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Summary Atmospheric variables play a major role in sea level variations in the eastern cen- 
tral Red Sea, where the role of tides is limited to 20% or less. Extensive analysis of daily- 
averaged residual sea level and atmospheric variables (atmospheric pressure, air temperature, 
wind stress components, and evaporation rate) indicated that sea level variations in the east- 
ern central Red Sea are mainly contributed to by the seasonal and weather-band variations 
in the utilized atmospheric variables. The Non-linear Auto-Regressive Network with eXogenous 
inputs (NARX), a type of Artificial Neural Network (ANN), was applied to investigate the role 
of the atmospheric variables on the sea level variations at the eastern central Red Sea. Forced 
by time-delayed daily-averaged observations of atmospheric variables and residual sea level, 
the constructed NARX-based model showed high performance in predicting the one-step-ahead 
residual sea level. The high performance indicated that the constructed model was able to 
efficiently recognize the role played by the atmospheric variables on the residual sea level 
variations. Further investigations, using the constructed NARX-based model, revealed the sea- 
sonal variation in the role of the atmospheric variables. The study also revealed that the 
role played by some of the atmospheric variables, on sea level variations, could be masked 
by the role of one or more of the other atmospheric variables. The obtained results clearly 
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demonstrated that this neurocomputing (NARX) approach is effective in investigating the indi- 
vidual and combined role of the atmospheric variables on residual sea level variations. 
© 2020 Institute of Oceanology of the Polish Academy of Sciences. Production and hosting 
by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

1. Introduction 

Sea level variations are of great interest to many oceanog- 
raphers, marine scientists and coastal engineers as they can 
significantly affect not only the safety of navigation and 
coastline facilities but also the coastal environment and 
marine habitats. Sea level varies spatially according to the 
shape and geometry of the water body. Temporally, sea level 
varies according to variations in the affecting processes. 
Long-term sea level variations are caused by isostatic ef- 
fects (earth related) and global ice forming/melting events 
(climate related), both having a temporal scale that ranges 
from decadal to geological ages ( De Lange and Carter, 2014 ; 
Milne et al., 2009 ). Relatively short-term sea level varia- 
tions are mainly caused by short-term astronomical (tidal) 
and atmospheric/climatic (non-tidal) effects, temporally 
ranging from hourly to decadal in scale ( Li and Han, 2015 ; 
Pugh and Woodworth, 2014 ; Willis et al., 2008 ). Owing to 
their periodic nature, tidal sea level variations can be easily 
quantified and accurately predicted using Harmonic Analysis 
methods ( Parker, 2007 ; Pugh, 1987 ). Except for those asso- 
ciated with climatic modes, non-tidal sea level variations 
are not periodic and, therefore, require different methods 
of analysis to quantify ( Cox et al., 2002 ; Deo and Chaudhari, 
1998 ; Makarynska and Makarynskyy, 2008 ). 

The Red Sea is a semi-enclosed basin that is geographi- 
cally located in an arid region and is connected in its south- 
ern end to the Indian Ocean through the Strait of Bab Al- 
Mandab ( Figure 1 ). The climate of the Red Sea is affected 
by the seasonally reversing monsoon system. The seasonally 
varying water exchange between the Red Sea and the Gulf 
of Aden, through the Bab Al-Mandab Strait, is mainly driven 
by this monsoonal system. The tides in the Red Sea are in the 
form of a standing wave, indicating that, at the time when 
high water occurs in the south Red Sea, low water occurs 
in the north and vice versa ( Madah et al., 2015 ). The cen- 
tral part of the Red Sea is characterized by the lowest tidal 
variations due to the proximity of the amphidromic point 
of the M 2 tidal component, which represents the dominant 
tidal component in the Red Sea ( Pugh, 1981 ; Pugh et al., 
2019 ). According to Ahmad and Sultan (1993) , about 15—
20% of the sea level variation near Jeddah (eastern cen- 
tral Red Sea) can be attributed to the astronomical tide. 
In terms of non-tidal sea level variations, Manasrah et al. 
(2009) showed that sea level varies both spatially and tem- 
porally in the Red Sea with an inter-decadal variability of 
2.5—7.4 years, depending on both the season and the lo- 
cation. Alawad et al. (2017) showed that the annual and 
semiannual sea level variabilities in the Red Sea are asso- 
ciated with the Nino3.4 climatic mode. According to pre- 
vious studies, the Red Sea’s long-term sea level variations 
are mainly influenced by the effect of wind stress, evapora- 
tion and water exchange through the Bab Al-Mandab Strait 

( Sultan and Ahmad, 2000 ; Sultan and Elghribi, 2003 ; Sultan 
et al., 1995 ). The monsoonal wind reversal in the southern 
part of the Red Sea, and its corresponding effects on water 
exchange patterns, are among the factors that contribute to 
seasonal sea level variations ( Abdelrahman, 1997 ; Cromwell 
and Smeed, 1998 ; Eltaib, 2010 ; Mohamad, 2012 ; Osman, 
1984 ; Patzert, 1974 ; Pugh and Abualnaja, 2015 ; Sofianos 
and Johns, 2001 ; Wahr et al., 2014 ). The seasonally varying 
steric effect is another contributing factor to the seasonal 
sea level variability in the Red Sea ( Eid and Kamel, 2004 ; 
Patzert, 1974 ; Sofianos and Johns, 2001 ; Wahr et al., 2014 ). 
For the central part of the Red Sea, several studies have in- 
dicated that sea level is affected by the monsoonal system 

and resulting variations in atmospheric variables, including 
atmospheric pressure, wind stress, and/or evaporation rate 
( Ahmad and Sultan, 1993 ; Maghrabi, 2003 ; Osman, 1984 ; 
Shamji and Vineesh, 2017 ; Sofianos and Johns, 2001 ; Sultan 
and Ahmad, 2000 ; Sultan and Elghribi, 2003 ; Sultan et al., 
1995a ; Sultan et al., 1995b ; Sultan et al., 1996 ; Zubier, 
2010 ). On the shorter-than-seasonal timescale, Sultan and 
Elghribi (2003) showed relatively large amplitude sea level 
variations in the central Red Sea, with a range of variabil- 
ity from two days to approximately one month. In a recent 
investigation, Churchill et al. (2018) showed that along-axis 
surface wind stress, as well as sub-mesoscale eddies and 
boundary currents, contribute to the weather-band ( ∼4—
30 days) sea level variations in the Red Sea. The cross-axis 
strong westward wind jets, generated by winds funneling 
through the Tokar mountain-gap (located on the western 
side of the Red Sea), also contribute to the sea level varia- 
tions in the central Red Sea on a relatively shorter timescale 
( Jiang et al., 2009 ; Zhai and Power, 2013 ). 

Artificial Neural Networks (ANNs) are among the neuro- 
computing methods becoming widely utilized, nowadays, in 
the field of time series analysis. Such methods constitute 
very powerful tools to conduct analyses on datasets when 
little information is known regarding the affecting variables 
and their role in shaping the time series. ANNs have the 
ability to approximate a continuous function to any desired 
accuracy without prior implicit assumptions while offering 
desirable characteristics such as nonlinearity, high paral- 
lelism, and robustness ( Basheer and Hajmeer, 2000 ). Ap- 
plied by Lee et al. (2007) and Tsai and Lee (1999) , ANNs have 
performed efficiently in tidal prediction/forecasting based 
on previous tidal observations. In numerous studies, ANN 

techniques have been used to predict/forecast short-term 

sea level variations ( Ghorbani et al., 2010 ; Karimi et al., 
2013 ; Kisi et al., 2014 ; Makarynskyy et al., 2004 ; Pashova 
and Popova, 2010 ; Sertel et al., 2008 ). The obtained re- 
sults of these studies showed that ANN techniques per- 
formed satisfactorily, indicating that they can be considered 
as alternative tools for sea level prediction/forecasting. 
By using the past seven days sea level anomaly as inputs, 
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Figure 1 Red Sea map showing the location of Jeddah City (red circle) and the locations of Aramco’s tide gauge and weather 
station (yellow pins). 

Londhe (2011) showed that a simple ANN performed rea- 
sonably well in predicting the sea level anomaly, which 
was then added to the harmonically-obtained tidal level 
to predict total sea level variation. Cox et al. (2002) was 
able to improve the sea level predictions of a simple lin- 
ear model by using a neural network approach with wind 
components, barometric pressure, and the previous sea 
level anomaly used as inputs. Using wind shear velocity 
components as inputs, Nitsure et al. (2014) showed that 
both Genetic Programming (GP) and Artificial Neural Net- 
work (ANN) soft-computing techniques performed well in 
predicting the sea level anomaly. Using an ANN approach, 
Moghadam (2016) found that wind velocity, sea surface tem- 
perature, and atmospheric pressure are the most signifi- 
cant meteorological factors affecting the regional sea level 
anomaly. 

Non-linear Auto-Regressive Network with eXogenous in- 
puts (NARX) is one type of Recurrent Neural Network (RNN) 
that has been recently developed. Through proper training, 
NARX is able to relate the input data to the past output data 
(exogenous) without prior knowledge of the relationships 
between the inputs and the output. Mahmoud (2012) has 
briefly discussed NARX architecture and the dynamics of 
data processing. In the study by Rakshith et al. (2014) , NARX 
efficiently predicted the observed tides at two different lo- 
cations with a high correlation coefficient (r > 0.96). In the 

comparison between two ANN techniques made by Salim 

et al. (2015) , the NARX method significantly outperformed 
the Feed Forward with Backpropagation Algorithm (FFBP) 
method in predicting the tides; it yielded correlation coef- 
ficients of 0.914 and 0.564, respectively. 

Unlike tidal sea level variations, which can be easily sim- 
ulated using harmonic models, the simulation of sea level 
variations induced by a combination of atmospheric vari- 
ables is challenging. The difficulty is mainly related to the 
limitations in understanding how this combination of inter- 
related atmospheric variables physically affect sea level. To 
resolve such difficulty, one approach is to develop complex 
physics-based numerical models that require extensive val- 
idation/verification procedures, using an enormous amount 
of actual data, before they can be used for prediction. An- 
other approach is to use neurocomputing techniques (e.g. 
NARX) that focus on determining the interrelationships be- 
tween the sea level and these atmospheric variables numer- 
ically rather than physically. Such a practical approach is 
based on the fact that all the physics, through which these 
atmospheric variables are interrelated and affecting sea 
level variability, are already impeded in the utilized data. 

In this study, an attempt is made to use NARX as an ANN 

(soft-computing) approach to investigate the role of differ- 
ent atmospheric variables on the sea level variations at the 
eastern central Red Sea. The outline of this manuscript is 
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as follows: the utilized data and the methods used are first 
introduced, then the results are presented and discussed, 
and finally the concluding remarks are given. 

2. Data 

Data sets that were utilized in this study consist of sea 
level and meteorological records that were collected near 
Jeddah ( Figure 1 ) during the year 2011. Saudi ARAMCO 

recorded, at an hourly interval, sea level using a tide gauge 
located at (39 °09’17”E, 21 °25’52”N) and atmospheric vari- 
ables (atmospheric pressure, air temperature, and wind 
speed and direction) using a nearby weather station located 
at (39 °11’33”E, 21 °24’22.99”N). 

The general representation of the observed temporal 
variability in sea level is given by the following equation 
( Pugh, 1987 ). 

X ( t ) = Z 0 ( t ) + T ( t ) + R ( t ) , (1) 

where X ( t ) is the observed level, Z 0 ( t ) is the slowly varying 
mean sea level, T ( t ) is the tidal part of the variation, R ( t ) 
is the non-tidal (residual) part of the variation, and ( t ) is 
time. Eq. 1 indicates that, by subtracting the tidal part T ( t ) 
and the mean sea level Z 0 ( t ) from the observed sea level 
record X ( t ), the residual (non-tidal) part R ( t ) can be ob- 
tained. Initially, the hourly sea level record was analyzed 
using the Matlab R ©-based T-Tide harmonic analysis toolbox 
( Pawlowicz et al., 2002 ) to separate the tidal (astronomi- 
cal) and the non-tidal (residual) sea level variations. The 
obtained residual sea level (R) was then daily averaged to 
focus on the daily and longer-term variations. 

ARAMCO’s hourly records of atmospheric variables con- 
sisting of atmospheric pressure (P), air temperature (T), 
and the 10 m wind speed and direction were daily averaged. 
Daily cross-shore and along-shore wind velocities ( u, v ) were 
calculated using daily-averaged wind speed and direction, 
taking axis rotation (of 25 °) into consideration. Then, the 
daily wind stress cross- and along- shore components ( τ x , τ y ) 
were calculated based on the following equations: 

τx = ρa C D u 

2 , 

τy = ρa C D v 2 , 
(2) 

where ρa is the air density (1.2 kg/m 

3 ), ( u, v ) represent the 
cross-shore and along-shore components of wind velocities, 
respectively, and C D is the drag coefficient calculated ac- 
cording to U 10 (10 m wind speed) from the following equa- 
tion ( Large and Pond, 1981 ): 

10 3 C D = 

{
1 . 2 4 ≤ U 10 ≤ 11 m/s 
0 . 49 + 0 . 065 U 10 11 ≤ U 10 ≤ 25 m/s 

. (3) 

The daily evaporation rate (E) was calculated based on 
the Bulk-Aerodynamic Formulation ( Herting et al., 2004 ) 
using the ARAMCO’s daily-averaged atmospheric pressure, 
wind speed and air temperature records. The daily va- 
por pressure record, also used in the formula, was col- 
lected by the General Authority of Meteorology and Envi- 
ronmental Protection (GAMEP) at a daily interval, using the 
weather station located at King Abdulaziz International Air- 
port (39 °11’00”E, 21 °42’00”N). 

3. Methods 

3.1. Descriptive statistics 

Statistical parameters (minimum, maximum, mean, and 
standard deviations) were used in this study to describe the 
variations in the daily-averaged residual sea level timeseries 
and each of the daily-averaged atmospheric variables time- 
series ( Emery and Thomson, 2001 ). For every daily-averaged 
record, these parameters were obtained for the entire year 
(2011) as well as for four periods of 91 days each, with day 
numbers 1—91, 92—182, 183—273, and 274—364 represent- 
ing the Winter, Spring, Summer, and Fall seasons, respec- 
tively. 

3.2. Fourier analysis 

The daily-averaged residual sea level and each of the daily- 
averaged atmospheric variables timeseries were individu- 
ally decomposed into 182 sinusoidal timeseries using Fourier 
analysis ( Emery and Thomson, 2001 ). The number of sinu- 
soidal timeseries (Fourier series) is nearly half the number 
of data points in the actual (decomposed) timeseries and 
every single Fourier series corresponds to a Fourier con- 
stituent with a specific frequency. The frequency range of 
the Fourier constituents is limited at its lower end by the 
fundamental frequency ( ∼0.00274 cpd) and at its upper 
end by the Nyquest frequency (0.5 cpd), that is equiva- 
lent to period range of 2—365 days, with a frequency in- 
terval of ∼0.00274 cpd. For every decomposed timeseries, 
each one of the obtained 182 sinusoidal timeseries (cor- 
responding to a specific Fourier constituent) has an am- 
plitude and a phase. The statistical significance of each 
obtained amplitude was determined using 90% confidence 
interval, that verifies the statistical range (minimum and 
maximum) within which the obtained amplitude can vary 
with a 90% level of certainty. To verify the efficiency of the 
applied Fourier Analysis, comparisons were made between 
each actual (decomposed) timeseries and the corresponding 
reconstructed timeseries (by the linear summation of the 
182 sinusoidal Fourier series). Furthermore, it was verified 
that the variance of the efficiently reconstructed timeseries 
equals to the sum of the variances of the 182 sinusoidal 
Fourier series (used to reconstruct the actual timeseries). 
Consequently, the variance of any specific Fourier series 
(corresponding to a specific Fourier constituent) was divided 
by the variance of the reconstructed timeseries to obtain 
the percent variance explained by this specific Fourier se- 
ries. For every Fourier constituent, correlation coefficients 
(r) were obtained between the residual sea level Fourier se- 
ries and each atmospheric variable Fourier series (of similar 
frequency). The obtained correlation coefficients, as well 
as the comparisons made, in terms of amplitude, phase, and 
percent variance explained, between the residual sea level 
timeseries and the time series of each of the atmospheric 
variables (for every Fourier constituent) allowed for deter- 
mining the specific frequencies (constituents) at which each 
atmospheric variable is influencing the residual sea level 
variations. 
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Figure 2 Architecture of constructed Non-linear Auto-Regressive Network with eXogenous inputs (NARX). 

3.3. NARX model 

In the NARX method, a Backpropagation ( BP ) training algo- 
rithm is applied to minimize errors by adjusting weights to 
allow for the network to learn the behavior of the inputs 
and for the desired output to be reached. Two Backpropa- 
gation ( BP ) training algorithms, Levenberg—Marquardt ( LM ) 
and Resilient Backpropagation ( Rprop ), were tested and 
compared in this study to determine the optimum algorithm 

with the best performance. The functional form for the es- 
timation and simulation of the one-step-ahead residual sea 
level, based on delayed residual sea level and atmospheric 
variables, can be expressed by the following equation: 

R ( t+1 ) = f 
[ (

R, P, T, τx , τy , E 
)
( t ) , 

(
R, P, T, τx , τy , E 

)
( t−1 ) , (

P, T, τx , τy , E 
)
( t−2 ) 

] 
, (4) 

where R is the residual sea level (desired target), P is the 
atmospheric pressure, T is the air temperature, τ x , τ y are 
the cross- and along-shore wind stress components, E is the 
rate of evaporation, ( t ) is the current time step, ( t + 1 ) is 
the next time step, ( t − 1 ) , ( t − 2 ) are the two previous 
time steps (delays). 

The open-loop NARX Model that was constructed in this 
study, using Matlab R © Neural Network Toolbox ( Beale et al., 
2014 ), consists of three layers: input, hidden, and output 
( Figure 2 ). The input layer contains time series of the resid- 
ual sea level as well as all the atmospheric variables with 
tapped-delays. The output layer contains only the one-step- 
ahead targeted residual sea level. The used transformation 
function between the input and hidden layers is sigmoid 
(tansig), while the function used between the hidden and 
output layers is linear (purelin). 

There is no standard method to find the proper time 
delays in RNN types ( Islam and Morimoto, 2015 ). How- 
ever, based on cross-covariance functions computed be- 
tween the residual sea level and the atmospheric variables 
(not shown), input and feedback delays of one and/or two 

day(s) are suggested. Through trial and error, the minimum 

network error (i.e. highest performance) and no over-fitted 
learning are pursued to find the optimal delays. The hidden 
layer contains a number of hidden neurons, and its range 
is determined based on the following formulation by Hecht- 
Nielsen (1990) : 

H n < 2 N 

I + 1 , (5) 

where H n is the number of hidden-layer neurons and N 

I is the 
number of inputs. Then, the optimal number of hidden-layer 
neurons is determined within this specific range through 
trial and error, taking into consideration the error measuring 
criteria. 

For each tested training algorithm (LM and Rprop), two 
different data division sets are considered with each set 
containing different data percentage for model training, 
validation, and testing (80%, 10%, and 10%, and 70%, 15%, 
and 15%, respectively). Considering the input variables and 
their delays (given in Eq. 4 ), as an example, the possible 
number of hidden neurons (based on Eq. 5 ) would equal to 
34, and accordingly the trial and error procedure would in- 
volve 136 separate model runs (2 training functions × 2 data 
division sets × 34 possible number of hidden neurons). 

The performance of the NARX-based model was evalu- 
ated visually using comparison plots and statistically using 
correlation coefficients ( r ) and mean squared errors ( mse ). 
The difference between the actual and model-obtained 
residual sea levels was statistically analyzed to describe its 
variability. Furthermore, this difference was analyzed, us- 
ing Fourier analysis, to determine the frequencies (Fourier 
constituents) at which the residual sea level is influenced by 
other unaccounted-for factors. 

Additionally, the constructed NARX-based model was al- 
ternatively used to simulate the residual sea level but 
with each atmospheric variable individually replaced by its 
own five-degree polynomial fit. For each atmospheric vari- 
able, the variability of the difference between the actual 
and polynomial-fitted timeseries was compared with the 
variability of the corresponding model-obtained residual sea 

Please cite this article as: K.M. Zubier, L.S. Eyouni, Investigating the Role of Atmospheric Variables on Sea Level Variations in the Eastern 
Central Red Sea Using an Artificial Neural Network Approach, Oceanologia, https://doi.org/10.1016/j.oceano.2020.02.002 

https://doi.org/10.1016/j.oceano.2020.02.002


6 K.M. Zubier, L.S. Eyouni/Oceanologia 000 (2020) 1—24 

ARTICLE IN PRESS 

JID: OCEANO [mNS; March 13, 2020;4:52 ] 

Figure 3 Daily-averaged actual (Target) and predicted (Model) residual sea levels. 

level timeseries, on a seasonal basis, to verify that the con- 
structed NARX-based model is recognizing the individual ef- 
fect of each atmospheric variable on the sea level varia- 
tions. 

For each of the season corresponding periods, the 
cross-covariance was obtained (for each atmospheric vari- 
able) from the difference between a specific atmospheric 
variable’s actual and polynomial-fitted timeseries and the 
corresponding model-obtained residual sea level timeseries. 
Additionally, the correlation coefficients ( r ) were obtained 
among each pair of differences for the periods correspond- 
ing to the different seasons. The obtained cross-covariances 
and correlation coefficients allowed for determining the 
extent to which the variations of atmospheric variables, 
individually and combined, are influencing the variations 
in residual sea level during each season representing 
period. 

4. Results and discussion 

The daily-averaged residual sea level ( Figure 3 ) shows a pro- 
nounced increase over the zero mean during the winter and 
spring seasons and decrease during the summer and early 
fall seasons before increasing again during the late fall. 
The difference between the maximum (winter) and mini- 
mum (summer) residual sea levels is about 65 cm, a value 
that exceeds the maximum tidal range ( ∼30 cm) obtained 
through harmonic analysis of the actual sea level record (not 
shown). Similar residual sea level oscillation patterns and 
differences have been observed in the central Red Sea by 
several researchers (e.g. Ahmad and Sultan, 1993 ; Osman, 
1984 ; Sultan and Ahmad, 2000 ; Sultan and Elghribi, 2003 ; 
Sultan et al., 1995a,b ; Sultan et al., 1996 ; Zubier, 2010 ) 
and in the southern Red Sea by Abdelrahman (1997) and 

Eltaib (2010) . It is also apparent, from Figure 3 , that sig- 
nificant short-term variations in the residual sea level do 
occur within each season. Comparable short-term sea level 
variations have been found by Sultan and Elghribi (2003) . 

Similarly, the plots of daily-averaged atmospheric vari- 
ables, given in Figure 4 , show that all the variables do 
fluctuate on a seasonal basis as well as on a relatively 
short-term scale within each season. Figure 4 also shows 
that, for atmospheric pressure and air temperature, the 
seasonal variations are much larger in magnitude than 
the short-term variations; while, for wind stress compo- 
nents and evaporation rate, both seasonal and short-term 

variations are almost of the same magnitude. 
To further investigate the magnitude of the seasonal and 

the short-term (within seasons) variations in the residual 
sea level and atmospheric variables, their daily-averaged 
records are statistically analyzed. 

4.1. Descriptive statistics 

Table 1 shows the results of the statistical analysis applied 
to the whole year residual sea level timeseries as well as to 
four 91-day periods representing the different seasons. The 
residual sea level seasonal means, given in Table 1 , confirm 

the significant seasonal rise ( + ) and fall ( −) in the residual 
sea level during the winter and summer seasons, respec- 
tively, with the difference between the winter and the sum- 
mer seasonal means reaching 20.5 cm. The spring and fall 
seasonal means are of the same magnitude ( ∼1 cm higher 
than the annual mean). Based on the range (maximum and 
minimum) and the standard deviation values, Table 1 also 
shows that the highest and lowest within-season variations 
in the residual sea level occur during the winter and summer 
seasons, respectively. 
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Figure 4 Daily-averaged actual and polynomial-fitted atmospheric variables. 

Table 1 Annual and seasonal (91-days) statistical analyses (maximum, minimum, mean, and standard deviation) of residual 
sea level and atmospheric variables records. 

Parameters Statistics Whole Year Seasons 

Winter Spring Summer Fall 

R (cm) Max 40.54 40.54 26.38 14.07 25.64 
Min −24.74 −18.45 −23.60 −24.63 −24.74 
Mean 0.000 8.65 1.20 −11.85 1.44 
Stdv 13.72 13.64 11.49 8.35 12.27 

P (mb) Max 1014.92 1013.63 1009.67 1008.33 1014.92 
Min 996.00 1006.08 998.46 996.000 1005.21 
Mean 1006.15 1009.72 1004.12 1001.46 1009.19 
Stdv 4.13 1.65 2.57 2.24 2.34 

T ( °C) Max 35.34 27.96 32.97 35.34 31.08 
Min 21.37 21.37 24.73 30.27 22.58 
Mean 28.57 25.06 29.28 32.39 27.57 
Stdv 3.15 1.49 1.78 1.02 2.21 

τx (N/m2) Max 0.018 0.018 0.014 0.011 −0.001 
Min −0.041 −0.041 −0.039 −0.037 −0.033 
Mean −0.016 −0.013 −0.021 −0.018 −0.015 
Stdv 0.010 0.011 0.009 0.009 0.007 

τy (N/m2) Max 0.031 0.031 0.020 0.016 0.027 
Min −0.016 −0.016 −0.015 −0.013 −0.005 
Mean 0.004 0.006 0.005 0.002 0.005 
Stdv 0.007 0.009 0.006 0.005 0.006 

E (mm/day) Max 10.11 8.5 8.92 10.11 8.57 
Min 0.91 0.91 2.09 2.27 1.48 
Mean 4.56 3.31 5.38 5.93 3.65 
Stdv 2.00 1.71 1.66 1.79 1.47 
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The statistical analysis applied to all the daily-averaged 
atmospheric variables provides the magnitudes of their an- 
nual and seasonal variations ( Table 1 ). For the atmospheric 
pressure, the maximum increase in seasonal mean above 
the annual mean is observed in the winter season, while 
the minimum decrease in seasonal mean below the annual 
mean is observed in the summer. Based on standard devi- 
ations, the lowest and highest within-season atmospheric 
pressure variations occur during the winter season and the 
spring season, respectively. Typically, the lowest and high- 
est air temperature seasonal means, compared to the an- 
nual mean, occur in the winter and the summer seasons, re- 
spectively; however, the lowest and highest within-season 
variations occur during the summer and fall seasons, re- 
spectively. Compared to the annual mean of the cross-shore 
wind stress, the lowest seasonal mean occurs in the win- 
ter season, while the highest seasonal mean occurs in the 
spring season. The highest and lowest within-season varia- 
tions in cross-shore wind stress occur during the winter and 
fall seasons, respectively. For the along-shore wind stress, 
the highest seasonal mean above the annual mean occurs 
in the winter season and the lowest seasonal mean below 

the annual mean occurs during the summer season. The 
highest and lowest within-season variations in along-shore 
wind stress occur during the winter and summer seasons, 
respectively. In comparison to the annual mean, the evapo- 
ration rate reaches its minimum seasonal mean in the win- 
ter season and its maximum seasonal mean in the summer 
season, whereas the maximum and minimum within-season 
variations occur during the summer and fall seasons, respec- 
tively. 

The above statistical analyses results confirm that the 
residual sea level and all the atmospheric variables expe- 
rience variations not only seasonally but also on a rela- 
tively short-term scale (within each season), with the mag- 
nitudes of these short-term variations varying with season. 
To further investigate these variations and their time scales, 
Fourier analysis is applied. 

4.2. Fourier analysis 

Tables 2 and 3 show the results of the Fourier analysis of the 
daily-averaged residual sea level and the daily-averaged at- 
mospheric variables. The obtained amplitudes and phases as 
well as the percent variance explained ( Table 2 ) correspond 
to three frequency bins (Fourier constituents) equivalent 
to periods of 365, 182.5, and 91.25 days, which represent 
the annual, semiannual, and seasonal constituents, respec- 
tively. Table 3 shows the percent variance explained by the 
combined frequency bins that constitute the weather-band 
(covering a period of ∼4—30 days) Fourier constituents. 
Figure 5 shows the obtained amplitudes with 90% confi- 
dence interval for selected constituents (frequencies) in- 
cluding the annual, semiannual, and seasonal constituents 
as wells as some of the weather-band constituents. The 
timeseries of the weather-band residual sea level is shown 
in Figure 6 , while Figure 7 shows the normalized timeseries 
of the weather-band atmospheric variables compared to 
the normalized timeseries of the weather-band residual sea 
level. Figure 8 shows plots of the correlation coefficients 
obtained for the different Fourier constituents (including 

weather-band constituents) between the residual sea level 
and the atmospheric variables. 

4.2.1. Residual sea level 
More than 43% of the variation in residual sea level is ac- 
counted for by the annual, semiannual and seasonal con- 
stituents combined, while the combined weather-band con- 
stituents account for 42.67% of the variance. The obtained 
amplitude for the annual constituent is comparable to those 
found in previous literature for the same region, while the 
obtained amplitude for the semiannual constituent is some- 
what smaller. However, some previous studies (e.g. Eltaib, 
2010 ; Sultan et al., 1996 ) have clearly shown that the am- 
plitudes of the annual and semiannual constituents do vary 
significantly from one year to another in the central Red 
Sea. Figure 6 shows that the weather-band residual sea level 
variations differ seasonally, with the summer variations be- 
ing significantly lower in magnitude than those during the 
winter. 

4.2.2. Atmospheric pressure 

The annual constituent account for more than 83% of the 
variance in atmospheric pressure, while the percent vari- 
ance explained by the weather-band constituents (9.58%) 
is more than double the percent variance explained by the 
semiannual and seasonal constituents combined (3.66%). In 
terms of annual and semiannual constituents, there are ap- 
parent phase lags between the atmospheric pressure and 
the residual sea level, indicating a deviation from the typi- 
cal inverse (inverter-barometer) relationship between these 
two variables. This result, which is supported by the rela- 
tively strong ( + ) correlations corresponding to annual and 
semiannual constituents obtained between these two vari- 
ables ( Figure 8 ), indicates that atmospheric pressure is 
likely not a significant contributor to the annual and semian- 
nual sea level variations. The comparison in terms of phase 
values corresponding to the seasonal constituent, shows 
that the two variables are almost inversely related; this 
suggests a contribution of atmospheric pressure to the sea- 
sonal sea level variations. This is supported by the high 
correlation coefficient ( −0.86) obtained between the sea- 
sonal constituents of the residual sea level and the atmo- 
spheric pressure ( Figure 8 ). The timeseries of the combined 
weather-band constituents of atmospheric pressure, given 
in Figure 7 , experiences its lowest fluctuations during the 
period corresponding to the mid-summer through late-fall. 
The obtained correlation coefficients between the residual 
sea level and the atmospheric pressure, corresponding to 
weather-band constituents ( Figure 8 ), reveal that the two 
variables are more negatively than positively correlated. 
Such results suggest that the atmospheric pressure is a con- 
tributing variable to the weather-band sea level variations. 

4.2.3. Air temperature 

More than 86% of the air temperature variance is accounted 
for by the annual constituent, while the variance accounted 
for by the weather-band (8.72%) is more than seven times 
the variance accounted for by the semiannual and seasonal 
constituents combined (1.12%). The apparent phase lags be- 
tween the residual sea level and the air temperature, in 
terms of annual and semiannual constituents, indicate that 
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Table 2 Fourier constituents (annual, semiannual, and seasonal): amplitude (A), phase (Phs), and percent variance explained 
(Var) for residual sea level and atmospheric variables. 

Variable Parameter Fourier Constituents 

Annual Semiannual Seasonal 

R A (cm) 11.82 2.04 4.42 
Phs (deg.) 42.58 −59.82 89.32 
Var (%) 37.19 1.11 5.20 

P A (mb) 5.35 0.95 0.59 
Phs (deg.) 14.55 −114.26 −60.23 
Var (%) 83.36 2.63 1.03 

T A ( °C) 4.13 0.40 0.25 
Phs (deg.) −149.12 126.18 101.80 
Var (%) 86.39 0.80 0.32 

τx A (x10 

−3 N/m 

2 ) 4.13 2.80 3.60 
Phs (deg.) −0.63 62.95 81.02 
Var (%) 8.87 4.07 6.72 

τy A (x10 

−3 N/m 

2 ) 2.31 1.27 2.08 
Phs (deg.) 46.52 −117.50 −95.45 
Var (%) 5.59 1.68 4.49 

E A (mm/d) 1.53 0.05 0.51 
Phs (deg.) −166.90 −156.45 −122.92 
Var (%) 28.96 0.04 3.18 

Figure 5 Residual sea level and atmospheric variables amplitudes (o) for selected Fourier constituents (frequencies) with 90% 
confidence interval ( + ). 
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Figure 6 Weather-band residual sea level. 

Figure 7 Normalized weather-band atmospheric variables (colored) along with normalized weather-band residual sea level 
(black). 

Please cite this article as: K.M. Zubier, L.S. Eyouni, Investigating the Role of Atmospheric Variables on Sea Level Variations in the Eastern 
Central Red Sea Using an Artificial Neural Network Approach, Oceanologia, https://doi.org/10.1016/j.oceano.2020.02.002 

https://doi.org/10.1016/j.oceano.2020.02.002


K.M. Zubier, L.S. Eyouni/Oceanologia 000 (2020) 1—24 11 

ARTICLE IN PRESS 

JID: OCEANO [mNS; March 13, 2020;4:52 ] 

Figure 8 Correlation coefficients between residual sea level and each atmospheric variable for different Fourier constituents 
(frequencies). 

Table 3 Percent variance explained (%) for weather-band 
residual sea level and atmospheric variables. 

R P T τ x τ y E 

42.67 9.58 8.72 60.07 65.39 46.86 

the two variables are inversely related ( Table 2 ). Consid- 
ering the presumably direct relationship between the two 
variables, these results indicate that air temperature is, 
most likely, not a contributing factor to the annual and semi- 
annual sea level variations. These results are supported by 
the relatively strong ( −) correlations, corresponding to an- 
nual and semiannual constituents, obtained between these 
two variables ( Figure 8 ). The comparison between the resid- 
ual sea level and the air temperature phase values, cor- 
responding to the seasonal constituent, shows that the 
two variables are almost directly related; this suggests a 
possible contribution of air temperature to the seasonal 
sea level variations. This is supported by the high corre- 
lation coefficient ( + 0.98) obtained between the seasonal 
constituents of the residual sea level and air temperature 
( Figure 8 ). The lowest fluctuations in the timeseries of the 
combined weather-band, corresponding to air temperature, 
occur during the summer season ( Figure 7 ). The obtained 
correlation coefficients between the residual sea level and 
the air temperature, corresponding to weather-band con- 
stituents ( Figure 6 ), reveal that the two variables are more 
positively than negatively correlated. Such results suggest 
that the weather-band sea level variations are contributed 
to by air temperature. 

4.2.4. Wind stress 
The weather-band accounts for most of the variances in the 
wind stress components. For the cross-shore wind stress, the 
variance explained by the weather-band (60.07%) is more 
than three times the variance explained by the annual, 
semiannual, and seasonal constituents combined (19.66%). 
The along-shore wind stress percent variation explained by 
the weather-band (65.39%) is more than five times than that 
explained by the annual, semiannual, and seasonal con- 
stituents combined (11.76%). The phase comparisons show 

that each of the two wind stress components have consid- 
erable phase lags with the residual sea level, in terms of 
the annual and semiannual constituents, indicating that the 
wind stress components are probably not significant con- 
tributors to residual sea level annual and semiannual vari- 
ations. The phase difference corresponding to the seasonal 
constituent, however, shows that the residual sea level and 
the along-shore wind stress component are inversely related 
( ∼180 ° out of phase), while the residual sea level and the 
cross-shore wind stress component are directly related (al- 
most in phase). Considering the wind direction dominance 
and the associated Ekman transport, such results suggest 
that both wind stress components contribute to the sea- 
sonal variations in sea level. These suggested contributions 
are supported by the high correlation coefficients ( + 0.99 
and −0.99) obtained, for the seasonal constituent, between 
the residual sea level and the cross-shore and along-shore 
wind stress components, respectively ( Figure 6 ). In terms 
of the combined weather-band, both components of wind 
stress experience their highest fluctuations during the win- 
ter and early spring periods and their lowest fluctuations 
during the summer ( Figure 7 ). The obtained correlation co- 
efficients, given in Figure 8 , show that, in correspondence 
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Table 4 Correlation coefficients ( r ) and mean squared errors ( mse ) as statistical indicators of the NARX-based model perfor- 
mance (overall and data divisions). 

Statistical 
Parameter 

Overall 
(100%) 

Data Divisions 

Training (80%) Validation (10%) Testing (10%) 

r 0.969 0.972 0.961 0.952 
mse 0.00115 0.00107 0.00107 0.00106 

with weather-band constituents, the residual sea level and 
the cross-shore wind stress are more positively related while 
the residual sea level and the along-shore wind stress are 
more negatively related. These results suggest that the wind 
stress components contribute to the variations in sea level 
within the weather-band frequency domain. 

4.2.5. Evaporation Rate 

The weather-band accounts for 46.86% of the evaporation 
rate variance, while the annual, semiannual, and seasonal 
constituents combined account for nearly 32.18% of the 
variance. The phase comparisons between the residual sea 
level and evaporation rate, in terms of the Fourier con- 
stituents (annual, semiannual, and seasonal), revealed that 
the annual and seasonal constituents somewhat maintain 
the typical inverse relationship between sea level and evap- 
oration rate. Such results suggest that evaporation con- 
tributes to the residual sea level variations on the an- 
nual and seasonal levels. These suggested contributions are 
supported by the relatively high correlation coefficients 
( −0.87 and −0.85) obtained between the residual sea level 
and evaporation rate, corresponding to annual and seasonal 
constituents, respectively ( Figure 8 ). Based on Figure 7 , 
there are no apparent seasonal differences in the magni- 
tude of fluctuation in the evaporation rate corresponding to 
the weather-band. The obtained correlation coefficients be- 
tween the residual sea level and the evaporation rate, cor- 
responding to weather-band constituents ( Figure 8 ), show 

that the two variables are more negatively than positively 
correlated. These results suggest that evaporation con- 
tributes to the weather-band sea level variations. 

Overall, the Fourier analysis results suggest that short- 
term sea level variations are contributed to mainly by the 
seasonal and shorter term (weather-band) variations in the 
considered atmospheric variables. 

4.3. NARX Model 

4.3.1. Model Performance 

Among the large number of NARX-based constructed mod- 
els, the best performance was obtained using the LM train- 
ing function with optimal tapped delays of ( input: 2, feed- 
back: 1 ), optimal number of hidden neurons H n = 10 , and 
data division of ( training: 80%, validation: 10% and test- 
ing: 10% ). The comparison between the model-obtained 
residual sea level and the actual residual sea level, shown 
in Figures 3 and 9 , clearly demonstrates the high perfor- 
mance of the developed NARX-based model. The model per- 
formance is also statistically evaluated, in Table 4 , using 
correlation coefficients ( r ) and mean squared errors ( mse ). 

The high performance strongly suggests that, without any 
prior interrelation knowledge, the constructed NARX model 
is able to capture the role played by the utilized atmo- 
spheric variables on the residual sea level variations. 

Table 5 shows the statistical analysis results for the dif- 
ference between the actual and model-obtained residual 
sea levels. Despite the slight model underestimation of 
the ( ±) residual sea level peaks, shown in Figures 3 and 
9 , the calculation of the explained percent variance re- 
veals that the model-obtained residual sea level is respon- 
sible for nearly 91% of the total variance in the original 
residual sea level series. The remaining ∼ 9% of the vari- 
ance corresponds to the difference between the actual and 
model-obtained residual sea levels, shown in Figure 10 , in 
which the timeseries experiences higher variabilities dur- 
ing the winter and fall seasons and lower variabilities dur- 
ing the spring and summer seasons. This is supported by 
the greater standard deviations for the winter and fall 
seasons ( Table 5 ). This difference can be attributed to 
the role of other contributing (atmospheric/oceanographic) 
factors that are not presented to the NARX-based model 
and, therefore, are not accounted for (unmodeled). In or- 
der to determine the frequency ranges at which these 
unaccounted-for factors contribute to the residual sea 
level variations, the difference between the actual and 
model-obtained residual sea levels is analyzed using Fourier 
analysis. 

The Fourier analysis results, given in Table 6 , show that 
the annual, semiannual, and seasonal constituents com- 
bined are responsible for 1.18% of the variance in the 
difference between the actual and model-obtained resid- 
ual sea levels, while the combined weather-band con- 
stituents are responsible for more than 67% of the vari- 
ance. Furthermore, each one of the annual, semiannual, 
and seasonal constituents has an amplitude of less than 
0.5 cm ( Figure 11 ), indicating that their combined con- 
tribution to the difference is insignificant. The combined 
weather-band constituents, however, have varying ampli- 
tudes within a range of ∼ ± 9 cm. The comparison between 
the original difference (between the actual and model- 
obtained residual sea levels) and the reconstructed differ- 
ence (that corresponds to the weather-band constituents) 
clearly shows that the original difference is totally in 
phase with the reconstructed weather-band difference 
( Figure 10 ). 

These results clearly indicate the presence of other 
unaccounted-for (atmospheric/oceanographic) factors that 
are also contributing to the residual sea level variations in 
this frequency domain (weather-band). Although the pres- 
ence of lower frequency (longer period) contributing fac- 
tors is also apparent, their contributions are noticeably 
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Figure 9 Comparison between actual (Target) and predicted (Model) residual sea levels. 

Table 5 Annual and seasonal (91-days) statistical analysis (maximum, minimum, mean, and standard deviation) of the differ- 
ence between actual (target) and predicted (output) residual sea levels. 

Variable Statistics Whole 
Year 

Seasons 

Winter Spring Summer Fall 

Residuals 
Difference 

(cm) 

Max 13.03 13.03 7.41 7.41 10.74 
Min −9.49 −9.49 −6.59 −7.05 −8.64 
Mean 0.30 0.45 0.36 0.02 0.31 
Stdv 3.40 3.81 2.97 2.97 3.77 

Table 6 Fourier constituents (annual, semiannual and seasonal): amplitudes (A) and percent variance explained (Var) for the 
difference between actual (target) and predicted (output) residual sea levels. 

Variable Parameter Fourier Constituents Weather 
Band Annual Semiannual Seasonal 

Residuals 
Difference 

A (cm) 0.33 0.36 0.18 −
Var (%) 0.48 0.56 0.14 67.54 

less. A possible unaccounted-for contributor (within the 
weather-band frequency range) is seawater temperature, 
which according to Eid and Abdallah (1994) is the dominant 
factor controlling the steric effect in the central Red Sea. 
Another possible unaccounted-for short-term contribution 
is associated with the frequently blowing eastward wind 
jets from the westerly located Tokar Gap, which acts as an 
along-axis wind inlet during the summer and outlet during 
the winter for the Red Sea ( Jiang et al., 2009 ). Meso-scale 

eddies and boundary currents are among the unaccounted- 
for factors that can significantly contribute to the relatively 
short-term residual sea level variations ( Churchill et al., 
2018 ). The monsoon-associated water exchange between 
the Red Sea and the Gulf of Aden, through the southerly lo- 
cated Strait of Bab Al-Mandab, is a possible unaccounted-for 
low frequency contributing factor to the long-term sea level 
variations for the entire Red Sea ( Sultan et al., 1995a,b, 
1996 ; Wahr et al., 2014 ). 
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Figure 10 Original and weather-band difference between actual and model-predicted residual sea levels. 

4.3.2. Individual and combined effects investigation 

Based on its apparent high performance, the developed 
NARX-based model (with all varying atmospheric variables) 
was alternatively used to simulate the sea level residual but 
with each atmospheric variable individually replaced by its 
own five-degree polynomial fit ( Figure 4 ). Each predicted 
residual sea level record (with one input polynomial-fitted 
variable) was subtracted from the original network pre- 
dicted residual sea level (with all input variables varying). 
The results of these subtractions are shown in Figure 12 , 
from which the temporal variations in the effect of each at- 
mospheric variable on the residual sea level can be clearly 
visualized. 

In the following subsections, after a holistic description 
of the role played, individually, by each atmospheric vari- 
able on the residual sea level variations was given, a verifi- 
cation procedure was carried out to confirm that the NARX- 
based constructed model was capturing that individual role. 
The combined effect of the atmospheric variables on the 
residual sea level variations is given in the last subsection. 
Atmospheric Pressure Effect. Atmospheric pressure is 
known to have an inverse influence on sea level (inverted- 
barometer effect). Based on the hydrostatic hypothe- 
sis, an increase in atmospheric pressure by 1 millibar 
should depress the de-tided sea level by 1 cm and vice 
versa. On the relatively long-term scale, the comparison 
between the residual sea level ( Figure 3 ) and the atmo- 
spheric pressure ( Figure 4 ) patterns does not reflect the 
presence of this typical inverse relationship. A similar long- 
term departure from the isostatic response has also been 
shown by earlier studies on the sea level variations in 
the central Red Sea (e.g. Ahmad and Sultan, 1993 ; Eltaib, 
2010 ; Osman, 1984 ; Sultan and Elghribi, 2003 ; Sultan et al., 
1995a ; Sultan et al., 1995b ; Sultan et al., 1996 ). How- 

ever, both Sultan and Elghribi (2003) and Sultan et al. 
(1995a) have suggested that, over a scale of a few days, 
the residual sea level variations in the central Red Sea do 
follow the hydrostatic hypothesis. The Fourier analysis ap- 
plied earlier in this study revealed that, for the seasonal 
constituent and for most of the constituents in the weather- 
band range, the typical inverted-barometer relationship is 
well-maintained between the residual sea level and atmo- 
spheric pressure. 

Figure 13 shows seasonal plots of the difference between 
the actual and the polynomial-fitted atmospheric pressures 
( Figure 4 ) as well as the difference between the model- 
obtained residual sea levels corresponding to the atmo- 
spheric pressure effect ( Figure 12 ). These plots ( Figure 13 ) 
demonstrate that, for all seasons, the typical inverse re- 
lationship is highly maintained between the sea level dif- 
ference and the atmospheric pressure difference. Further- 
more, Figure 13 also shows that during the fall season, 
when the difference between the actual and polynomial- 
fitted atmospheric pressures is minimal, the difference be- 
tween the corresponding model-obtained residual sea levels 
is also minimal. These results indicate that the constructed 
NARX-based model is efficiently recognizing the effect of 
the relatively short-term (within seasons) atmospheric pres- 
sure variability on the residual sea level variations. 
Air Temperature Effect. Air temperature is a major fac- 
tor influencing seawater temperature which, in turn, in- 
fluences the sea level through the steric effect — varia- 
tions of the volume of the seawater due to the thermo- 
haline effects on its density. Due to such effects, the sea 
level rises when the seawater is warm and/or less saline and 
falls when the seawater is cold and/or more saline. Previ- 
ous studies have suggested that the steric effect is a major 
contributor to seasonal sea level variations in the Red Sea 
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Figure 11 Residual sea levels difference amplitudes (o) for selected Fourier constituents (frequencies) with 90% confidence 
interval ( + ). 

Figure 12 Effect of atmospheric variables on residual sea level represented by the difference between model-obtained residual 
sea levels (with actual and polynomial-fitted variables). 
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Figure 13 Difference between actual and polynomial-fitted atmospheric pressures (Pd) and difference between the corresponding 
model-obtained residual sea levels (R(Pd)) for the different seasons (91-day period). 

( Eid and Kamel, 2004 ; Mohamad, 2012 ; Patzert, 1972 ; Wahr 
et al., 2014 ). Other studies have shown that the steric effect 
on the Red Sea’s sea level varies both spatially and tempo- 
rally ( Abdallah and Eid, 1989 ; Eid and Abdallah, 1994 ; Eid 
and Kamel, 2004 ). According to Eid and Abdallah (1994) , 
the steric effect at the central part of the Red Sea is mainly 
thermal (minimal salinity effect). Accordingly, air temper- 
ature (an influencing atmospheric variable) is used in this 
study as an indicator due to the lack of sea surface tem- 
perature data. The presumably direct relationship between 
air temperature and residual sea level is not observed when 
comparing the relatively long-term patterns of the residual 
sea level ( Figure 3 ) and air temperature ( Figure 4 ). Never- 
theless, the earlier performed Fourier analysis showed that, 
for the seasonal constituents and most of the weather-band 
constituents, the presumed (typical) direct relationship be- 
tween sea level and air temperature is maintained. 

Figure 14 shows seasonal plots of the difference be- 
tween the actual and the polynomial-fitted air tempera- 
tures ( Figure 4 ) as well as the difference between the 
model-obtained residual sea levels corresponding to the 
air temperature effect ( Figure 12 ). The plots ( Figure 14 ) 
show that, except for the spring season, all seasons are 
dominated by an inverse relationship between the resid- 
ual sea level difference and the air temperature differ- 
ence. For the spring season, the plot shows that a direct 
(typical) relationship between the two differences is dom- 
inant. Figure 14 also shows that, in association with the 
minimal difference between the actual and polynomial- 
fitted air temperatures during the fall season, a mini- 
mal difference between the corresponding model-obtained 
residual sea levels is obtained. Such results indicate that 
the constructed NARX-based model is recognizing the ef- 

fect of the short-term air temperature variability on the 
residual sea level variations mainly during the spring sea- 
son. During the other seasons, it is highly probable that 
the air temperature effect on the residual sea level is 
masked by the role of one or more of the other atmospheric 
variables. 
Wind Stress Effect. Wind is among the atmospheric fac- 
tors that might directly or indirectly influence sea level, de- 
pending on the wind direction. Ekman transports associated 
with the wind-driven water flows can either pile-up water 
against the coastline (forcing sea level to rise) or trans- 
port water away from coastline (forcing sea level to drop). 
For the central part of the Red Sea, Patzert (1974) has sug- 
gested only a weak contribution of wind stress to sea level 
variability. However, others have suggested that major parts 
of sea level variations, in the central part of the Red Sea, 
can be accounted for by the along-shore wind stress com- 
ponent ( Ahmad and Sultan, 1993 ; Sofianos and Johns, 2003 ; 
Sultan et al., 1995b ). Furthermore, using daily records of 
mean sea level and atmospheric variables, studies by Sultan 
and Elghribi (2003) and Zubier (2010) have shown some con- 
siderable effects of both components of wind stress on the 
sea level variations at the eastern central Red Sea. In a re- 
cent study by Churchill et al. (2018) , it was shown that the 
sea level variations in the central Red Sea are highly cor- 
related with wind stress. Comparing each wind stress com- 
ponent pattern (illustrated in Figure 4 ) with the pattern of 
the residual sea level ( Figure 3 ) indicates that, on the rela- 
tively long-term scale, the wind stress components have no 
maintained relationship (direct or inverse) with the resid- 
ual sea level. The comparison of the results obtained ear- 
lier through the Fourier analysis of the residual sea level, 
as well as both components of wind stress, revealed that, 
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Figure 14 Difference between actual and polynomial-fitted air temperatures (Td) and difference between the corresponding 
model-obtained residual sea levels (R(Td)) for the different seasons (91-day period). 

Figure 15 Difference between actual and polynomial-fitted cross-shore wind stresses (tx d) and difference between the corre- 
sponding model-obtained residual sea levels (R(tx d)) for the different seasons (91-day period). 

the most effective wind stress contributions to the residual 
sea level variations occur mainly within the weather-band 
frequency range. 

Figure 15 shows seasonal plots of the difference be- 
tween the actual and the polynomial-fitted cross-shore 
wind stresses ( Figure 4 ) as well as the difference between 

the model-obtained residual sea levels corresponding to 
the cross-shore wind stress effect ( Figure 12 ). The plots 
( Figure 15 ) show that all seasons are dominated by a di- 
rect (typical) relationship between the sea level difference 
and the cross-shore wind stress difference. Figure 15 also 
shows that the minimal variations in the sea level 
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Figure 16 Difference between actual and polynomial-fitted along-shore wind stresses (ty d) and difference between the corre- 
sponding model-obtained residual sea levels (R(ty d)) for the different seasons (91-day period). 

difference, that occur during the fall season, are associ- 
ated with the minimal variabilities in cross-shore wind stress 
difference. Figure 16 shows seasonal plots of the differ- 
ence between the actual and the polynomial-fitted along- 
shore wind stresses ( Figure 4 ) as well as the difference be- 
tween the model-obtained residual sea levels correspond- 
ing to the along-shore wind stress effect ( Figure 12 ). The 
plots ( Figure 16 ) show that, for all seasons, a dominant in- 
verse (typical) relationship between the sea level difference 
and the along-shore wind stress difference is maintained. 
Figure 16 also shows that, during the summer season, the 
minimal variations in the sea level difference and the 
minimal variations in the along-shore wind stress difference 
are associated. These results indicate that the constructed 
NARX-based model is efficiently recognizing the short-term 

effects of both wind stress components on the residual sea 
level variations. 
Evaporation Rate Effect. Sea level is known to be inversely 
related to evaporation rate, such that the increase in 
evaporation rate lowers the sea level and vice versa. Using 
monthly evaporation rate based on heat flux calculations by 
Ahmad and Sultan (1989) , previous studies have suggested 
that this inverse relationship is not well-maintained in the 
central Red Sea on a seasonal level ( Ahmad and Sultan, 
1993 ; Sultan and Elghribi, 2003 ; Sultan et al., 1995a,b ). 
However, some of these studies, as well as the studies by 
Cromwell and Smeed (1998) and Sofianos and Johns (2003) , 
have suggested that the semiannual sea level variations are 
possibly related to the evaporation rate. By comparing the 
patterns of the residual sea level ( Figure 3 ) and the evapo- 
ration rate ( Figure 4 ), the typical inverse relationship seems 
to be somewhat maintained on the relatively long-term 

scale. The earlier applied Fourier analysis, in this study, 
revealed that for the annual and seasonal constituents, 

as well as for most of the weather-band constituents, the 
typical inverse relationship between the residual sea level 
and the evaporation rate is maintained, which is the not 
the case for the semiannual constituents. 

Figure 17 shows seasonal plots of the difference be- 
tween the actual and the polynomial-fitted evaporation 
rates ( Figure 4 ) as well as the difference between the 
model-obtained residual sea levels corresponding to the 
evaporation rate effect ( Figure 12 ). These plots ( Figure 17 ) 
show that, for all seasons, a typical inverse relationship is 
maintained between the sea level difference and the evap- 
oration rate difference. Figure 17 also shows that, when- 
ever the difference between the actual and polynomial- 
fitted evaporation rate is minimal, the difference between 
the corresponding model-obtained residual sea levels is also 
minimal. These results indicate that the constructed NARX- 
based model is efficiently recognizing the effect of the 
short-term evaporation rate variability on the residual sea 
level variations. 
Combined Effects. The above investigations have focused 
mainly on demonstrating the ability of the developed NARX- 
based model (network) to efficiently recognize the role 
played by each atmospheric variable individually on the 
residual sea level variations. In this sub-section, the focus is 
shifted to investigating the combined effect of atmospheric 
variables on residual sea level on a seasonal basis. 

Taking into consideration the typical relationships be- 
tween the residual sea level and each of the atmospheric 
variables, four 30-day periods are visually selected from 

Figures 13—17 such that each period clearly represents the 
corresponding season and reflects the typical relationships. 
In each of these four 30-days periods, the earlier proven 
significant weather-band variations ( ∼4—30 days) are con- 
tained. For each of these four periods (seasons), cross- 
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Figure 17 Difference between actual and polynomial-fitted evaporation rates (Ed) and difference between the corresponding 
model-obtained residual sea levels (R(Ed)) for the different seasons (91-day period). 

Table 7 Correlation coefficients (r) calculated seasonally 
(30-day periods) amongst the difference between each at- 
mospheric variable’s actual and polynomial-fit timeseries 
and the difference between the correspondingly obtained 
residual sea levels. 

Affecting 
Variable 

Seasons 

Winter Spring Summer Fall 

P −0.68 −0.63 −0.62 −0.47 
T −0.30 0.53 −0.26 0.08 
τx 0.73 0.36 0.82 0.02 
τy −0.58 −0.13 0.26 −0.70 
E −0.76 −0.82 −0.80 −0.43 

covariances are obtained from the difference between the 
model-obtained sea levels (corresponding to an atmospheric 
variable effect) and the difference between that specific at- 
mospheric variable’s actual and polynomial-fitted records. 
Figures 18—21 show the results of the cross-covariance anal- 
ysis for the winter, spring, summer, and fall seasons, re- 
spectively. Table 7 shows the correlation coefficients ob- 
tained among each pair of differences (effect, variable) for 
the four 30-day periods corresponding to the different sea- 
sons. These obtained cross-covariances and correlation co- 
efficients indicate the extent to which the short-term varia- 
tions of each of these atmospheric variables are influencing 
the short-term sea level variations during each (season rep- 
resenting) period. 

For the period corresponding to the winter season, 
Figure 18 shows that, except for the air temperature effect, 

relatively high ( ±) cross-covariances are obtained at zero 
lag between each atmospheric variable difference and the 
corresponding sea level difference. The cross-covariances 
( Figure 18 ) and the correlation coefficients ( Table 7 ) indi- 
cate that atmospheric pressure, wind stress components 
and evaporation rate are the main responsible factors for 
the weather-band sea level variations during this period. For 
the air temperature effect, both the ( −) cross-covariance 
at zero lag and the ( −) correlation coefficient indicate 
that the air temperature effect is probably masked by the 
apparently significant effect of the cross-shore wind stress 
component. The significant ( + ) cross-covariance at lag 
( −2 days) of the air temperature effect 
can be attributed to the significant drop 
in the cross-covariance corresponding to the 
cross-shore wind stress effect at this specific lag. Dur- 
ing the winter season, the central Red Sea is characterized 
by the convergence of the monsoonal NNW and SSW winds in 
the northern and southern Red Sea respectively. This con- 
vergence, which magnitude is affected by the winter 
intensification of the along-axis wind stress in the northern 
part, causes a significant rise in the sea level to an extent 
that masks the combined sea level depressing effects of 
the high atmospheric pressure and the low air temperature 
during this season. 

The period corresponding to the spring season ( Figure 19 ) 
is characterized by the air temperature effect’s significantly 
higher ( + ) cross-covariance at zero lag, which can be at- 
tributed mainly to the drop (compared to winter) in the 
( + ) cross-covariances corresponding to the cross-shore wind 
stress component. The drop in the ( −) cross-covariances, 
corresponding to the along-shore wind stress component 
(compared to winter), is also probably responsible for the 
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Figure 18 Cross-covariance functions amongst the difference between actual and polynomial-fitted atmospheric variables and 
the difference between the corresponding model-obtained residual sea levels for the period representing the winter season (30- 
days). 

Figure 19 Cross-covariance functions amongst the difference between actual and polynomial-fitted atmospheric variables and 
the difference between the corresponding model-obtained residual sea levels for the period representing the spring season (30- 
days). 
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Figure 20 Cross-covariance functions amongst the difference between actual and polynomial-fitted atmospheric variables and 
the difference between the corresponding model-obtained residual sea levels for the period representing the summer season (30- 
days). 

Figure 21 Cross-covariance functions amongst the difference between actual and polynomial-fitted atmospheric variables and 
the difference between the corresponding model-obtained residual sea levels for the period representing the fall season (30-days). 
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apparently high ( −) cross-covariance corresponding to the 
evaporation rate effect. The cross-covariances ( Figure 19 ) 
and the correlation coefficients ( Table 7 ) indicate that the 
short-term variations in atmospheric pressure, air temper- 
ature, and evaporation rate are mainly responsible for the 
short-term sea level variations during this period. During the 
spring season, the along-axis winds in the central part of 
the Red Sea weaken and become less variable before the 
monsoonal-related shift in the wind direction in the south- 
ern part. Additionally, during the transition period, sea level 
variations become more correlated to the evaporation rate 
variations. Consequently, as a result of this weakening of 
the along-axis wind, the sea level will start to drop gradu- 
ally throughout the rest of the season. 

The period corresponding to the summer season 
( Figure 20 ) is characterized by the significantly high ( + ) 
cross-covariance corresponding to the cross-shore wind 
stress effect at zero lag. In comparison to the other seasons, 
this period is also characterized by the shift ( + ) in both 
the cross-covariance and the correlation coefficient corre- 
sponding to the along-shore wind stress effect. The associ- 
ated drop and shift ( −) in the cross covariance (compared to 
spring) corresponding to air temperature suggests that the 
air temperature effect is, again, highly masked by the cross- 
shore wind stress component effect. The cross-covariances 
( Figure 20 ) and the correlation coefficients ( Table 7 ) indi- 
cate that the short-term variations in atmospheric pressure, 
cross-shore wind stress, and evaporation rate are mainly re- 
sponsible for the short-term sea level variations during this 
period. During the summer season, the central Red Sea is 
highly affected by the strong wind jets that blow eastward, 
almost on a daily basis, from the westerly located Tokar 
Gap. The southward Ekman transport of seawater, associ- 
ated with such strong winds, will cause the sea level to drop 
to its lowest level during the summer season. This drop in 
sea level is significantly large in magnitude to the extent 
that it masks the combined sea level rising effects of both 
low atmospheric pressure and high air temperature during 
this season. 

For the period corresponding to the fall season, 
Figure 21 shows a significant drop in the ( −) cross- 
covariance corresponding to the evaporation rate effect at 
zero lag (compared with the other seasons). This drop is 
probably attributed to the masking effect exerted by along- 
shore wind stress, in which its corresponding effect reaches 
its highest ( −) cross covariance during this period. The slight 
increase in the cross-covariance corresponding to the evap- 
oration rate effect at lag ( −1) days, which is associated 
with a decrease in the cross-covariance corresponding to 
the along-shore wind stress effect, at this lag, supports this 
masking effect possibility. The cross-covariances ( Figure 21 ) 
and the correlation coefficients ( Table 7 ) indicate that the 
short-term sea level variations, during this period, are in- 
fluenced mainly by the along-shore wind stress component 
and slightly by the atmospheric pressure and evaporation 
rate. Neither the air temperature nor the cross-shore wind 
stress component seems to have any influence. During the 
fall season, the southern part of the Red Sea experiences 
the monsoonal-related shift in the wind direction, while 
the northern part experiences the early intensification of 
the NNW winds. Consequently, the sea level will start rising 
gradually throughout the rest of the season. 

5. Conclusions 

Statistical and Fourier analyses of the daily-averaged 
records of the residual sea level and the utilized atmo- 
spheric variables revealed that all these records do vary not 
only on a seasonal scale but also in a relatively short-term 

(within the season). The Fourier analysis of these records 
also revealed that most of the short-term variations are con- 
tained within the weather-band range ( ∼4—30 days). 

Forced by the tapped-delayed daily-averaged records 
of atmospheric variables and residual sea level, the con- 
structed NARX-based model showed high performance in ac- 
curately predicting the one-step-ahead residual sea level, 
indicating that the model was able to capture the non- 
linear relationships between the residual sea level and the 
forcing atmospheric variables. The statistical analysis of 
the error (explaining less than 10% of the total variance) 
revealed the seasonal variations in the magnitude of this 
error. The Fourier analysis of the error indicated that it 
is mainly attributed to other unaccounted-for atmospheric 
and/or oceanographic factors that vary mainly with periods 
contained within the weather-band range. 

Utilizing the developed model to investigate the sepa- 
rate role of the atmospheric variables on the residual sea 
level revealed that the model efficiently recognizes the typ- 
ical role of each atmospheric variable. The investigation 
also revealed that the role played by each atmospheric vari- 
able could vary significantly in magnitude from one season 
to another. The minimum effect of atmospheric pressure on 
the residual sea level variations occurred during the fall sea- 
son, while the maximum effect of air temperature occurred 
in the spring season. The cross-shore wind stress effect on 
the residual sea level reaches its maximum during the win- 
ter season while the along-shore wind stress effect reached 
its minimum during the summer season. The evaporation 
rate effect on sea level variation reached its maximum and 
minimum during the winter and fall seasons, respectively. 

The investigation pertaining to the combined effect of 
atmospheric variables, on the relatively short-term sea 
level variations, revealed that some atmospheric variables 
can have significant masking effects on the typical role 
played by other atmospheric variables in affecting sea level 
variations. During both winter and summer seasons, the sig- 
nificant effect of the cross-shore wind stress component 
seemed to be masking the typical air temperature effect 
on the residual sea level variation. The typical effect of the 
evaporation rate on the residual sea level variations seemed 
to be masked by the significant effect of the along-shore 
wind stress, during both the winter and fall seasons. 

The results obtained, in this study, clearly demonstrated 
the effectiveness of the applied NARX (neurocomputing) ap- 
proach not only to accurately simulate the residual sea level 
variations that are induced by the atmospheric variables but 
also to investigate further the individual and the combined 
role of these atmospheric variables on residual sea level 
variations. 

Acknowledgement 

The authors would like to thank Saudi Aramco for provid- 
ing the sea level and atmospheric data collected at Jeddah. 

Please cite this article as: K.M. Zubier, L.S. Eyouni, Investigating the Role of Atmospheric Variables on Sea Level Variations in the Eastern 
Central Red Sea Using an Artificial Neural Network Approach, Oceanologia, https://doi.org/10.1016/j.oceano.2020.02.002 

https://doi.org/10.1016/j.oceano.2020.02.002


K.M. Zubier, L.S. Eyouni/Oceanologia 000 (2020) 1—24 23 

ARTICLE IN PRESS 

JID: OCEANO [mNS; March 13, 2020;4:52 ] 

Thanks are also due to the General Authority of Meteorology 
and Environmental Protection (GAMEP) for making available 
the atmospheric parameters record for Jeddah. 

References 

Abdallah, A.M., Eid, F.M., 1989. On the Steric Sea Level in 
the Red Sea. International Hydrographic Review, Monaco 
LXVI (1), 115—124. https://journals.lib.unb.ca/index.php/ihr/ 
article/view/23351/27126 

Abdelrahman, S.M., 1997. Seasonal Fluctuation of Mean Sea Level 
at Gizan, Red Sea. J. Coast. Res. 13 (4), 1166—1172. https:// 
www.jstor.org/stable/4298725?seq=1#page _ scan _ tab _ contents 

Ahmad, F., Sultan, S.A.R., 1989. Surface heat fluxes and their com- 
parsion with the oceanic heat flow in the Red sea. Oceanol. Acta 
12 (1), 33—36. https://archimer.ifremer.fr/doc/00106/21751/ 
19324.pdf . 

Ahmad, F., Sultan, S.A.R., 1993. Tidal and Sea Level Changes at 
Jeddah, Red Sea. Pakistan J. Mar. Sci. 2 (2), 77—84. https:// 
core.ac.uk/download/pdf/33719829.pdf 

Alawad, K.I., Al-Subhi, A.M., Alsaafani, M.A., Alraddadi, T.M., 2017. 
Signature of tropical climate modes driven signals on the Red 
Sea and Gulf of Aden sea level. Indian J. Geo-Mar. Sci. 46 
(10), 2088—2096. http://nopr.niscair.res.in/handle/123456789/ 
42751 

Basheer, I., Hajmeer, M., 2000. Artificial Neural Networks: Fun- 
damentals, Computing, Design, and Application. J. Microbiol. 
Methods 43 (1), 3—31. https://doi.org/10.1016/S0167-7012(00) 
00201-3 . 

Beale, M.H. , Hagan, M.T. , Demuth, H.B. , 2014. Neural Network 
Toolbox TM User’s Guide. The MathWorks, Inc., Natick, MA, USA . 

Churchill, J.H., Abualnaja, Y., Limeburner, R., Nellayaputhen- 
peedika, M., 2018. The Dynamics of Weather-Band Sea Level 
Variations in the Red Sea. Reg. Stud. Mar. Sci. 24, 336—342. 
https://doi.org/10.1016/j.rsma.2018.09.006 . 

Cromwell, D., Smeed, D.A., 1998. Altimetric Observations of 
Sea Level Cycles Near the Strait of Bab al Mandab. Int. 
J. Remote Sens. 19, 1561—1578. https://doi.org/10.1080/ 
014311698215351 . 

Cox, D.T., Tissot, P., Michaud, P., 2002. Water Level Obser- 
vations and Short-Term Predictions Including Meteorological 
Events for Entrance of Galveston Bay, Texas. J. Waterw. 
Port C-ASCE 128 (1), 21—29. https://doi.org/10.1061/(ASCE) 
0733-950X(2002)128:1(21) . 

De Lange, W.P. , Carter, R.M. , 2014. Sea-Level Change: Living with 
Uncertainty. The Global Warming Policy Foundation, GWPF Rep. 
15, London, UK, 48 pp . 

Deo, M.C., Chaudhari, G., 1998. Tide Prediction Using Neural Net- 
works. Compu-Aided. Civ. Inf. 13 (2), 113—120. https://doi.org/ 
10.1111/0885-9507.00091 . 

Eid, F.M. , Abdallah, A.M. , 1994. The Relations Between Steric Com- 
ponents and Hydrographic parameters in the Red Sea. Bull. Fac. 
Sc. Alex. Univ. 34 (1), 97—105 . 

Eid, F.M., Kamel, M.S., 2004. Contribution of Water Density to 
Sea Level Fluctuations in Red Sea. J. KAU. Mar. Sci. 15 
(1), 113—138. https://www.kau.edu.sa/Files/320/Researches/ 
51831 _ 21963.pdf 

Eltaib, E.B.A. , 2010. Tides analysis in the Red Sea in port Sudan and 
Gizan. Geophys. Insti., Univ., Bergen, Norway, 61 pp . 

Emery, W.J. , Thomson, R.E. , 2001. Data Analysis Methods in Phys- 
ical Oceanography. 2nd Edn. Elsevier Sci. B.V., Amsterdam , 
638 pp . 

Ghorbani, M.A., Khatibi, R., Aytek, A., Makarynskyy, O., Shiri, J., 
2010. Sea Water Level Forecasting Using Genetic Programming 
and Comparing the Performance with Artificial Neural Networks. 

Comput. Geosci. 36 (5), 620—627. https://doi.org/10.1016/j. 
cageo.2009.09.014 . 

Hecht-Nielsen, R. , 1990. Neurocomputing. Addison-Wesley, Boston, 
433 pp . 

Herting, A. , Farmer, T. , Evans, J. , 2004. Mapping of the evaporative 
loss from Elephant Butte reservoir using remote sensing and GIS 
technology. New Mexico State Univ. Rep., USA, 30 pp . 

Islam, P., Morimoto, T., 2015. Performance Prediction of Solar Col- 
lector Adsorber Tube Temperature using a Nonlinear Autore- 
gressive Model with eXogenous Input. IJCA 114 (12), 24—32. 
https://doi.org/10.5120/20031-2129 . 

Jiang, H., Farrar, J.T., Beardsley, R.C., Chen, R., Chen, C., 2009. 
Zonal Surface Wind Jets across the Red Sea due to Mountain 
Gap Forcing along both sides of the Red Sea. Geophys. Res. 
Lett. 36 (19), art. no. L19605, 6 pp. https://doi.org/10.1029/ 
2009GL040008 . 

Karimi, S., Kisi, O., Shiri, J., Makarynskyy, O., 2013. Neuro-fuzzy 
and Neural Network Techniques for Forecasting Sea Level in Dar- 
win Harbor, Australia. Comput. Geosci. 52, 50—59. https://doi. 
org/10.1016/j.cageo.2012.09.015 . 

Kisi, O., Karimi, S., Shiri, J., Makarynskyy, O., Yoon, H., 2014. Fore- 
casting Sea Water Levels at Mukho Station, South Korea Using 
Soft Computing Techniques. Int. J. Oce. Climate Sys. 4, 175—
188. https://doi.org/10.1260/1759-3131.5.4.175 . 

Large, W.G., Pond, S., 1981. Open Ocean Momentum Flux Mea- 
surements in Moderate to Strong Winds. J. Phys. Oceanogr. 
11, 324—336. https://doi.org/10.1175/1520-0485(1981)011% 
3C0324:OOMFMI%3E2.0.CO;2 

Lee, T.L., Makarynskyy, O., Shao, C.C., 2007. A Combined Harmonic 
Analysis-Artificial Neural Network Methodology for Tidal Predic- 
tions. J. Coast. Res. 23 (3), 764—770. https://doi.org/10.2112/ 
05-0492.1 . 

Li, Y., Han, W., 2015. Decadal Sea Level Variations in the Indian 
Ocean Investigated with HYCOM: Roles of Climate Modes, Ocean 
Internal Variability, and Stochastic Wind Forcing. J. Clim. 28, 
9143—9165. https://doi.org/10.1175/JCLI- D- 15- 0252.1 . 

Londhe, S., 2011. Forecasting Water Levels Using Artificial Neural 
Networks. Int. J. Oce. Climate Sys. 2 (2), 119—135. https://doi. 
org/10.1260/1759-3131.2.2.119 

Madah, F., Mayerle, R., Bruss, G., Bento, J., 2015. Characteristics 
of Tides in the Red Sea Region, a Numerical Model Study. OJMS 
05 (02), 193—209. https://doi.org/10.4236/ojms.2015.52016 . 

Maghrabi, S.O. , 2003. Variations of Mean Sea Level in the Red Sea 
M.Sc. thesis. King Abdulaziz Univ., Saudi Arabia . 

Mahmoud, S. , 2012. Identification and Prediction of Abnormal Be- 
haviour Activities of Daily Living in Intelligent Environments. 
Nottingham Trent Univ., UK, 177 pp . 

Makarynska, D., Makarynskyy, O., 2008. Predicting Sea-level Vari- 
ations at the Cocos (Keeling) Islands with Artificial Neural Net- 
works. Comput. Geosci. 34 (12), 1910—1917. https://doi.org/ 
10.1016/j.cageo.2007.12.004 . 

Makarynskyy, O., Makarynska, D., Kuhn, M., Featherstone, W.E., 
2004. Predicting Sea Level Variations with Artificial Neural Net- 
works at Hillarys Boat Harbour, Western Australia. Estuar. Coast. 
Shelf. Sci. 61 (2), 351—360. https://doi.org/10.1016/j.ecss. 
2004.06.004 . 

Manasrah, R., Hasanean, H.M., Al-Rousan, S., 2009. Spatial and 
seasonal variations of sea level in the Red Sea, 1958—2001. 
Ocean. Sci. J. 44 (3), 145—159. https://doi.org/10.1007/ 
s12601- 009- 0013- 4 . 

Milne, G.A., Gehrels, W.R., Hughes, C.W., Tamisiea, M.E., 2009. 
Identifying the Causes of Sea-level Change. Nat. Geosci. 2 (7), 
471—478. https://doi.org/10.1038/ngeo544 . 

Moghadam, F.M., 2016. Neural Network-Based Approach for Identi- 
fication of Meteorological Factors Affecting Regional Sea-Level 
Anomalies. J. Hydrologic. Eng-ASCE. 22 (3). https://doi.org/10. 
1061/(ASCE)HE.1943-5584.0001472 . 

Please cite this article as: K.M. Zubier, L.S. Eyouni, Investigating the Role of Atmospheric Variables on Sea Level Variations in the Eastern 
Central Red Sea Using an Artificial Neural Network Approach, Oceanologia, https://doi.org/10.1016/j.oceano.2020.02.002 

https://www.journals.lib.unb.ca/index.php/ihr/article/view/23351/27126
https://www.jstor.org/stable/4298725?seq=1#page_scan_tab_contents
https://www.archimer.ifremer.fr/doc/00106/21751/19324.pdf
https://www.core.ac.uk/download/pdf/33719829.pdf
http://www.nopr.niscair.res.in/handle/123456789/42751
https://doi.org/10.1016/S0167-7012(00)00201-3
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0006
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0006
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0006
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0006
https://doi.org/10.1016/j.rsma.2018.09.006
https://doi.org/10.1080/014311698215351
https://doi.org/10.1061/(ASCE)0733-950X(2002)128:1(21)
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0010
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0010
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0010
https://doi.org/10.1111/0885-9507.00091
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0012
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0012
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0012
https://www.kau.edu.sa/Files/320/Researches/51831_21963.pdf
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0014
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0014
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0015
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0015
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0015
https://doi.org/10.1016/j.cageo.2009.09.014
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0017
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0017
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0018
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0018
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0018
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0018
https://doi.org/10.5120/20031-2129
https://doi.org/10.1029/2009GL040008
https://doi.org/10.1016/j.cageo.2012.09.015
https://doi.org/10.1260/1759-3131.5.4.175
https://doi.org/10.1175/1520-0485(1981)011%3C0324:OOMFMI%3E2.0.CO;2
https://doi.org/10.2112/05-0492.1
https://doi.org/10.1175/JCLI-D-15-0252.1
https://doi.org/10.1260/1759-3131.2.2.119
https://doi.org/10.4236/ojms.2015.52016
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0028
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0028
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0029
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0029
https://doi.org/10.1016/j.cageo.2007.12.004
https://doi.org/10.1016/j.ecss.2004.06.004
https://doi.org/10.1007/s12601-009-0013-4
https://doi.org/10.1038/ngeo544
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001472
https://doi.org/10.1016/j.oceano.2020.02.002


24 K.M. Zubier, L.S. Eyouni/Oceanologia 000 (2020) 1—24 

ARTICLE IN PRESS 

JID: OCEANO [mNS; March 13, 2020;4:52 ] 

Mohamad, K.I. , 2012. Sea Level Variation in the Red Sea Based on 
SODA data M.Sc. thesis. Geophys. Inst., Univ., Bergen, Norway, 
47 pp . 

Nitsure, S.P., Londhe, S.N., Khare, K.C., 2014. Prediction of Sea 
Water Levels Using Wind Information and Soft Computing Tech- 
niques. Appl. Ocean. Res. 47, 344—351. https://doi.org/10. 
1016/j.apor.2014.07.003 . 

Osman, M.M. , 1984. Variations of Sea Level at Port Sudan. Int.l Hy- 
drographic Rev. LXI, 137—144 . 

Parker, B.B., 2007. Tidal Analysis and Prediction. National Ocean 
Service, NOAA Spec. Publ. https://doi.org/10.25607/OBP-191 . 

Pashova, L., Popova, S., 2010. Daily Sea Level Forecast at Tide 
Gauge Burgas, Bulgaria Using Artificial Neural Networks. J. Sea 
Res. 66, 154—161. https://doi.org/10.1016/j.seares.2011.05. 
012 . 

Patzert, W.C. , 1972. Seasonal Variations in Structure and 
Circulation in the Red Sea Ph.D. thesis. Univ. Hawaii, Honolulu, 
186 pp . 

Patzert, W.C., 1974. Wind-induced Reversal in Red Sea Circu- 
lation. Deep-Sea Res 21, 109—121. https://doi.org/10.1016/ 
0011- 7471(74)90068- 0 . 

Pawlowicz, R., Beardsley, B., Lentz, S., 2002. Classical Tidal Har- 
monic Analysis Including Error Estimates in Matlab Using T-tide. 
Comput. Geosci. 28 (8), 929—937. https://doi.org/10.1016/ 
S0098- 3004(02)00013- 4 . 

Pugh, D. , Woodworth, P. , 2014. Sea-Level Science: Understanding 
Tides, Surges, Tsunamis and Mean Sea-Level Changes, 2nd edn. 
Cambridge Univ. Press, 407 pp . 

Pugh, D.T., 1981. Tidal Amphidrome Movement and Energy 
Dissipation in the Irish Sea. Geophys. J. Roy. Astr. 
Soc. 67, 515—527. https://doi.org/10.1111/j.1365-246X. 
1981.tb02763.x . 

Pugh, D.T. , 1987. Tides, Surges and Mean Sea Level. John Wiley & 

Sons Ltd., 472 pp . 
Pugh, D.T., Abualnaja, Y., 2015. Sea-Level changes. In: Ra- 

sul, N.M.A., Stewart, I.C.F. (Eds.), The Red Sea: the formation, 
morphology, oceanography and environment of a young ocean 
basin. Springer Earth System Sciences, Berlin, Heidelberg, 317—
328. https://doi.org/10.1007/978- 3- 662- 45201- 1 _ 18 . 

Pugh, D.T., Abualnaja, Y., Jarosz, E., 2019. The Tides of the Red 
Sea. In: Rasul, N.M.A., Stewart, I.C.F. (Eds.), Oceanographic 
and Biological Aspects of the Red Sea. Springer, Cham, 11—40. 
https://doi.org/10.1007/978- 3- 319- 99417- 8 _ 2 . 

Rakshith, S., Dwarakish, G.S., Natesan, U., 2014. Tidal-level 
Forecasting Using Artificial Neural Networks Along the West 
Coast of India. JSCE 2 (1), 176—187. https://doi.org/10.2208/ 
journalofjsce.2.1 _ 176 . 

Salim, A.M., Dwarakish, G.S., Liju, K.V., Justin, T., Gayathri, D., 
Rajeesh, R., 2015. Weekly Prediction of Tides Using Neural 
Networks. Procedia Eng. 116 (1), 678—682. https://doi.org/10. 
1016/j.proeng.2015.08.351 . 

Sertel, E., Cigizoglu, H.K., Sanli, D.U., 2008. Estimating Daily Mean 
Sea level Using Artifitial Neural Networks. J. Coast. Res. 24 (3), 
727—734. https://doi.org/10.2112/06-742.1 . 

Shamji, V.R., Vineesh, T.C., 2017. Shallow-Water Tidal Analysis at 
Sharm Obhur, Jeddah, Red Sea. Arab. J. Geosci. 10 (3), 11 pp. 
https://doi.org/10.1007/s12517- 016- 2822- y . 

Sofianos, S.S., Johns, W.E., 2001. Wind Induced Sea Level Variability 
in the Red Sea. Geophys. Res. Lett. 28 (16), 3175—3178. https:// 
doi.org/10.1029/2000GL012442 . 

Sofianos, S.S., Johns, W.E., 2003. An Oceanic General Circulation 
Model (OGCM) Investigation of the Red Sea circulation: 2. Three- 
dimensional Circulation in the Red Sea. J. Geophys. Res. 108 
(C3), 15 pp. https://doi.org/10.1029/2001JC001185 . 

Sultan, S.A.R., Ahmad, F., 2000. Annual and Semi-annual 
Variations of Sea Level at Jeddah, Central Coastal Sta- 
tion of the Red Sea. Indian J. Mar. Sci. 29 (3), 201—
205. http://nopr.niscair.res.in/bitstream/123456789/25521/1/ 
IJMS%2029%283%29%20201-205.pdf 

Sultan, S.A.R., Ahmad, F., Elghribi, N.M., 1995a. Sea Level Vari- 
ability in the Central Red Sea. Oceanol. Acta 18 (2), 607—615. 
https://archimer.ifremer.fr/doc/00096/20766/ 

Sultan, S.A.R., Ahmad, F., El-Hassan, A., 1995b. Seasonal Varia- 
tions of the Sea Level in the Central Part of the Red Sea. 
Estuar. Coast. Shelf Sci. 40, 1—8. https://doi.org/10.1016/ 
0272- 7714(95)90008- X . 

Sultan, S.A.R., Ahmad, F., Nassar, D., 1996. Relative contributions 
of external sources of mean sea-level variations at Port Sudan, 
Red Sea. Estuar. Coast Shelf. Sci. 42 (1), 19—30. https://doi. 
org/10.1006/ecss.1996.0002 . 

Sultan, S.A.R., Elghribi, N.M., 2003. Sea Level Changes in 
the Central Part of the Red Sea. Indian J. Mar. Sci. 32 
(2), 114—122. http://nopr.niscair.res.in/bitstream/123456789/ 
4254/1/IJMS%2032(2)%20114-122.pdf 

Tsai, C.P., Lee, T.L., 1999. Back-Propagation Neural Network in 
Tidal-level Forecasting. J. Waterw. Port C-ASCE. 125, 195—202. 
https://doi.org/10.1061/(ASCE)0733-950X(1999)125:4(195) . 

Wahr, J., Smeed, D.A., Leuliette, E., Swenson, S., 2014. Seasonal 
Variability of the Red Sea, from Satellite Gravity, Radar Al- 
timetry, and in Situ Observations. J. Geophys. Res.-Oceans 119, 
5091—5104. https://doi.org/10.1002/2014JC010161 . 

Willis, J.K., Chambers, D.P., Nerem, R.S., 2008. Assessing the 
Globally Averaged Sea Level Budget on Seasonal to Interannual 
Timescales. J. Geophys. Res.-Oceans 113 (C6), 9 pp. https:// 
doi.org/10.1029/2007JC004517 . 

Zhai, P., Bower, A.S., 2013. The Response of the Red Sea to 
a Strong Wind Jet Near the Tokar Gap in Summer. J. Geo- 
phys. Res.-Oceans 118 (1), 422—434. https://doi.org/10.1029/ 
2012JC008444 . 

Zubier, K.M., 2010. Sea Level Variations at Jeddah, Eastern Coast of 
Red Sea. J. KAU. Mar. Sci. 21 (2), 73—86. https://www.kau.edu. 
sa/Files/320/Researches/59382 _ 29726.pdf 

Please cite this article as: K.M. Zubier, L.S. Eyouni, Investigating the Role of Atmospheric Variables on Sea Level Variations in the Eastern 
Central Red Sea Using an Artificial Neural Network Approach, Oceanologia, https://doi.org/10.1016/j.oceano.2020.02.002 

http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0035
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0035
https://doi.org/10.1016/j.apor.2014.07.003
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0037
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0037
https://doi.org/10.25607/OBP-191
https://doi.org/10.1016/j.seares.2011.05.012
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0040
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0040
https://doi.org/10.1016/0011-7471(74)90068-0
https://doi.org/10.1016/S0098-3004(02)00013-4
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0043
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0043
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0043
https://doi.org/10.1111/j.1365-246X.1981.tb02763.x
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0045
http://refhub.elsevier.com/S0078-3234(20)30008-7/sbref0045
https://doi.org/10.1007/978-3-662-45201-1_18
https://doi.org/10.1007/978-3-319-99417-8_2
https://doi.org/10.2208/journalofjsce.2.1_176
https://doi.org/10.1016/j.proeng.2015.08.351
https://doi.org/10.2112/06-742.1
https://doi.org/10.1007/s12517-016-2822-y
https://doi.org/10.1029/2000GL012442
https://doi.org/10.1029/2001JC001185
http://www.nopr.niscair.res.in/bitstream/123456789/25521/1/IJMS%2029%283%29%20201-205.pdf
https://archimer.ifremer.fr/doc/00096/20766/
https://doi.org/10.1016/0272-7714(95)90008-X
https://doi.org/10.1006/ecss.1996.0002
http://nopr.niscair.res.in/bitstream/123456789/4254/1/IJMS%2032(2)%20114-122.pdf
https://doi.org/10.1061/(ASCE)0733-950X(1999)125:4(195)
https://doi.org/10.1002/2014JC010161
https://doi.org/10.1029/2007JC004517
https://doi.org/10.1029/2012JC008444
https://www.kau.edu.sa/Files/320/Researches/59382_29726.pdf
https://doi.org/10.1016/j.oceano.2020.02.002

	Investigating the Role of Atmospheric Variables on Sea Level Variations in the Eastern Central Red Sea Using an Artificial Neural Network Approach
	1 Introduction
	2 Data
	3 Methods
	3.1 Descriptive statistics
	3.2 Fourier analysis
	3.3 NARX model

	4 Results and discussion
	4.1 Descriptive statistics
	4.2 Fourier analysis
	4.2.1 Residual sea level
	4.2.2 Atmospheric pressure
	4.2.3 Air temperature
	4.2.4 Wind stress
	4.2.5 Evaporation Rate

	4.3 NARX Model
	4.3.1 Model Performance
	4.3.2 Individual and combined effects investigation


	5 Conclusions
	Acknowledgement
	References


