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A B S T R A C T   

Due to the cloud blocking, the research on the responses of upper ocean to typhoons using satellite data is greatly 
affected. At present, most of the solutions are based on lower time resolution data or composite satellite data. In 
this paper, multi-source satellite data were fused by weighted average method and reconstructed through the 
Data INterpolating Convolutional Auto-Encoder method (DINCAE) and used to investigate daily sea surface 
responses to typhoons. The root mean squared error (RMSE) between the reconstructed data and the cross- 
validation data for SST and CHL was only 1.093 ◦C and 0.7833 mg/m3. Three response patterns were re-
ported over the East China Sea (ECS). The first one was that both SST and CHL have significant changes, the 
second was that only SST changes a lot, and the third one was only CHL changes significantly after typhoons. 
Moreover, it was found that, after some typhoons, the SST or CHL had a wide range of changes, but the amount of 
changes is not large. The different responses were related to the wind speed and moving speed of typhoons. In 
addition, when two typhoons pass by successively, although the wind speed is low, the sea surface would have 
significant responses. Further, areas of significant SST drops coincide with negative sea level anomaly (SLA) 
fields in some typhoon tracks. SST drops to its minimum level 2 days after the arrival of a typhoon and returns to 
its previous level 15 days after the arrival. CHL keeps increasing until 4 days after the typhoon’s passage, and 
then drops to its initial level around 10 days after the passage. The responses of SST and CHL decrease with 
distance, with prominent changes occurring within 100 km of the typhoon’s center.   

1. Introduction 

Typhoons, which are among the most intense atmospheric events in 
tropical and subtropical oceans, impact not only local weather and the 
ocean but also the global climate and environment, seriously affecting 
the coastal economy and populace (Hayashi et al., 2015; Knutson et al., 
2010; Walsh et al., 2016; Tang et al., 2014; Xiao et al., 2011; Wang et al., 
2017a; Guan et al., 2018). The East China Sea (ECS), surrounded by the 
northwest Pacific, the South China Sea (SCS), and eastern China, is of 
undeniable value to these areas (Zhang et al., 2018b). Approximately a 
third of global tropical cyclones occur in the northwest Pacific, many of 
which pass over the ECS and finally make landfall around East Asia (Pun 
et al. 2011; Elsner and Liu, 2003; Wang et al., 2011; Ho et al., 2004). 

As early as last century, people began studying the upper ocean’s 
response to typhoons. With developments in ocean remote sensing 

technology and numerical modeling, the ocean’s physical processes, 
material transport, and biogeochemical cycles during typhoons have 
gradually revealed (Leipper, 1967; Price, 1981; Babin et al. 2004; Yue 
et al., 2018; Ooyama, 1969; Avila-Alonso et al., 2019). As a key factor in 
typhoon–ocean energy exchange, changes to sea surface temperature 
(SST) have been widely discussed. SST usually decreases after the pas-
sage of a typhoon, primarily because of the entrainment at the bottom of 
the mixing layer, with cool water lifted to the sea surface. Decreases in 
SST show obvious asymmetry on the two sides of the typhoon track, with 
the cooling range on the right side larger than on the left (Price, 1981; 
Wang et al., 2017b; Yang and Tang, 2010; Zhang et al., 2018a). Mean-
while, through the entrainment and upwelling caused by a typhoon, rich 
nutrients are carried from the subsurface layer to the euphotic layer, 
accelerating the growth of phytoplankton and increasing the concen-
tration of chlorophyll (CHL) (Chen et al. 2003; Babin et al., 2004; Son 
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et al., 2015; Li et al., 2013; Wang et al., 2017b). Phytoplankton growth 
takes time, so there is a delay between the arrival of a typhoon and in-
creases in CHL (Babin et al., 2004; Li et al., 2013; Li et al., 2015). 
Moreover, pre-typhoon CHL concentration, the surface current change 
and heavy precipitation induced by the typhoons would also have great 
effects on the variation of CHL (Wang et al., 2017b). 

Hampered by the limited data available, most studies have focused 
on single typhoons using gapped satellite images or numerical simula-
tions, which are incomplete and time-limited. Much work has been done 
to overcome these difficulties through use of unmanned aerial vehicles 
(Lin, 2006; Lin and Lee, 2008), dropwindsondes deployed from aircraft 
or launched by long-distance rockets (Lei et al., 2017), and coupled 
ocean–atmospheric models (Duan et al., 2013; Xie et al., 2010). 
Although the data obtained by these approaches are sometimes more 
accurate or comprehensive, they are costly to obtain and are difficult to 
apply beyond the specific typhoon studied. 

Recently, many methods of data filling have been developed to solve 
this problem. Such as the data interpolation empirical orthogonal 
function (DINEOF), Kriging, optimal interpolation (OI), and Self- 
Organizing Maps (SOM) (Beckers and Rixen, 2003; Ji et al., 2018; Sri-
nivasan et al., 2010; Oke et al., 2010; Sorjamaa et al., 2007). However, 
these algorithms have many limitations, they can only extract linear 
relations, but cannot deal with the nonlinear relations in data. In the 
1990s, Lecun et al. (1998) proposed a multi-layer structure learning 
method—convolution neural network (CNN), which can extract the 
local features of images through the continuous sliding of “convolution 
kernel”, so as to extract the features of graphics, images and other data. 
Because of its ability to extract nonlinear relationships from massive 
data, it has been widely applied in oceanography. Ducournau and Fablet 
(2016) proposed an image super-resolution model based on deep 
learning and a complex convolutional neural network method to eval-
uate the sea surface temperature. Based on the long-term and short-term 
machine neural network model, Yang et al. (2018) Established a pre-
diction model for SST, which has a good effect in the China’s coastal 
areas. In 2019, the CNN method was proposed to estimate the Pacific 
subsurface temperature using a set of satellite remote sensing data (Han 
et al., 2019). Barth et al. (2020) proposed a data interpolation algorithm 
based on neural network called DINCAE (Data INterpolating Convolu-
tional Auto-Encoder method). In this reconstruction method, convolu-
tional neural networks were trained by maximizing the likelihood of an 
observed value, with input data processed into a low-dimensional sub-
space using an auto-encoder. And it can represent nonlinear relation-
ships, which is not available in other methods (Han et al., 2020). 
Previous work used various methods such as DINCAE to reconstruct data 
such as sea surface temperature and chlorophyll concentration, but they 
did not apply the reconstructed results to solve practical problems. In 
addition, studies on the response of the upper ocean to typhoons mainly 
rely on numerical simulations and satellite data with a large number of 
missing measurements. Moreover, most of them focused on single ty-
phoons. This article used the DINCAE method to reconstruct the daily 
SST and CHL data from 2012 to 2019 in the ECS to compensate for the 
inability to obtain sea surface data during the passage of the typhoon, 
and to explore the impact of Typhoons on these two factors. We also 
discuss possible avenues by which typhoons could affect the sea surface. 

2. Data and methods 

2.1. Data 

2.1.1. Multiple satellite remote sensing data 
Daily SST and CHL data from 2012 to 2019 were derived from 

MODIS-Aqua (Moderate Resolution Imaging Spectroradiometer-Aqua), 
MODIS-Terra, and VIIRS-SNPP (Visible Infrared Imaging Radiometer) 
measurements, downloaded from https://oceancolor.gsfc.nasa.gov at a 
horizontal resolution of 4 km, with a weighted fusion algorithm applied 
to reduce the missing rate. Table 1 shows the missing rates of the 

original data and the fused data. SST_A (CHL_A), SST_T (CHL_T), and 
SST_V (CHL_V) represent the data derived from MODIS-Aqua, MODIS- 
Terra, and VIIRS-SNPP measurements, respectively. As can be seen, the 
missing rate is 0.6853, 0.6693, and 0.6402 for the three original SST, 
whereas for the fused SST it drops to 0.4747. For the CHL, it drops about 
7%. 

The weighted fusion algorithm is given as: 

DATA*
i,j =

⎧
⎪⎪⎨

⎪⎪⎩

a*DATA Ai,j + b*DATA Ti,j + c*DATA Vi,j

a + b + c
, a, b, c equals 1 or o

missing, a = b = c = 0
(1)  

Where the DATA* means the fused data, the DATA_A, DATA_T, and 
DATA_V represents the MODIS-Aqua, MODIS-Terra and VIIRS data. 
When the data is missing, the coefficient ‘a/b/c’ is assigned to 0. 
Otherwise, the coefficient ‘a/b/c’ is assigned to 1. 

If the missing rate exceeds 95% for a given pixel, we take it to 
indicate a land point, not for reconstruction. The Yangtze River Estuary 
and the Hangzhou Bay were also masked from reconstruction. In total, 
39.9% of the selected area corresponded to land. 

Sea level anomaly (SLA) data were obtained from Archiving, Vali-
dation and Interpretation of Satellite Oceanographic data (AVISO), 
derived from TOPEX/Poseidon, Envisat, Jason-1, and OSTM/Jason-2 
altimetry measurements. The products have a spatial resolution of 
0.25◦ × 0.25◦ and a temporal resolution of one day.2.1.2 Typhoon Track 
Data 

The typhoon track data used in this work are available from the 
Japan Meterological Agency (JMA, http://www.data.jma.go.jp 
/fcd/yoho/typhoon/index.html). In this paper, the typhoons happened 
between 2012 and 2019 in the ECS were selected. They include location 
of hurricane center, maximum sustained surface wind, central pressure, 
and wind radius. The translation speed of the hurricane was estimated 
based on the 6 h position of its center. 

2.1.2. In situ observation data 
To verify the accuracy of the reconstruction results, we adopted a set 

of measured data from May 23, 2016 to May 25, 2016. The field 
observation was performed at 32.25◦–33.25◦N, 122◦–123.4◦E, covering 

Table 1 
The missing rate of original data and fused data. (* denotes the fused data. _A, _T, 
and _V represent the MODIS-Aqua, MODIS-Terra and VIIRS data, respectively).  

Parameter Missing rate Parameter Missing rate 

SST_A  0.6853 CHL_A  0.9173 
SST_T  0.6693 CHL_T  0.9082 
SST_V  0.6402 CHL_V  0.9056 
SST*  0.4747 CHL*  0.8327  

Fig. 1. Location of sampling stations in the East China Sea for in situ data 
(dots). The sampling time was May 24th, 2016. The colour means the altitude. 
The sampling stations S1-4 to S1-9, S2-4 to S2-9, S3-4 to S3-9 and S4-1 to S4-7. 
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about 146,000 km2, as shown in Fig. 1. The sampling stations (including 
sections S1-4 to S1-9, S2-4 to S2-9, S3-4 to S3-9 and S4-1 to S4-7) are 
shown in Fig. 1 right. Fluorescence seapoint (flsp), oxygen, salinity, 
temperature, and density data were collected from the sea surface to a 
maximum depth of 44 m. In this work, we use the temperature of the sea 
surface (Table 2) to validate the DINCAE method. The total number of 
samples was 25. 

2.1.3. Cross-validation data 
During processing, two sets of cross-validation data were adopted to 

assess the accuracy of the reconstruction method. For the training phase, 
some randomly chosen points were set to cloud mask so as to optimize 
the reconstruction algorithm and assess the network’s ability to recover 
missing data under clouds. For the reconstruction phase, to withhold 
data of spatial structure similar to real clouds, the last 50 images were 
masked using the cloud mask of the first 50 images (Barth et al., 2020). 
The cloud mask was also applied in the training phase. In total, 735,628 
(SST) and 287,784 (CHL) measurements were withheld during the 
training or reconstruction stage. 

2.2. Methods 

2.2.1. Data INterpolating Convolutional Auto-Encoder method 
The Data INterpolating Convolutional Auto-Encoder method (DIN-

CAE) can reconstruct missing satellite data using a neural network 
(Barth et al., 2020; Han et al., 2020). Complete DINCAE source code is 
available at https://github.com/gher-ulg/DINCAE. 

First, during the data preparation phase, we collected original data, 
including the extra cloud mask, the longitude and latitude of the study 
area, the land mask of the study area, and the time range of the study 
period. Before DINCAE training, we processed the collected data for 
input. Input data had the inverse of the error variance, SST (CHL) 
anomalies scaled by the inverse of the error variance, scaled SST (CHL) 
anomalies, the inverse of the error variance for the previous day and the 
following day, longitude and latitude (scaled linearly between − 1 and 
1), and the cosine and sine of the day of the year divided by 365.25. For 
the missing data, we set scaled anomaly and the inverse of the error 
variance to zero. The input dataset size was 10 × 240 × 300 × 2922 
(input number, grid point latitude, grid point longitude, and number of 
days, respectively). 

Then we trained the input data iteratively using the DINCAE neural 
network. Overall, the training phase comprised an input layer, five 
encoding layers, two fully connected layers, five decoding layers, and an 
output layer (Fig. 2). 

In the input layer, the data were randomly scrambled in the time 
dimension, then divided into 59 batches, each including 50 images, and 
1 last minibatch with only 22 images (for a total of 2922 images). We 
used GPU parallel computing for time saving. To assess the training 
effect, mitigate overfitting, and aid in generalization, we added extra 
random cloud masking to the input data (not used during the recon-
struction phase). The encoding convolutional layers have a receptive 
field of 3 × 3 grid points. The five pooling layers between the con-
volutional layers were set to compress the features extracted by the 

convolution layers. The pool size was (2, 2) and the strides (2, 2). The 
number of neurons in the two fully connected layers were K/5 and K, 
respectively (K being the number of neurons in the last pooling layer of 
the encoder). To prevent overfitting, we added a dropout layer between 
the fully connected layers. The decoding layers were used to upsample 
the results. The decoding layers contained convolutional layers and 
interpolation layers (to the nearest neighbour). To capture small-scale 
information about the SST (CHL), the output of pooling layers was 
skip connected to the upsampling layers. 

The output datum contains three parameters: Dij1, Dij2 and m. Dij1 
donates SST (CHL) scaled by the inverse of the expected error variance, 
Dij2 is logarithm of the inverse of the expected error variance, and m 
represents the mean value of the original data. And then the recon-
structed SST (CHL) anomaly (yij), the corresponding error variance (σ2

ij), 
and the reconstructed SST (CHL), pij, can be computed by (Barth et al., 
2020): 

σ2
ij =

1
max

(
exp

(
min

(
Dij2, ν

) )
, ς

) (2)  

yij = Dij1σ2
ij (3)  

pij = yij + m (4)  

where ν = 10 and ς = 10− 3. To prevent zero appearing on denominator, 
the equations (2) use the min and max functions (Table 3). 

In addition, some parameters are set as the following Table 4: 

Table 2 
Properties of SST data collected from 23 May 2016 to 25 May 2016 (unit: ◦C).  

Station Date SST Station Date SST Station Date SST 

S1-4 25-May  16.91 S2-7 24-May  19.06 S4-1 24-May  18.29 
S1-5 25-May  16.71 S2-8 24-May  16.97 S4-2 24-May  17.68 
S1-6 25-May  19.10 S2-9 24-May  18.83 S4-3 24-May  19.06 
S1-7 25-May  19.26 S3-4 24-May  18.66 S4-4 24-May  19.24 
S1-8 25-May  17.97 S3-5 24-May  19.42 S4-5 24-May  19.17 
S1-9 25-May  18.08 S3-6 24-May  19.22 S4-6 23-May  18.17 
S2-4 25-May  18.85 S3-7 24-May  19.29 S4-7 23-May  17.91 
S2-5 25-May  18.63 S3-8 24-May  19.49    
S2-6 25-May  18.47 S3-9 24-May  18.51     

Fig. 2. DINCAE structure, including 1 input layer, 5 encoding layers, 2 fully 
connected layers, 5 decoding layers, and 1 output layer. 

Table 3 
The functions of different layers in the DINCAE method.  

Layer Functions 

Input layer Data entry 
Encoding layers Deducing the dimensionality, and simplifying the 

complexity of computing 
Fully connected layers 

(FC) 
Breaking down the data into features, and analyzing them 
independently 

Decoding layers Upsample the results 
Output layer Data output  
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3. Results 

3.1. DINCAE reconstruction statistics 

We selected the East China Sea (ECS), within the bounds 117◦–127◦E 
and 25◦–37.5◦N, as the study area. Fig. 3 shows DINCAE’s ability to 
reconstruct missing SST and CHL. Fig. 3a shows the original SST on 
November 12, 2019, with the fewest missing points for 50 CV-data im-
ages. Fig. 3b shows the original SST with additional clouds, and Fig. 3c 
shows the SST reconstruction. Both the overall water temperature dis-
tribution and some details in Fig. 3c are similar to the original. Likewise, 
Fig. 3f gives the reconstructed CHL for November 15, 2019, which 
presents a complete CHL structure, effectively making up the missing 
data. 

To aid further investigation of the accuracy of DINCAE reconstruc-
tion, Fig. 4 shows a scatterplot of the original data and the reconstructed 
results, with comparisons based on the cross-validation data chosen in 
section 2.1.4. The scatter distribution of SST and CHL results shows the 
highest pixel density along the 1:1 red dotted lines. Clearly, the results 
are biased slightly low at higher temperatures (SST) and concentrations 
(CHL). Statistical analysis of original data correlated with the corre-
sponding reconstructed data produces corresponding determination 
coefficients (R2) of 0.9474 (SST) and 0.8357 (CHL), respectively. The 
polynomial fitting between true SST and reconstructed SST is y =

0.9329x + 0.8627, where × is the original data and y the reconstructed 
results. For CHL, the equation is y = 1.021x – 0.0644. Table 5 gives the 
root mean squared error (RMSE) and mean relative error (MRE) between 
the original data and the reconstructed results (Gong et al., 2020a; Gong 
et al., 2020b). Cross-validation RMSE for SST and CHL is 1.0930 ◦C and 
0.7833 mg/m3 and MRE 0.0436 and 0.402, respectively. Comparing 
these findings with the measured data for May 24, 2016, produced an 
RMSE and MRE of 0.7854 ◦C and 0.0328, respectively, indicating that 
the reconstructed results are accurate.Table 6 

Fig. 5 shows the overall average distribution of reconstructed SST 
and CHL. The SST increases with distance off shore, from 16.4 ◦C to 
24.1 ◦C, and isotherms are nearly parallel to isobaths, running southeast, 
just as in previous findings (Gong and Wong, 2018; Ji et al., 2018). 
Spatial changes in SST varied greatly with location, with more gradual 
changes seen in the southeast areas but much more rapid changes in 
coastal areas. Unlike for SST, higher CHL concentrations were generally 
scattered along the coast and the estuary region, especially over shelf at 
a depth less than 50 m, with an average concentration of 2.8 mg/m3. 
Over the southeastern portion of the study area, CHL concentration was 
unmistakably lower, at about 0.27 mg/m3. Along the continental shelf, 
CHL variability was greatest near the shore and decreased off shore, with 
its contours almost parallel to those of the coastline, much as reported by 
Ji et al (2018). 

3.2. Typhoon condition 

According to the JMA’s best track data, 29 typhoons passed through 
the study area from 2012 to 2019, of which 3 passed over land and had 
no impact on the ocean. In all, 230 typhoon locations were identified for 
the 26 typhoons over the sea area (Fig. 6). Most typhoons that enter the 
ECS have reached the latter stages of their life cycle and feature lower 
wind speeds. Some, however, are in their developing stages, with their 
wind speed peaking in this area. Most typhoons made landfall south of 

Table 4 
The parameters in the DINCAE.  

Name Value 

The learning rate (α) 0.001 
The exponential decay rates for the first moment estimates (β1) 0.9 
The second moment estimates (β2) 0.999 
The regularization parameter (Kingma and Ba, 2014) 10− 8  

Fig. 3. The contrast of the original data and the reconstructed results (panel a and d are the original SST and CHL; panel b and e are the original SST and CHL with 
additional clouds for cross-validation; panel c and f are the DINCAE reconstruction SST and CHL. Panel a, b, and c are valid for the date 12 November 2019. Panel d, 
e, and f are valid for the date 15 November 2019). 
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32 ◦N, and 6 landed in South Korea. 
The life span of a typhoon is divided into three parts: beginning, 

middle, and end. The average wind speed and the translation speed were 
calculated. As Fig. 7 shows, typhoons’ wind speed increased sharply 
during the beginning phase, with average maximum wind speed 
reaching 65–70 knots, then gradually decreasing until landfall. How-
ever, translation speed and wind speed varied inversely with typhoon 
wind speed, so that translation speed slowed to its minimum during the 
middle phase, then increased slowly before landfall. Movement speed 
increased rapidly after landfall. 

Tropical cyclones that occur within the Northern Hemisphere be-
tween the anti-meridian and 100◦E are classified into 6 categories 
(Typhoon committee, 2008). Tropical cyclone intensity scale 2 is classed 
as a tropical storm, with sustained winds of 34–47 knots; scale 3 as a 
severe tropical storm, with sustained winds of 48–63 knots; scale 4 as a 
typhoon, with sustained winds of 64–84 knots; scale 5 as a very strong 
typhoon, with sustained winds of 85–104 knots; and scale 6 as a violent 

typhoon, with sustained winds of 105 knots or greater. Fig. 8 displays 
the number of each category of typhoon that passed through the ECS 
during 2012–2019. Three violent typhoons occurred, in 2015, 2016, and 
2018. Very strong typhoons and severe tropical storms were most 
common, at 7 occurrences apiece. Typhoons and tropical storms were 
also common, at about 6 occurrences. 

Fig. 4. The original data versus the reconstructed data for the cross-validation dataset (a for the SST, and b for the CHL; Blue solid lines represent the best fit line and 
the Red dotted lines represent the 1:1 line). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Table 5 
The RMSE and MRE between the original data and the reconstructed results.  

Parameter RMSE MRE 

SST 1.0930 ◦C  0.0436 
CHL 0.7833 mg/m3  0.4020  

Table 6 
The RMSE and MRE between the in situ data and the reconstructed results.  

Parameter RMSE MRE 

SST 0.7854 ◦C  0.0328  

Fig. 5. The overall averages of (a) SST and (b) CHL in the study region during 
the period of 2012–2019 (The CHL data were under the log-transformed). 

Fig. 6. The typhoon tracks in the East China Sea during 2012–2019 (The colour 
of the dots represents the wind speed). 

Fig. 7. The averaged wind speed (blue curve) and translation speed (orange 
curve) during different phases of typhoons (Note: The records start when the 
wind speed exceeds 30 knots.). (For interpretation of the references to color in 
this figure legend, the reader is referred to the web version of this article.) 
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3.3. SST and CHL response to typhoon 

More than 50% of the 26 typhoons had effects on the sea surface in 
the ECS during 2012–2019, and many had significant effects. SST and 
CHL responses to such typhoons were notable and can be classified into 
three patterns, whereby (1) both SST and CHL showed remarkable 
changes after the arrival of a typhoon (with a maximum drop of SST 
exceeding 4.5 ◦C and a maximum increase of CHL exceeding 0.8 mg/ 
m3), (2) only SST changed significantly, or (3) only CHL rose 
dramatically. 

Four typhoons belonged to the first pattern: Tembin (T1214, Fig. 9a- 
Black line), Bolaven (T1215, Fig. 9a-Blue line), Talim (T1718, Fig. 9b), 
and Soulik (T1819, Fig. 9c), whose maximum winds speed reached 80 
knots, 100 knots, 95 knots, and 85 knots, respectively. Most of them 

were very strong typhoons (scale 5). Within 7 days before the typhoon, 
the average SST over the typhoon track was 27.70 ◦C, 27.77 ◦C, 
27.96 ◦C, and 27.33 ◦C, respectively. SST dropped about 3.54 ◦C after 
the arrival of Tembin, with a maximum decrease of 7.70 ◦C occurred 
after 2 days. Four days after the arrival of Bolaven, SST dropped to its 
minimum, 22.65 ◦C (Fig. 9a2), with the maximum decrease reaching 
8.96 ◦C. For Talim, the lowest SST was reached two days after its arrival, 
with a maximum decrease of about 4.65 ◦C and mean SST of 25.10 ◦C 
(Fig. 9b2). Two days between the arrival of typhoon Soulik, the lowest 
SST was reached, with a decrease of about 4.15 ◦C (Fig. 9c2) and a 
maximum decrease of 6.19 ◦C. CHL, by contrast, increased from 0.64 
mg/m3 (7-day average before typhoon transit) to 1.06 mg/m3 (4 days 
after the arrival of typhoon) on average for Tembin (Fig. 10b-Black 
Line), and the maximum increase was about 1.45 mg/m3. For Bolaven, 
the maximum CHL was reached six days after its arrival, with a 
maximum increase of about 1.38 mg/m3 and mean CHL of 1.26 mg/m3 

(Fig. 10b2-Blue Line). CHL peaked four days after Talim (Fig. 10c), 
increasing from 0.18 mg/m3 to 0.57 mg/m3 (Fig. 10c2), with a 
maximum increase of 0.84 mg/m3. CHL increased about 0.69 mg/m3 

after the arrival of Soulik, with a maximum increase of 1.12 mg/m3 

within 2 days. 
Linging (T1913, Fig. 9d) matched the second pattern, with SST 

decreasing about 5.24 ◦C. However, the maximum increase of CHL was 
just 0.63 mg/m3. Haikui (T1211, Fig. 10a) matched the third pattern, 
completely opposite the second, with the largest increase of CHL 
reaching 0.98 mg/m3. However, the maximum drop in SST was only 
2.39 ◦C. 

Another special pattern was also seen that in which SST (CHL) 
dropped over a large area but the decline of SST (CHL) itself was not 
large. Along the track of typhoon Damrey (T1210, Fig. 11a), a cooling 
patch (Fig. 11a2) clearly runs through the whole sea area. However, 
maximum SST decline was only 2.93 ◦C among all the sea areas within 7 
days of the storm’s arrival, and mean SST reduction along the typhoon 
track was just 2.09 ◦C. Unlike most typhoons, Damrey was born at a 
relatively high latitude, and it was the strongest typhoon to land north of 
the Yangtze River since 1949. Both its wind speed and its translation 

Fig. 8. The category of all typhoons passing through the ECS during 
2012–2019. The intensity scale 2 is called tropical storm with sustained winds 
speed 34–47 knots, the scale 3 is severe tropical storm with sustained winds 
speed 48–63 knots, the scale 4 is typhoon with sustained winds speed 64–84 
knots, the scale 5 is very strong typhoon with sustained winds speed 85–104 
knots, the scale 6 is violent typhoon with sustained winds speed exceeding 
105 knots. 

Fig. 9. The tracks of typhoon Tembin (T1214, a1 & a2-Black Line), Bolaven (T1215, a1 & a2-Blue Line), Talim (T1718, b1 & b2), Soulik (T1819, c1 & c2), and 
Lingling (T1913, d1 & d2), and the corresponding SST before and after the passage of typhoon. (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.) 
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speed were very high, averaging up to 56.4 knots and 8.4 m/s, respec-
tively. It was coincided with the astronomical spring tide, which brings 
heavy rainfall and high tides (Lü et al., 2020; Yang et al., 2015; Liang 
and Wang, 2018). For the typhoon Malakas (T1616, Fig. 11b), the CHL 
had increased along the whole typhoon track after 4 days of its arrival. 
However, the maximum increase of CHL along the track was just 0.29 
mg/m3. The wind speed was very high, up to 85knots. But its translation 

speed was only 3.15 m/s. 
In addition, along the left and right sides of the typhoon track, the 

decreases in SST were not equal. More cooling was usually seen on the 
right side, such as with Damrey (T1210, Fig. 11a2), Bolaven (T1215, 
Fig. 9a2), Talim (T1718, Fig. 9b2), and Lingling (T1913, Fig. 9d2)— 
consistent with previous findings (Wang et al., 2017b; Yang and Tang, 
2010). 

To assess the spatial and temporal impacts of typhoons, we studied 
sea surface responses to typhoones in the area within 100 km of the 
center of the typhoon, calculating average SST and CHL for each location 
before and after the arrival of the typhoon (Fig. 12 & Fig. 13). Before the 
arrival of typhoon, the SST was generally high. After the passage of 
typhoon, the SST usually drops rapidly, and it would rose again after a 
few days. Comparing the CHL before and after the typhoon, most of 
them increased significantly. To further figure out the characteristics of 
temporal variation, we calculated the mean SST and CHL of each day 
before and after typhoons. As shown in the Fig. 14, before the arrival of 
the typhoon, SST changed little. However, SST decreased sharply 1 day 
after the arrival of the typhoon, then dropped after 2 days to its lowest 
point, about 25.5 ◦C. After that, SST rose gradually to about 26.3 ◦C in 
10 days. SST dropped 0.54 ◦C after the typhoon, from 26.58 ◦C to 
26.04 ◦C. 

For CHL, the average values before and after the arrival of typhoons 
were 1.03 mg/m3 and 1.11 mg/m3, respectively. CHL was stable before 
the typhoon but increased gradually within four 4 days of the typhoon, 
peaking at 1.14 mg/m3. It then decreased daily, by the 10th day 
reaching the same level as before the arrival of the typhoon. SST, by 
contrast, took about 15 days to return to its normal condition. 

To aid investigations of the scope of typhoons’ impacts, Fig. 15 
shows differences in SST and CHL anomalies between, before, and after 
the arrival of typhoons at different distances from typhoon centers. 
Reductions in SST and increases in CHL decreased with distance, with 
the impacts most significant during the 7 days after the arrival of the 
typhoon; both SST and CHL showed the greatest differences between, 
before, and after the arrival of typhoon of 7 days. SST anomalies showed 
a reduction of about 0.85 ◦C within 100 km, a figure that dropped to 

Fig. 10. The tracks of typhoon Haikui (T1211, a1 & a2), Tembin (T1214, b1 & b2-Black Line), Bolaven (T1215, b1 & b2-Blue Line), Talim (T1718, c1 & c2), and 
Soulik (T1819, d1 & d2), and the corresponding CHL before and after the passage of typhoon. (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.) 

Fig. 11. The tracks of typhoon Damrey (T1210, a1 & a2), and Malakas (T1616, 
b1 & b2), and the corresponding SST and CHL before and after the passage 
of typhoon. 
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0.7 ◦C at 300 km. Differences in CHL anomaly reached 0.076 mg/m3 

near the typhoon center but gradually decreased to 0.052 mg/m3 300 
km away. For the 10 days before and after the typhoon, the biggest drop 
in SST anomaly was 0.71 ◦C. However, differences in CHL anomaly 
varied from 0.057 mg/m3 to 0.039 mg/m3. For the 15 days before and 
after the typhoons, changes in SST and CHL anomalies were smaller than 
over 7 days, with differences in CHL anomaly close between the 10 days 
and 15 days. Thus 10 days after the typhoon passed, CHL returned to 

pre-typhoon levels. 

4. Discussions 

To obtain complete satellite data during typhoons, we reconstructed 
daily MODIS and VIIRS data using the DINCAE method. Before the 
reconstruction, we fused the satellite data to reduce the missing rate by 
weighted average method. The missing rate of SST dropped about 19%, 

Fig. 12. The average SST of each typhoon location before and after the passage of typhoon (The minimum (maximum) in the color bar represents the minimum 
(maximum) SST of each typhoon, ◦C). 

Fig. 13. The average CHL of each typhoon location before and after the passage of typhoon (The minimum (maximum) in the color bar represents the minimum 
(maximum) CHL of each typhoon, mg/m3). 

Fig. 14. The average SST and CHL for each location before and after the arrival of typhoon. The solid red line represents SST, and the solid green line donates CHL. 
The blue line is the cooling stage after the typhoon arrival; the yellow line means the increase stage of CHL after the arrival of typhoon. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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and the missing rate of CHL dropped from 90% to about 83%. To verify 
the accuracy of the fused data, we analyzed the correlation coefficient 
between the original data and the fused data (Table 7). The correlation 
between each of the three original satellite data and the fusion SST is 
higher than 99%. Similarly, for the CHL, they are also as high as 92.4% 
to 94.8%. The fused data are reliable and valid and can be used in the 
next steps.Table 8 

Most previous studies reconstructed monthly or 8-day data (Beckers 
and Rixen, 2003; Alvera-Azcárate et al., 2005; Ji et al., 2018), their 
results cannot be serve as a basis for further study of typhoons. We used 
real cloud masks instead of random points as cross-validation data to 
improve the results of our reconstruction. We calculated the RMSE be-
tween the reconstructed data and the cross-validation data of SST and 
CHL and compared the SST results with in-situ data. MRE was only 
0.0436 and 0.402 for SST and CHL, respectively, but was a little larger 
than that reported by Barth et al. (2020), who reconstructed SST in part 
of the Provençal basin (4.5625 to 9.5◦E and 39.5 to 44.4375◦N) during 
1985–2009. This may reflect our selection of a shorter temporal range; 
in further studies, we will increase the data volume to optimize our 
results. 

Sea surface responses to each typhoon differed widely, varying with 
typhoon characteristics such as maximum surface wind speed, trans-
lation speed, structure, and size (Stramma et al., 1986; Mei et al., 2015). 
Nor can pre-existing ocean conditions be ignored. Mixed layer depth, 
uplifted thermocline, and pre-existing oceanic cyclones all played 
important roles in sea surface responses to typhoons (Zheng et al., 2008; 
Xu et al., 2017; Lin et al., 2005; Liu & Tang, 2018). 

A comparison of Figs. 16 and 9 shows that areas marked by signifi-
cant SST drops matched the negative SLA field well in some typhoon 
tracks. Fig. 16 shows that the sea level anomaly decreased notably after 
the arrival of typhoons, with the negative SLA field increasing. The 
maximum SLA drops seen with Damrey (T1210), Tembin (T1214, 
Fig. 16a-Black Line), Bolaven (T1215, Fig. 16a-Blue Line), Talim 
(T1718, Fig. 16b), and Lingling (T1913, Fig. 16d) reached 0.24 m, 0.20 
m, 0.17 m, 0.10 m, and 0.17 m, respectively. Moreover, SST change rate 
increased with larger negative anomalies, consistent with previous 
findings (Cheung et al., 2013). Decreases in SST were mainly caused by 
vertical mixing and upwelling, which first changed SLA. The depth of 
the mixed layer was deepened by typhoon entrainment, with typhoon- 
induced upwelling forcing the surface water to redistribute, 
decreasing the sea surface temperature—although typhoons did not al-
ways induce obvious SLA changes in all areas influenced (Price, 1981; 
Zhang et al., 2018a). According to some studies, only when translation 
speed is very slow is SST’s response to typhoon-induced upwelling 

significant (Price, 1981). 
Asymmetric responses of the sea surface to a typhoon can contribute 

to interactions between the wind-driven inertial current and mixed layer 
(ML) current (Price, 1981; Price et al., 1994; Cheung et al., 2013). The 
typhoon wind–stress direction on the right side of the typhoon is 
clockwise, consistent with the direction of the ML current below the 
typhoon, which strengthens the vertical entrainment and finally gives 
rise to the larger change in SST on the right side. In addition, when the 
center of the cold eddies (cyclonic eddies) is on the right side of the 
typhoon track, the greatest cooling associated with the typhoon usually 
appears on the right side of the track (Yang and Tang, 2010). The mixing 
layer in the region where the cold eddies is located is shallower than in 
the surrounding sea area, with the cold water under the mixed layer 
more likely to be brought to the sea surface after the typhoon. 

What’s more, CHL increase fields overlapped with some negative 
SLA areas, such as typhoons Talim (T1718, Fig. 10b2 & Fig. 16b2) and 
Soulik (T1819, Fig. 10c2 & Fig. 16c2). Previous studies showed that the 
upwelling elevated cold, nutrient-rich deep water to the euphotic layer 
at the sea surface, enhancing CHL in the surface ocean water (Chen et al. 
2003; Babin et al., 2004; Li et al., 2013; Wang et al., 2017b). Unlike the 
rapid response seen with SST, typhoon-induced CHL increase showed a 
delay of about 4 days (Fig. 10, Fig. 13, and Fig. 14), mainly because 
phytoplankton growth takes time. The cloud cover brought by typhoons 
blocks light, which slows plankton growth (Babin et al., 2004; Li et al., 
2013; Li et al., 2015). However, CHL recovers its initial status much 
more quickly than SST did. As Fig. 14 shows, it took about 9 days for 
CHL to return to its initial state, versus 15 days for the SST. 

We found differing responses everywhere, with SST reduction and 
CHL increases lessening farther from the center of typhoons (Fig. 15). 
This is consistent with the previous finding that the response of sea 
surface to typhoons in the South China Sea (SCS) decreased linearly from 
the typhoon center outward (Wang, 2020). 

In order to find out the factors that affect the upper ocean’s response 
to typhoons, we analyzed the wind speed and translation speed of each 
typhoon. We take 65 knots as the threshold to judge the level of the wind 
speed. The wind speed greater than 65 knots belongs to high level, and 
the wind speed less than or equal to 65 knots belongs to low level. 
Similarly, the value 4 m/s is used as the threshold to judge the trans-
lation speed. 

For the first case, the four typhoons (Tembin, Bolaven, Talim, and 
Soulik) with significant changes in SST and CHL, their average wind 
speed in the study area was 55.6 knots, 65 knots, 83.1 knots and 71.4 
knots respectively, while their translation speed was about 6.9 m/s, 7.3 
m/s, 1.9 m/s and 2.8 m/s, respectively. For the second case, that is, only 
the SST changes significantly. The wind speed and translation speed of 
that typhoon were as high as 84 knots and 6.0 m/s. For the third case, 

Fig. 15. The difference of SST (a) and CHL (b) 
anomaly between before and after the arrival of 
typhoon. Abscissa represents the annular regions with 
different distances from typhoon centers. The black 
line is the average of 15 days before and after the 
arrival of typhoon, the blue line is the average of 10 
days, and the red represents 7 days. Fig. 15a took the 
absolute values. (For interpretation of the references 
to color in this figure legend, the reader is referred to 
the web version of this article.)   

Table 7 
The correlation coefficient between the original satellite data and the fused data. 
(* denotes the fused data. _A, _T, and _V represent the MODIS-Aqua, MODIS- 
Terra and VIIRS data, respectively).  

Correlation coefficient SST* Correlation coefficient CHL* 

SST_A  0.9984 CHL_A  0.9476 
SST_T  0.9986 CHL_T  0.9399 
SST_V  0.9978 CHL_V  0.9242  

Table 8 
The level of wind speed and translation speed.   

Tembin Bolaven Talim Soulik Lingling Haikui 

Wind Speed Low Low High High High Low 
Translation speed High High Low Low High Low  
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only CHL increased significantly, the wind speed and moving speed were 
52.8 knots and 2.8 m/s, respectively. 

After typhoons Talim and Soulik, both of the SST and CHL changed 
significantly. The wind speeds of these two typhoons exceeded 65 knots, 
but their moving speeds were relatively low. This is similar to the pre-
vious research results, that is, typhoon with higher wind speed and 
slower moving speed is more likely to cause changes in sea surface 
(Wang, 2020). In addition, our results showed that typhoon Tembin and 
bolaven had small wind speed and high moving speed. However, after 
these two typhoons, the SST and CHL also changed significantly. This 
can be attributed to the fact that these two typhoons passed through the 
same sea area almost at the same time. Therefore, when the two ty-
phoons pass through the same sea area successively (The latter is one 
day behind the former), although their moving speed are relatively fast 
with slow wind speed, they can also cause significant changes in sea 
surface elements. 

What’s more, both of the wind speed and translation speed of 
typhoon Lingling exceeded the threshold. After it passed, the SST 
decreased significantly, but the CHL changed little. On the contrary, for 
typhoon Haikui, the wind speed and its moving speed are relatively 
small. The CHL increased significantly after it, while the sea surface 
temperature did not change much. 

5. Conclusions 

In this study, daily SST and CHL data derived from MODIS-Aqua, 
MODIS-Terra, and VIIRS were fused and reconstructed using the DIN-
CAE method, with a view to analyzing the responses of sea surface to 
typhoons. 

The RMSE between the reconstructed data and the cross-validation 
data for SST and CHL was only 1.093 ◦C and 0.7833 mg/m3, with an 
MRE of 0.0436 and 0.402, respectively. For SST, compared with in-situ 
data, RMSE was 0.7854 ◦C. In total, 26 typhoons passed through the 
study area during 2012–2019. Overall, translation speed and wind speed 
varied inversely, with wind speed increasing dramatically at first and 
the average maximum wind speed reaching 65–70 knots. According to 

the JMA’s criteria, 3 violent typhoons, 7 very strong typhoons, 6 ty-
phoons, 7 severe tropical storms, and 6 tropical storms occurred. 

After typhoons, SST dropped 0.54 ◦C and CHL increased about 0.08 
mg/m3. SST and CHL took about 2 and 4 days, respectively, to reach 
their minimum and maximum after the arrival of a typhoon. CHL 
returned to its former level around the 10th day, whereas SST required 
15 days. SST and CHL responses decreased with distance, with promi-
nent changes occurring within 100 km of the typhoon’s center. 

Three kinds of response patterns were found, involving significant 
changes to (1) both SST and CHL, (2) only SST, and (3) only CHL. 
Moreover, it was found that, after some typhoons, the SST or CHL had a 
wide range of changes, but the changes are not large, such as typhoon 
Damrey (T1210), and Malakas (T1616). And the sea surface responses 
were related to the wind speed and translation speed of typhoon. 
Generally, typhoons with high wind speed and low translation speed 
were more favorable for inducing significant sea surface changes. 
However, when two typhoons with low wind speed and high moving 
speed passed through the same sea area continuously, they will also 
cause significant changes in the water color elements of the sea surface. 
Besides, high wind speed and translation speed of typhoon may only 
cause obviously changes in SST. And the third pattern, only the CHL 
changed significantly after typhoon, may be correlated with the low 
wind speed and moving speed of typhoon. 

Decreases in SST were caused mainly by vertical mixing and up-
welling, which first changed SLA. In future research, we will assess 
further data by using the DINCAE approach to obtain more accurate 
data, adding more ocean elements to help us more comprehensively 
understand ocean responses to typhoons. 
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