography that affects the
accuracy of calculations such as gravity fields and tidal potentials, and the calibration of acoustic
and optical oceanographic sensors. In related studies, constant density values are frequently used,
which can introduce significant errors. Therefore, this study employs a basic convolutional neural
network model to construct a comprehensive model showing the seawater density distribution
across the globe. The model takes into account depth, latitude, longitude, and month as inputs.
Numerous real seawater datasets were used to train the model, and it has been shown that the
model has an absolute mean error and root mean square error of less than 2 kg/m?3 in 99% of the test
set samples. The model effectively demonstrates the influence of input parameters on the
distribution of seawater density. In this paper, we present a newly developed global model for
distributing seawater density which is both comprehensive and accurate, surpassing previous
models. The utilization of the model presented in this paper for estimating seawater density can
minimize errors in theoretical ocean models and serve as a foundation for designing and analyzing
ocean exploration systems.

Keywords: seawater density; spatial distribution model of density; latitude; convolutional neural
network

1. Introduction

Seawater density is a fundamental physical property in the field of oceanography. Using a
spatial distribution model for seawater density in the region of interest would significantly decrease
errors in gravitational field modeling by using actual density distribution [1]. The effect of seawater
density variations on the tidal potential is as large as 2-3 cm in water height equivalent [2]. In
comparison to homogeneous seawater, the total speed of a tsunami in a density-stratified seawater is
lower [3]. The relationship between the density of seawater and the rise in sea level is amplified
within the framework of global warming [4]. Furthermore, seawater density acts as a vital point of
reference or compensation value for the calibration and adjustment of ocean sensors [5]. For example,
the density of the medium needs to be considered in the sound velocity variation in sonar detection
technology [5] and the high-precision optical ocean detection technology [6]. Previous studies have
generally regarded seawater density as unvarying, but this notion is inadequate [7]. The density of
seawater varies between 995-1070 kg/m?. If a constant density is used in a study, errors will inevitably
occur. For instance, using constant density in gravity calculation models can introduce an error of up
to 2% [8]. Understanding seawater density distribution can be advantageous for technological
advancements in marine applied sciences.

Measuring seawater density directly in situ poses challenges [9]. Instead, seawater temperature,
salinity, and depth information can be obtained from marine hydrographic datasets. These datasets

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202401.0452.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 January 2024 doi:10.20944/preprints202401.0452.v1

can then be used to calculate seawater density with the thermodynamic Equation of Seawater-2010
(TEOS-10) [10]. Accessing these datasets is easy, and shared resources like the World Ocean Database
[11] provide valuable sources for marine-related research. The accuracy of TEOS-10 calculations is
exceptionally high [12]. However, this approach fails to generate a spatial density model of seawater
for the aforementioned investigations.

Research into the global distribution of seawater density is limited. Neutral density y" and
neutral surfaces [13] provide an appropriate framework for ocean model calculations and analysis.
The sampling points of latitude, longitude, and depth have high resolution. Gladkikh and Tenzer [14]
developed a functional model that provides an overall understanding of seawater density
distribution based on latitude and depth. Their model employs the absolute latitude yet does not
consider the dissimilarities between the Northern and Southern Hemispheres. Furthermore, Talley’s
investigation demonstrated that seawater density varies according to latitude and depth, across
seasons, and among oceans [15]. The density of seawater undergoes significant variation with
changes in depth and latitude. The researchers also accounted for changes in longitude [16] and
month [17]. Modeling the effects of these variables set in advance is challenging.

In recent years, oceanographic researchers have employed deep learning to develop seawater
temperature, salinity, and tide prediction models [18-20], achieving some success. This in turn
provides a sound basis for establishing seawater density within the scope of this paper. Compare
several classical deep learning methods. The Convolutional Neural Network (CNN) is an optional
base used to build a density model. CNNs are deep learning that has shown exceptional proficiency
in solving complex nonlinear issues across various industries [21].

This current study strives to fabricate a seawater density distribution model with CNN to
introduce the impact of different seasons and ocean regions, thereby creating a more authentic model.
The study scrutinizes the model's accuracy as well as its ability to reflect alterations in each given
factor. It is hoped that a convenient and accurate mathematical tool can be provided for theoretical
studies and detection techniques affected by the density distribution of seawater.

2. Materials and Methods

2.1. Dataset

Data from the Argo program, which forms part of the Global Ocean Observing System, were
used to collect oceanic information such as temperature, salinity, pressure, and biogeochemical
components [22]. The International Argo Programme and its associated national programs offer these
data freely. Most importantly, the Argo dataset was selected for research requirements due to the
following reasons [23]. (1) Vertical sampling resolution that is "hybrid" with high-resolution modes
at shallower depths or where there is considerable variation in the vertical profile. (2) The majority
of the floats operate within a pressure range of up to 2,000 dbar. (3) The geographic distribution of
samples offering almost complete ocean coverage. (4) The temperature, salinity, and pressure sensors
have high resolution and exhibit good stability.

Data collected from 2017 to 2022 was analyzed, and 'data quality code' options were configured
to ensure reliability. The necessary parameters of the dataset are DATE, LATITUDE (degree_north),
LONGITUDE (degree_east), PRES (decibar), PSAL (psu), and TEMP (degree_Celsius). Every
parameter marked with 'XX_QC=1" indicates good quality control.

The dataset was computed and approximated. Seasonal information was represented by
extracting the months from 'DATE'. In-situ density was computed using TEOS-10, after converting
practical salinity to absolute salinity and in-situ temperature to conservative temperature.
Subsequently, the latitude and longitude were rounded to a resolution of 1°. Note that PRES' has not
been converted to depth. For consistency, we will use ‘depth” instead of ‘PRES’. We have excluded a
minor portion of the data due to objective factors, such as locations not considered part of the ocean
in salinity calculations. The data beyond 2200 dbar has been removed because it is too insignificant
for use in the CNN.
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The dataset needs to be divided into training, validation, and test sets for input into the neural
network. Their respective tasks are debugging parameters, model optimization, and generalization
evaluation [24]. The ratio should be approximately 6:2:2. The data from 2017 to 2021 are randomly
distributed into training and validation sets at an 8:2 ratio. To ensure the test set has an extensive
range of data distributions, we designate the data for the entirety of 2022 as the validation set.
Centering and scaling are performed on each variant independently by computing the mean and
standard deviation of the samples in the training set. This process is known as standardization. The
mean and standard deviation are then stored and utilized for the validation and test sets. This method
facilitated the creation of the necessary database.

2.2. CNN Architecture

The network's architecture is outlined in Figure 1. The model's design incorporates a basic
structure consisting of two 1D convolutional layers (with two Max pooling layers) and two fully
connected layers. The settings, inputs, and outputs for each layer are shown in Figure 1.

weight (8x1x3) weight (16x8x3)
bias (8) bias (16)

dilation = 1 dilation = 1

kernel_size = 3

weight (32x16)
bias (32)
in_features = 16

weight (1x32)
bias (1)
in_features = 32

Max
pooling

Max
pooling

prow3is

kernel_size = 3
padding = 1 padding = 1

out_features = 32 out_features = 1

padding_mode = zeros padding_mode = zeros
stride = 1 stride = 1
1x1x4 1x8x4  1x8x4 1x8x2 1x16x2 1x16x2 1x16 1x32  1x32 Ix1

Figure 1. An illustration of the architecture of CNN.

Convolutional layers, activation functions, and pooling layers are standard tertiary structures in
convolutional networks. The convolutional layer's objective is to extract input data features by
performing the convolution operation, reduce network complexity through parameter sharing and
local perception to prevent overfitting, and enhance model generalization capability. Rectification
involves the application of an activation function to the output of the convolutional layer. The pooling
layer primarily simplifies network complexity. The fully connected layer changes the two-
dimensional features produced by the convolutional layer into one-dimensional vectors. The book
[25] provides a detailed description of each layer's role.

We utilized the fundamental CNN architecture and purposely selected the activation function.
The density exhibits an exponential relationship with depth [14,15]. Consequently, we utilized
corresponding activation functions following the convolutional layers, namely sigmoid and tanh.
Fully connected layers benefit from the nonlinear properties of ReLU.
Sigmoid is defined as:

Sigmoid(x)=1/(1+exp(-x)), 1

Tanh is defined as:
Tanh(x)=(exp(x)-exp(-x))/(exp(x)+exp(-x)), )

ReLU is defined as:
ReLU(x)=max(0,x), (3)

The characteristic curves of the activation functions used are shown in Figure 2.
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Figure 2. Activation functions are used in the model.

3. Results

The dataset from 2017 to 2021 serves as both the training and validation sets for the model
demonstrated in Figure 1. The model's performance is optimized by adjusting its hyperparameters.
Consequently, a CNN model is developed to portray the in-situ seawater density to latitude,
longitude, depth, and month. The types and ranges of the input variables are presented in Table 1.
The density of seawater in situ is provided by the model output, with data accuracy determined by
computer. This paper analyses the model's output error and investigates the impact of each input
variable on the output.

Table 1. Input specifications for seawater density model.

Input Accuracy Range
Latitude 1° -90 -90 °N
Longitude 1° -180-180 °E
Depth 0.01dbar 0-2200 dbar

Month 1 1-12

The 2022 dataset was utilized to test the model's seawater density estimation capabilities. Using
the TEOS-10 equation, the density was calculated as a reference value. The model outputted an
estimated density which was then compared to the reference value, and the resulting error was
subjected to statistical analysis.

The test set's latitude and longitude positions were derived using the gsw_SA_from_SP function
from the TEOS-10 equation, setting in_ocean=1. This criteria ensures that the sample data is not on
land, but may encompass inland seas. The error distribution for all the latitude and longitude
locations in the test set is shown in Figure 3, comprising absolute mean error (MAE), root mean
square error (RMSE), and maximum absolute error (MAXE). The locations with MAE > 2 kg/m? are
marked with red circles in Figure 3a, which account for 0.84% of the sample size of the test set,
including the Black Sea, the Sea of Okhotsk, and the Bering Sea. Figure 3b demonstrates that the root
mean square error (RMSE) distribution is similar to the MAE distribution in Figure 3a. Locations
where the RMSE is at least 2 kg/m?, constituting 1.09% of the test set sample, are similarly marked in
Figure 3a by red circles. Figure 3c illustrates that the areas with greater MAXE lie within the low and
middle latitudes of the Northern Hemisphere. The red circles pinpoint the locales with MAXE > 5
kg/m3, which are mostly distributed in the continental margin region. MAE < 3.54 kg/m?3, RMSE < 3.8
kg/m3, and MAXE < 5.21 kg/m? in all regions except the Black Sea, which has a special two-layer
density structure [26]. It can be deduced that the density calculation of most oceanic regions by the
model proposed in this study is highly accurate.
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Figure 3. Error distribution of the test set. (a) MAE; (b) RMSE; (c) MAXE.

Figure 4 shows the error distribution curves for two other inputs to the model - depth and
month. In Figure 4a, the MAE and RMSE for the density corresponding to depth are less than 1.5
kg/m3. The larger errors are mainly in the range of 0-100 dbar. In Figure 4b, the MAE and RMSE of
the month corresponding to the density are less than 1 kg/m?3. The larger errors are in the October-
December range. Based on the distribution of errors in Figure 3, it can be surmised that the model
has a large error in estimating the density in the northern hemisphere at low and middle latitudes in
winter.
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Figure 4. Error curves of the test set. (a) Error of depth; (b) Error of month.

4. Discussion

Previous seawater density distribution models exclusively utilize latitude and depth as
independent variables in the density function. This research paper expands on this by incorporating
two additional independent variables, longitude and month. Upon conducting a correlation analysis
of the dataset, Pearson's correlation coefficients of all seawater densities to depth, latitude, longitude,
and month were found to be 0.95, -0.13, 0.083, and -0.017, respectively. The correlation coefficients
for densities with inputs at depths less than 200 dbar are 0.52, -0.31, 0.059, and -0.077, respectively.
The influence of longitude and month must be factored in for both shallow and deep waters. The
significance of accounting for longitude and month in both shallow and deep waters is evident. The
function of each independent variable represented in the model is evaluated individually below.

Depth is the variable that correlates most highly with seawater density, among the four
independent variables. Figure 5 illustrates the correlation between seawater density and depth,
which was calculated using the density model in this study. The curve of seawater density with depth
is similar to the mathematical model proposed by Gladkikh and Tenzer [14]. The location selected for
this analysis is situated far from the land. When comparing Figure 5a-c, the density increases as
latitude increases, but the increment decreases with depth. Each subplot features density profiles
from the Atlantic, Indian, and Pacific Oceans. It is noticeable that the Atlantic Ocean displays slightly
greater density than the other two oceans in the same latitude region.
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Figure 5. The density of seawater output by the model varies with depth. The legend indicates that
the letters "A", "I", and "P" correspond to the Atlantic, Indian, and Pacific Oceans, respectively. The
month is December.

Latitude and longitude are both independent variables and their effect on the distribution of seawater
density will be analyzed together in Figure 6. The annual average density is calculated without
considering the month's effect. Figure 6a displays the density distribution at a depth of 0 dbar, which
represents the seawater surface density. The seawater surface density increases with latitude in the
range of 1020-1030 kg/m?® when observing latitudinal change. This result aligns with Gladkikh and
Tenzer's model [14]. Nevertheless, in the zone of Asia and Europe where they meet the Arctic Ocean
(50-180°E, 50°N), the aforementioned density drops beneath 1020 kg/m? because of the low salinity of
the seawater in that vicinity. Furthermore, the distribution outcomes in Figure 6a are akin to those in
Talley's Figure 4.19 [15].
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Figure 6. Annual mean sea water density distribution at different depths. “Annual” refers to the
average of the results of the model calculations from January to December.

Changes in the distribution of seawater density, in terms of the direction of change in longitude,
occur mainly at continental margins. Ocean currents change the direction of motion in these regions,
allowing the mixing of seawater with temperature and salinity differences at different latitudes and
depths. It seems from Figure 6d. Seawater density varies with longitude distribution up to a depth of
500 dbar. Another manifestation of the variation of density with longitude distribution is the
difference in density of different oceans separated by land. The main difference is between the North
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Atlantic and the North Pacific. The density of the seawater in the southern hemisphere is more
homogeneous in the latitudinal direction than in the northern hemisphere.

Seasonal changes in solar thermal radiation impact the density distribution of seawater, which
typically affects shallow seawater. To examine the seawater density distribution over time, Figure 7
illustrates the mean surface density for three months, corresponding with the seasons. In addition,
the direct sunlight point fluctuates between +23.5°N. The density variations represented in Figure 7
are primarily concentrated in the mid and low-latitude regions. In Figure 7b, high temperatures are
observed in the low-latitude region of the Northern Hemisphere, and to the north of the equator a
blue-green low-density band is distributed. Moving to Figure 7c, the blue-green low-density band
expands in size and spreads to both sides of the equator. In Figure 7d, the blue-green low-density
band is primarily located in the low-latitude region of the Southern Hemisphere. Both Figure 7a,c
depict intermediate transition results between Figure 7b,d. In the mid-latitude region of the Northern
Hemisphere, the sea surface densities exhibit substantial seasonal characteristics in the North Atlantic
and North Pacific.
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Figure 7. Monthly mean surface density distribution in different seasons.

5. Conclusions

This paper presents a CNN model for modeling the global density distribution of seawater,
eschewing explicit mathematical functions. The model inputs variables such as depth and latitude,
traditionally used by mathematical functions, along with new variables like longitude and month.
The training dataset for the model is sourced from Argo ocean data spanning 2017-2021. In contrast,
the test set for error analysis uses Argo ocean data solely from 2022. Density values were determined
using the TEOS-10 equation. The dataset was limited to a depth range of 2200 dbar.

The precision of the seawater density distribution model formulated in this research was
enhanced by augmenting the input parameters. The density predictions yielded by the model input
ranges, barring the inland sea, were MAE < 3.54 kg/m?3 RMSE < 3.8 kg/m? and MAXE < 5.21 kg/m?.
The values of MAE and RMSE for 99% of the input ocean regions do not surpass 2 kg/m?. The analysis
of model outputs' density distribution indicates that the model properly represents the correlation
between seawater density and depth, latitude, longitude, and month. The seawater density
distribution estimated by the model in this paper is substituted for the constant density and is used
to analyze the impact of seawater density variations in related studies. This may be beneficial for the
theoretical analysis to reduce the error and improve the accuracy of the detection technique.

Supplementary Materials: The Argo seawater data used in the paper can be downloaded at
https://dataselection.euro-argo.eu/. The software for TEOS-10 is available from www.TEOS-10.org.
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