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Abstract: Chlorophyll-a (chl-a) serves as a key indicator in water quality and harmful algal blooms
(HABs) research. While satellite ocean color data have greatly advanced chl-a research and HABs
monitoring, missing data caused by cloud cover and other factors limit the spatiotemporal continuity
and the utility of remote sensing data products. The Data Interpolating Empirical Orthogonal
Function (DINEOF) method, widely used to reconstruct missing values in remote sensing datasets, is
open to improvement in terms of computational accuracy and efficiency. We propose an improved
method called Concentration-Stratified DINEOF (CS-DINEOF), which uses a coordinate–value
correlative data division strategy to stratify the study area into several subregions based on annual
average chl-a concentration. The proposed method clusters data points with similar spatiotemporal
patterns, allowing for more targeted and effective reconstruction in each sub-dataset. The feasibility
and advantage of the proposed method are tested and evaluated in the experiments of chl-a data
reconstruction in the water of the Bohai Sea. Compared with the ordinary DINEOF method, the
CS-DINEOF method improves the reconstruction accuracy, with an average Root Mean Square Error
(RMSE) reduction of 0.0281 mg/m3, and saves computational time by 228.9%. Furthermore, the
gap-free images generated from CS-DINEOF are able to illustrate small variations and details of the
chl-a distribution in local areas. We can conclude that the proposed CS-DINEOF method is superior
in providing significant insights for water quality and HABs studies in the Bohai Sea region.

Keywords: remote sensing; GOCI; chlorophyll-a; data reconstruction; DINEOF; CS-DINEOF

1. Introduction

Harmful algal blooms (HABs) represent a deleterious ecological phenomenon stem-
ming from the explosive proliferation of phytoplankton or bacteria in marine or brackish
waters, which disrupt the delicate balance of ecosystems, negatively affect fisheries, and
release toxic substances harmful to human health [1–3]. Over the past 30 years, HAB
events have shown a significant increase in frequency, scale, and geographical distribution,
evolving into a worldwide ecological problem [4]. Therefore, the monitoring of HABs has
been a topic of concern for marine environmental scientists in the past several decades [5].

Chlorophyll-a (chl-a) serves as the main pigment of phytoplankton, and chl-a con-
centration is commonly adopted to characterize the diversity of phytoplankton and algae
species [6]. Huot et al. [7] compared seven indicators of phytoplankton biomass and
concluded that chl-a concentration can provide the most appropriate estimate of primary
productivity. Consequently, chl-a has been regarded as a key indicator in HABs research
and the detection of water nutrient levels [8]. In the fields of marine environment and water
quality studies, chl-a concentration is defined as a proxy for phytoplankton concentration
in surface waters [9,10]. Research on the chl-a concentration in seawater can be conducive
to obtaining timely insights into algae progression and marine ecological status, and this
provides early warnings for HABs events.

Appl. Sci. 2024, 14, 2803. https://doi.org/10.3390/app14072803 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app14072803
https://doi.org/10.3390/app14072803
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0004-4072-6559
https://doi.org/10.3390/app14072803
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app14072803?type=check_update&version=1


Appl. Sci. 2024, 14, 2803 2 of 19

Traditional approaches of chl-a estimation involve field observation through on-site
sensors and laboratory analysis of collected water samples, which are limited by their
high-cost, time-consuming, and labor-intensive nature; therefore, they are unsuitable for
large spatiotemporal scales [11,12]. Instead, satellite remote sensing technology, with its
enhanced spatiotemporal coverage, has greatly advanced our comprehension of near-
surface ocean phenomena and played an important role in supporting the monitoring
of aquatic-related processes, especially HABs [13,14]. Therefore, a large amount of work
based on remote sensing products has been conducted to explore chl-a, the important water
quality variable, and carry out research on concentration inversion algorithms [15–19],
environmental factors influencing mechanisms [20,21], trend prediction [4,22,23], and other
aspects to assist HABs monitoring and prevention.

Achieving the large-scale, long-duration monitoring of chl-a concentration requires
regularly collected and continuous data series [24]. However, challenges arise in ocean
remote sensing data and their inversion products in the form of poor data quality and
missing data due to factors such as cloud cover [25–27], solar glare pollution [28], and
sensor faults. These issues significantly compromise the spatial and temporal continuity
as well as the utility of data products [29]. To address these challenges, research has
been conducted on techniques for data reconstruction. Conventional methods mainly
include Optimal Interpolation (OI) [30], Singular Spectrum Analysis (SSA) [31], Expectation
Maximization (EM) [32], and certain distance-based approaches such as Inverse Distance
Weighting (IDW) [33] and Kriging [34,35]. In the field of remote sensing data applications,
Data Interpolating Empirical Orthogonal Function (DINEOF) [36,37] is acknowledged as
a robust technique [38]. Based on Empirical Orthogonal Functions (EOFs), the DINEOF
method utilizes the inherent spatiotemporal consistency of the data, rather than relying
on additional prior information, to derive values at missing locations. With the increasing
availability and utilization of marine remote sensing data, the DINEOF method has been
successfully employed in the reconstruction of missing data from various marine variables,
such as sea surface temperature [39,40], salinity [41], and chl-a [42–44].

The performance of the DINEOF method can be heavily impacted by the characteris-
tics of the research variable, region, and input dataset [44]. Therefore, specific improved
reconstruction strategies are required in real-world applications. Wang and Liu [45] en-
hanced the DINEOF approach by introducing a depth-based dataset division strategy
and an novel outlier detection process, yielding improved overall performance for gap
filling. Ping et al. [46] presented an improved algorithm I-DINEOF, partitioning the ini-
tial dataset into multiple smaller matrices and reconstructing each matrix with the most
appropriate EOF, thereby mitigating the sensitivity of the ordinary DINEOF to missing
data. Furthermore, another improved algorithm, VE-DINEOF, was proposed [47], which
optimized the ordinary DINEOF workflow by determining the optimal EOF for each itera-
tion independently, resulting in a higher reconstruction accuracy and efficiency. Liu and
Wang [29,48,49] resolved the problems stemming from the substantial data volume and
low reconstruction efficiency, as the global remote sensing dataset was divided into zonal
sections at a certain latitude interval and DINEOF was applied to these sections simul-
taneously. Their follow-up research [48,49] provided further evidence that adding more
data from additional satellite sensors could significantly enhance both spatial coverage and
reconstruction precision. These studies have emphasized the importance of adapting the
improvement strategy of the DINEOF method to various application contexts. In particular,
customized sub-dataset strategies tailored to specific applications have been proven to be
an effective approach for optimizing reconstruction performance. However, the dataset
division methods adopted in previous studies often rely on coordinate-based strategies,
such as division into small spatial grids [46] or segmenting along dimensions [29,48,49].
These strategies split data simply based on spatial positions and commonly do not consider
the spatiotemporal distribution characteristics inherent to the data values of the research
object, which potentially lead to the loss of internal spatial correlations within the dataset.
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In this study, we embed a coordinate–value correlative data division strategy into the
ordinary DINEOF algorithm and propose an improved DINEOF method called Concentration-
Stratified DINEOF(CS-DINEOF). This method treats the annual average concentration of
chl-a as a spatial distribution characteristic to stratify the gappy dataset, and applies the
reconstruction algorithm to each sub-dataset independently, thus retaining the spatiotem-
poral correlation within each sub-dataset. The feasibility and advantage of the proposed
algorithm are tested and evaluated in the experiments of chl-a concentration data recon-
struction in the water of the Bohai Sea. Compared with the ordinary DINEOF method, the
proposed CS-DINEOF method demonstrates improved accuracy and efficiency in recon-
struction results. Additionally, the gap-free chl-a images generated by the CS-DINEOF
method offer more detailed information on the spatiotemporal variations in chl-a. These
improvements prove that the proposed CS-DINEOF method can address the challenges
posed by the high-resolution, large-volume, and uneven spatiotemporal distribution of
chl-a data, thus holding significant promise for advancing the study of HABs in the region.

2. Materials and Methods
2.1. Study Area

The Bohai Sea is a semi-enclosed inland sea of China, which covers the domain from
117◦35′ E to 122◦16′ E and from 37◦07′ N to 40◦56′ N with a total area of 77,000 km2 (shown
in Figure 1). In this study area, tidal activities and slow water flow result in relatively weak
water exchange and limited self-purification capability [50,51]. Due to the human activities
and terrestrial pollutants from the surrounding areas, nutrients accumulate in coastal areas,
together with shallow water and vertical mixing, creating favorable conditions for the
proliferation of phytoplankton and making the offshore water of the Bohai Sea subject to
frequent HABs [52]. Correspondingly, the spatial distribution of chl-a concentration in
the Bohai Sea obviously tends to decrease from the nearshore towards the open-sea area,
with a broad distribution of low-concentration areas [53,54]. Technologically, we can take
advantage of this spatial distribution characteristic to define the stratification levels used in
the CS-DINEOF algorithm.
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Figure 1. A satellite remote sensing image of the study area in the Bohai Sea region.

2.2. Data Descriptions

In this study, Geo-stationary Ocean Color Imager (GOCI) Level-2A chl-a products were
employed to evaluate the performance of the proposed algorithm. GOCI is the first ocean
color sensor at geostationary orbit in the world, covering a total area of 2500 km × 2500 km,
including the Bohai Sea. Given the high spatial resolution of 500 m and temporal resolution
of 1 h (8 h per day from UTC 0:16 to 7:16), GOCI images are well suited for large-scale and
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high-frequency ocean monitoring. The chl-a dataset used in the experiments was collected
from 1 January to 31 December 2019 within the study area, obtained from the Korea Ocean
Satellite Center (KOSC) (http://kosc.kiost.ac.kr/, accessed on 17 February 2023). It should
be noted that the Level-2A chl-a products have undergone standard processing procedures,
including the removal of invalid data due to estimation errors or thick cloud cover [55,56].
This issue inevitably leads to data loss in the chl-a dataset, which poses challenges for
continuous monitoring and analysis. Therefore, this study is motivated to develop an
approach that can effectively reconstruct those missing values in the chl-a dataset and
improve the utility of chl-a remote sensing products for HAB event monitoring.

A mask extraction task was first performed on each full-frame Level-2A chl-a image
to generate the 2019 chl-a dataset for the Bohai Sea region. The downloaded dataset
comprised 2764 images, with a resolution of 808 × 842 pixels per image and a total of
300,364 marine pixels (land pixels had already been excluded). The overall missing rate
(OMR) of the dataset is 79.09%. Temporally, the spatial missing rate (SMR) of each chl-a
image ranges from 6.87% to 100%. Notably, 1531 of these images have an SMR over 95%,
accounting for 54.8% of the entire dataset. Spatially, the temporal missing rate (TMR) at
each pixel varies from 69.36% to 100%. Among these, 20,417 pixels exhibit a TMR higher
than 95%, representing 6.80% of the marine pixels. These pixels are predominantly located
in nearshore shallow-water areas, as shown in Figure 2.
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Given that the EOF-based reconstruction algorithm has certain limitations on the
original data, images with an SMR over 95% or pixels with a TMR over 95% are unable to
provide adequate information in the spatiotemporal matrix, thus affecting the reconstruc-
tion performance [37]. Therefore, further analysis and exclusion of these highly missing
images and pixels are required. The methods for checking and processing these data will
be detailed in Section 2.3.2.

2.3. Methods
2.3.1. The DINEOF Algorithm

The principles of the DINEOF algorithm and implementation details used in this study
can be described as follows:

(1) The original dataset was stored in an m × n matrix, where m represented the number
of spatial pixels and n denoted the number of images. First, a base-10 logarithmic
transformation was applied and the spatiotemporal mean was substracted from the

http://kosc.kiost.ac.kr/
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matrix. Then, values at missing points were set to 0 (considered unbiased estimates),
and the resulting matrix was designated as X. From this, 1% of valid data were
randomly selected as the cross-validation set Xc, with the corresponding values in X
also set to 0.

(2) The Singular Value Decomposition (SVD) was performed once on X as Equation (1).
Given a mode number P, values at all missing points in X were reconstructed follow-
ing Equation (2), generating the gap-filled matrix Xre. The Root Mean Square Error
(RMSE) between the original and reconstructed values at the cross-validation set was
calculated and recorded as the iteration error R based on Equation (3):

X = USVT (1)

Xre
i,j = ∑P

t=1 at(ut)i

(
vT

t

)
j

(2)

R =

√
∑N

n=1
(

xre
n − xC

n
)2

N
(3)

where Um×n represents the spatial EOF modes, Vm×n represents the temporal EOF modes,
Sn is a diagonal matrix containing the singular values, and ut,vt, at denote the t-th column
of U, V, and S respectively, with T indicating the matrix transpose. N is the number of
cross-validation points in Xc.

The number of SVD decompositions was increased by one until the RMSE between
consecutive iterations at Xc fell below a threshold ε or the iteration number reached a
maxinum iter in order to prevent dead loops and save computational time.

(3) The procedure was repeated iteratively with P = 1, 2, . . . , kmax, and the optimal
number of EOFs, denoted as Pb, was determined when the R was at minimum.

(4) Based on the optimal EOFs Pb, the missing values were reconstructed and the gap-
filled matrix Xre was generated via procedure 2. Then, we added back the spa-
tiotemporal mean and applied an exponential transformation to obtain the final
reconstruction results.

2.3.2. The Implementation of the CS-DINEOF Algorithm

The strength of the DINEOF algorithm is the ability to utilize the inherent spatiotem-
poral consistency to extract a few modes account for the primary variations in the original
data. The generated modes are used to reconstruct a comprehensive data distribution.
Therefore, the input data for DINEOF should have clear and stable spatiotemporal pat-
terns. However, in the Bohai Sea, the chl-a concentration exhibits significant variations
in offshore areas influenced by human activities and terrestrial inputs, while it remains
relatively stable in the open sea. This indicates the variability of spatiotemporal patterns of
the chl-a concentration in the study area. The spatial distribution of the annual average
concentration of the 2019 Bohai Sea chl-a data is shown in Figure 3a. Notably, the chl-a
concentration in the Bohai Sea gradually decreases from the coastal areas to the open sea,
with a widespread distribution of low-concentration areas, which demonstrates a stratified
spatial pattern.

Additionally, in the DINEOF process, the spatial correlations among various points
are ignored when transforming a 3-dimensional dataset into the 2-dimensional matrix. To
address this limitation, we proposed a Concentration-Stratified DINEOF (CS-DINEOF)
method. This approach clusters pixels with stable spatiotemporal patterns and similar
distribution characteristics into the same stratum for reconstruction, thus enhancing the
processing of chl-a data with complex spatiotemporal features. The overall workflow of
CS-DINEOF includes four stages, as shown in Figure 4:
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Stage 1: Outlier Detection. In the GOCI Level-2A chl-a products, due to the presence
of thin mists or the boundaries of thick clouds, outliers exist in the form of speckles and
edge points with significant deviations from surrounding pixel values. Therefore, in this
stage, centrality evaluation based on the Median Absolute Deviation (MAD) [57] and edge
detection were employed to further detect and eliminate these invalid values.

For centrality evaluation, sample sets X = {x1, x2, ..., xn} were constructed using
a spatial window of 9 × 9 pixels. The MAD of X refers to the median of all absolute
deviations from the sample median. The MAD and the centrality evaluation result xcen are
calculated as in Equation (4):
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MAD = k × median(|xi − median(X)|)

xcen =

∣∣∣∣ xi − median(X)

MAD

∣∣∣∣ (4)

where k is a correction factor that makes MAD a consistent estimator of the standard
deviation σ, and is typically set at 1.4826 [58]. Following the 3σ rule, a pixel was identified
as an outlier if xcen > 3. Using median and MAD in place of mean x and standard
deviation σ offers robustness against extreme outliers, enhancing the reliability of centrality
evaluation [59].

To detect the boundaries of thick clouds, the edge detection result xedge of each pixel
xi with a valid value was determined by examining whether there were missing points
within a 3 × 3-pixel window centered around it. If any missing points were found, xedge
was set to 3; otherwise, it was set to 0. The final result of the outlier detection xresult was the
average of xcen and xedge. Pixels with xresult greater than 3 were excluded as outliers.

Stage 2: Sub-dataset Stratification. This stage embedded a coordinate–value data
division strategy, which involved defining the stratification levels for the annual average
chl-a concentration and subsequently dividing the Bohai Sea region into N subregions,
assuming that the data within each subregion would share similar spatiotemporal patterns.
Specifically, the stratification levels were determined based on two key rules: (1) preserving
the stratified spatial pattern of chl-a concentration and (2) ensuring balanced pixel numbers
across the subregions as much as possible.

Stage 3: Dataset Missing Rate Check. As mentioned in Section 2.2, images with a
high SMR and pixels with a high TMR need to be excluded for further calculations. Before
CS-DINEOF reconstruction, 3 rounds of checks were required to ensure that every sub-
dataset and data point could provide valid information: (1) Subregions’ SMR check: For
each image, the SMR of each subregion was calculated. Only images where all subregions’
SMRs were less than 95% could be retained. Since GOCI provides 8 images per day, if more
than 1 image in a day passed this check, only the image with the lowest SMR was kept.
(2) TMR check: For all images passing the SMR check, the TMR of each pixel in the time
series was calculated, and pixels with a TMR higher than 95% were excluded (values set to
NaN). (3) Subregions’ SMR recheck: This step ensured that after the exclusion of a certain
number of pixels, each image and subregion in the dataset still held valid data.

Stage 4: Stratified Reconstruction. DINEOF reconstruction was independently exe-
cuted for each sub-dataset, yielding distinct optimal EOFs and corresponding RMSEs. The
reconstructed sub-datasets were then systematically merged according to their positions in
the original dataset, generating the final output of the CS-DINEOF process.

2.3.3. Validation Methods of Reconstruction Accuracy

To assess the accuracy of the reconstruction results based on DINEOF and CS-DINEOF
algorithms, the approach described in Section 2.3.1 was employed. For each sub-dataset and
time step, 1% of valid pixels were randomly selected for cross-validation. The original chl-a
values at these points were recorded, and the values in the dataset under reconstruction
were marked as missing. The four parameters of RMSE, Mean Absolute Error (MAE),
Pearson correlation coefficient (r), and Signal-to-Noise Ratio (SNR) were used to verify the
accuracy by comparing the reconstruction results with original values at cross-validation
points. These parameters are defined as follows:

RMSE =

√
∑(Xc − Xre)2

N

MAE =
∑|Xc − Xre|

N
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r =
Cov(Xc, Xre)√

D(Xc) ∗
√

D(Xre)

SNR = 10log10

(
∑(Xre)2

∑(Xc − Xre)2

)
(5)

where Xc represents the original chl-a values of the cross-validation set, and Xre denotes
the reconstructed chl-a values. N is the number of cross-validation points.

3. Results

In this study, the 2019 chl-a dataset of the Bohai Sea region, as predefined in Section 2.2,
was processed using both the ordinary DINEOF algorithm and the proposed CS-DINEOF
algorithm. Both reconstruction algorithms were executed in a Python 3.9 software environ-
ment. The Lanczos operator was SVD decomposition, and the Pytorch 1.13 framework was
utilized to take advantage of GPU capabilities to accelerate the speed of matrix computations.

3.1. Stratification of Sub-Datasets

According to the spatial distribution of the annual average chl-a concentration (Figure 3a)
and the stratification guidelines presented in Section 2.3.2, various stratification levels were
tested to obtain the optimal sub-datasets. After different attempts, 10 stratified levels were
selected for the current experiments, as shown in Figure 3b. This selection achieved the
most spatially reasonable stratification, effectively preserving the original spatial pattern of
chl-a concentration in the study area and generating subregions with relatively balanced
pixel numbers. Table 1 provides details on the sizes and missing rates of the 10 stratified
sub-datasets.

Table 1. Statistical overview of the 10 sub-datasets stratified based on annual average concentration.

Subregion Chl-a (mg/m3) Pixels OMR (%) Subregion Chl-a (mg/m3) Pixels OMR (%)

1 0–1.3 5472 75.50 6 1.9–2.0 20,527 77.62
2 1.3–1.5 10,353 75.76 7 2.0–2.1 19,932 78.64
3 1.5–1.7 90,095 75.07 8 2.1–2.2 19,282 80.70
4 1.7–1.8 38,793 75.45 9 2.2–2.3 16,673 83.66
5 1.8–1.9 32,634 77.06 10 2.3~ 30,695 89.13

It is noteworthy that subregion 3, located in the middle of the Bohai Sea, contains more
pixels compared to other areas. This is due to the complex spatial distribution and high
variability of chl-a in this region, influenced by terrestrial inputs from multiple sources.
To preserve this intricate spatial pattern, subregion 3 was apportioned a larger number of
pixels, emphasizing its significance in the complex region. Similarly, considering the higher
OMR in coastal regions, subregion 10 was also allocated a relatively larger data volume,
aiming to ensure an adequate supply of valid data in this region with substantial data gaps,
thereby maintaining the completeness and representativeness of the sub-dataset.

3.2. Checking of Dataset Missing Rate

For 2764 original images, the SMR of each subregion was calculated first, and a total
of 795 images were selected in which the SMRs of all subregions were less than 95%.
Subsequently, only 139 images representing the lowest SMR for each distinct date were
selected to maintain a relatively consistent time interval for further analysis. Then, a TMR
check was conducted on all marine pixels, and 15,908 invalid points with a TMR over
95% were identified and marked as missing values (NaN) in all 139 images. Subsequently,
the SMR for each subregion was rechecked to ensure that the SMR of each sub-dataset in
the 139 images remained within acceptable limits.

The refined dataset, extracted from the original dataset passing all of the checks,
included 139 images and 284,456 marine pixels, with the OMR reduced from 79.79% to
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34.06% compared to the original dataset. The statistics of the dataset missing rate are
presented in Figure 5. As shown in Figure 5a, the SMR per image ranges from 6.96% to
89.42%, with the majority of SMRs lower than 50%. Figure 5b indicates that the distribution
of pixels TMR is similar to the original dataset (Figure 2), showing a gradual decrease
from the coastal water to the open sea. However, those critically missing points have
been excluded and most pixels now have TMRs below 40%, with some even lower than
20%. Figure 5c further verifies the fact that missing data in coastal areas are more severe
than those in open sea areas, but the OMRs of each sub-dataset significantly decrease. In
summary, compared to the original dataset, the missing data in the refined dataset were
effectively restricted in both spatial and temporal dimensions.
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Notably, the number of images was reduced to 139, representing distinct dates. This
reduction was considered acceptable when compared to the valid image numbers for each
hour in the original dataset, which ranged from 110 to 184, as shown in Table 2.

Table 2. Statistics of data availability for data of each hour in 2019 chl-a original dataset.

Imaging Time Original Images Original Pixels Valid Images Valid Pixels

00:16 352 300,364 110 274,988
01:16 350 300,364 164 279,265
02:16 342 300,364 174 279,941
03:16 329 300,364 166 280,676
04:16 343 300,364 182 280,889
05:16 350 300,364 184 281,267
06:16 348 300,364 169 280,623
07:16 350 300,364 114 277,032

3.3. Validation and Evaluation of Reconstruction Results

Both overall reconstrution using the ordinary DINEOF algorithm and stratified recon-
struction employing the CS-DINEOF algorithm were performed on the refined 2019 chl-a
dataset of the Bohai Sea region. Specifically, the algorithm was configured as follows: the
maximum number of EOFs kmax was set to 20, the iterative convergence threshold was
established at ε = 1.0 × 10−3, and the maximum iteration steps iter was set to 300.

As defined in Section 2.3.3, RMSE, r, SNR and MAE were used to evaluate the re-
construction accuracy between the reconstructed values and the original values at cross-
validation points. Table 3 summarizes the reconstruction performances across four vali-
dation parameters. Compared to the ordinary DINEOF algorithm, the CS-DINEOF algo-
rithm successfully reduced the RMSE and MAE from 0.2562 mg/m3 and 0.1769 mg/m3

to 0.2281 mg/m3 and 0.1020 mg/m3, respectively. Simultaneously, r and SNR increased
from 0.8910 and 15.0174 to 0.9606 and 18.0380, respectively. These results indicate that the
proposed CS-DINEOF algorithm could significantly enhance the reconstruction accuracy.
On the other hand, we note that there was a relatively modest improvement in RMSE,
compared with the more significant improvements in the other three parameters. This issue
comes from the high sensitivity of RMSE to large biases in the reconstruction of potential
extreme values or outliers within the dataset.

Table 3. The results of chl-a reconstruction on the refined dataset using the ordinary Data In-
terpolating Empirical Orthogonal Function (DINEOF) and the Concentration-Stratified DINEOF
(CS-DINEOF) methods.

RMSE (mg/m3) MAE (mg/m3) r SNR CT (s)

DINEOF 0.2562 0.1769 0.8910 15.0174 1770.8
CS-DINEOF 0.2281 0.1020 0.9606 18.0380 538.4

With regard to computational time (CT), the experiments demonstrate the CS-DINEOF
method has a substantial advantage over the ordinary DINEOF algorithm. Because of the
stratification process, the size of each sub-dataset is markedly reduced, resulting in acceler-
ated matrix computation. With the same aforementioned computational configurations,
the CT of the CS-DINEOF method is approximately 228.9% faster than that of the ordinary
DINEOF method, greatly enhancing the reconstruction efficiency.

Figure 6 presents four examples of chl-a images with gaps (indicated by black spaces)
on 15 February, 26 April, 22 September, and November 28 in 2019, covering four days
from different seasons, with SMRs of 78.47%, 31.66%, 18.98%, and 53.46%, respectively.
Figures 7–10 show the reconstructed results using the DINEOF and CS-DINEOF methods,
along with zoomed-in views of local details. As shown in Figures 7a,b, 8a,b, 9a,b and 10a,b
for data from different seasons with varying missing rates, both DINEOF and CS-DINEOF
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methods could fill the gaps in chl-a images with reasonable values and thus capture the
comprehensive distribution of chl-a in the Bohai Sea region (except for the invalid points in
coastal areas where the missing-data rate exceeds acceptable limits).
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2019. Specific local area is marked with red box in (a,b), and the corresponding zoomed-in views are
presented in panels (c,d).
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Figure 9. The reconstruction results using (a) ordinary DINEOF and (b) CS-DINEOF on 22 September
2019. Specific local area is marked with red box in (a,b), and the corresponding zoomed-in views are
shown in panels (c,d).
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Figure 10. The reconstruction results using (a) ordinary DINEOF and (b) CS-DINEOF on 28 November
2019. Specific local area is marked with red box in (a,b), and the corresponding zoomed-in views are
shown in panels (c,d).

Figures 7c,d, 8c,d, 9c,d and 10c,d offer zoomed-in views of specific local areas marked
with red frames in Figures 7a,b, 8a,b, 9a,b and 10a,b. Compared to the ordinary DINEOF
method, the reconstructed results of the CS-DINEOF method not only reveal more local
details (Figure 7c,d) but also exhibit smoother transitions (Figure 8c,d) and higher spatial
coherence (Figures 9c,d and 10c,d) of chl-a distribution. These comparisons demonstrate
the natural advantage of the stratified reconstruction strategy employed in the CS-DINEOF
algorithm. This strategy enhanced the ability to capture detailed local features while main-
taining spatial coherence during the reconstruction, thus making the proposed CS-DINEOF
method particularly suitable for handling chl-a data with complex spatial distributions.

As for quantitative evaluations, Figure 11 provides density scatterplots of the original
and reconstructed values by the CS-DINEOF method at cross-validation points across four
example data. Relevant statistical parameters, including the number of validation points
(N) and the RMSE for each single image, are also annotated in the plots. Most data points
are close to the 1:1 line, indicating the high consistency between the reconstructed values
by CS-DINEOF and the original values at these artificially set missing points. Additionally,
the low RMSEs further confirm the minimal deviations between the reconstructed values
and the original data. Therefore, these results illustrate the high reliability and accuracy of
the CS-DINEOF method in reconstructing chl-a data in the Bohai Sea region.



Appl. Sci. 2024, 14, 2803 14 of 19
Appl. Sci. 2024, 14, x FOR PEER REVIEW 15 of 20 
 

 
Figure 11. Density scatterplots of original and reconstructed chl-a values by the CS-DINEOF method 
at cross-validation points on (a) 15 February, (b) 26 April, (c) 22 September, and (d) 28 November in 
2019. 

4. Discussion 
4.1. Performance on Different Data SMRs 

The experiments presented in Section 3.3 compared the ordinary DINEOF and the 
proposed CS-DINEOF methods, demonstrating that the overall reconstruction results of 
the CS-DINEOF method were superior to the DINEOF method. However, the impact of 
the data missing rate on reconstruction results should also be considered. In 
spatiotemporal datasets, the information required for reconstructing the missing value at 
a specific point is derived from data at the same location but in other images (considered 
as temporal modes) and from data in non-missing areas within the same images (spatial 
modes). As the missing rate increases, the decline in the volume of valid data diminishes 
the reliability of relevant information. Consequently, these spatial and temporal modes 
no longer dominate the variance contribution in reconstruction. Instead, missing values 
are approximated from the mean value or other secondary modes, thereby reducing the 
accuracy of the reconstruction. 

To further investigate the optimization effect of the CS-DINEOF method under 
different missing conditions, the SMR and the RMSE between the original and 
reconstructed values at cross-validation points were calculated for each image in the 
dataset. As shown in Figure 12, although the RMSE trends of both the CS-DINEOF and 
ordinary DINEOF methods were similar across different SMRs, the CS-DINEOF method 
consistently obtained lower reconstruction errors in almost all cases, with an average 
reduction of 0.0281 mg/m3. Hence, it is evident that the CS-DINEOF method can achieve 
superior reconstruction performance over the DINEOF method under different missing 
conditions. 

Figure 11. Density scatterplots of original and reconstructed chl-a values by the CS-DINEOF method
at cross-validation points on (a) 15 February, (b) 26 April, (c) 22 September, and (d) 28 November
in 2019.

4. Discussion
4.1. Performance on Different Data SMRs

The experiments presented in Section 3.3 compared the ordinary DINEOF and the
proposed CS-DINEOF methods, demonstrating that the overall reconstruction results of
the CS-DINEOF method were superior to the DINEOF method. However, the impact of the
data missing rate on reconstruction results should also be considered. In spatiotemporal
datasets, the information required for reconstructing the missing value at a specific point is
derived from data at the same location but in other images (considered as temporal modes)
and from data in non-missing areas within the same images (spatial modes). As the missing
rate increases, the decline in the volume of valid data diminishes the reliability of relevant
information. Consequently, these spatial and temporal modes no longer dominate the
variance contribution in reconstruction. Instead, missing values are approximated from the
mean value or other secondary modes, thereby reducing the accuracy of the reconstruction.

To further investigate the optimization effect of the CS-DINEOF method under dif-
ferent missing conditions, the SMR and the RMSE between the original and reconstructed
values at cross-validation points were calculated for each image in the dataset. As shown
in Figure 12, although the RMSE trends of both the CS-DINEOF and ordinary DINEOF
methods were similar across different SMRs, the CS-DINEOF method consistently obtained
lower reconstruction errors in almost all cases, with an average reduction of 0.0281 mg/m3.
Hence, it is evident that the CS-DINEOF method can achieve superior reconstruction
performance over the DINEOF method under different missing conditions.
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4.2. Performance on Different Sub-Datasets

In proposing the improvement approach of CS-DINEOF, we assumed that data within
subregions stratified based on annual average concentration would have similar spatiotem-
poral patterns. Based on this assumption, stratified reconstruction was performed, resulting
in improved accuracy and efficiency compared to the ordinary DINEOF method. To as-
sess the performance of the proposed algorithm across different sub-datasets, we carried
out a stratified comparison of reconstruction results, calculating the RMSE for each sub-
dataset reconstructed by both DINEOF and CS-DINEOF methods. The results, as shown in
Figure 13, demonstrate that the stratified reconstruction strategy of CS-DINEOF improved
the accuracy in each sub-dataset. Notably, the most substantial improvement was observed
in subregion 10, suggesting that the CS-DINEOF method is more effective than DINEOF in
reconstructing missing chl-a data in the coastal areas of the Bohai Sea. The reason is that the
spatiotemporal patterns of chl-a in coastal areas are different from those in open-sea regions,
and the CS-DINEOF method can enhance the stability of spatiotemporal patterns within
stratified clusters by independently reconstructing data within each subregion, thereby
significantly improving reconstruction accuracy in these regions.
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Further analysis was conducted to explore how the proposed CS-DINEOF algorithm
achieves the enhancement of reconstruction accuracy for each sub-dataset. Table 4 presents
the sub-dataset reconstruction results from the CS-DINEOF experiments. In contrast to
the ordinary DINEOF, which relies on fixed optimal EOF modes to reconstruct the whole
dataset, the CS-DINEOF method determines the best EOF modes for each sub-dataset.
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This allows every subregion to be reconstructed with the most appropriate spatiotemporal
modes, thereby achieving better reconstruction accuracy. Moreover, most sub-datasets
have a relatively small number of optimal modes with high variance contribution rates
(VCRs). This suggests that the internal spatiotemporal correlations in these sub-datasets are
robust, so that most of the original information in the dataset can be effectively captured
with fewer modes. Therefore, stratification based on annual average concentration can be
recognized as a straightforward and effective strategy that makes full use of the inherent
spatiotemporal distribution characteristics of the chl-a data.

Table 4. Sub-dataset reconstruction results generated from the CS-DINEOF experiments.

Subregion EOFs RMSE (mg/m3) VCR (%) CT (s)

1 4 0.2315 92.28 18.8
2 6 0.1888 90.06 17.5
3 7 0.2171 87.42 206.6
4 8 0.2475 86.33 91.1
5 10 0.2183 87.02 57.5
6 9 0.2249 82.60 24.1
7 13 0.2224 84.30 21.9
8 9 0.2382 79.98 23.1
9 4 0.2484 67.02 23.0
10 7 0.2684 79.20 54.8

Finally, the total calculation time for stratified reconstruction was greatly reduced,
thereby markedly improving the computational efficiency. In practical applications, given
the independence of each sub-dataset, parallel reconstruction using multi-threading can
further save the data processing time, therefore making the CS-DINEOF method par-
ticularly well-suited for the reconstruction of high-resolution and large-scale remote
sensing datasets.

4.3. Applicability of the Improved Algorithm

Although the proposed CS-DINEOF was exclusively developed for the reconstruc-
tion of chl-a concentration in the Bohai Sea region, due to the intuitive nature of the
concentration-stratified approach, it can be customized or adapted to any coastal area and
open-sea applications.

However, there are limitations to the CS-DINEOF approach. In terms of data quality
control, all sub-datasets are required to meet specific SMR limitations. This introduces
stricter data-checking rules, resulting in a reduction in the overall data volume, particularly
in the number of valid images. In fact, the refined dataset, obtained by the CS-DINEOF qual-
ity control procedure, represents the highest-quality data in the original dataset. Stratified
reconstruction applied to this refined dataset achieves high-precision and high-efficiency
reconstruction, but with relatively diminished temporal continuity. If enhanced temporal
continuity is required for better monitoring the continuous changes in practical applications,
it is feasible to implement the ordinary DINEOF on other data in the dataset that do not
meet the SMR limitation for sub-datasets but have an acceptable OMR. By incorporating
the DINEOF reconstruction results into the high-quality CS-DINEOF results, it can further
enhance the overall spatiotemporal continuity and practical application value of the final
gap-free datasets.

5. Conclusions

In this study, an improved DINEOF algorithm, termed Concentration-Stratified DI-
NEOF, was developed to specifically address the challenges of high resolution, large data
volume, and uneven spatiotemporal distribution of chl-a concentration in the Bohai Sea
region. This method employed a coordinate–value correlative data division strategy, which
stratified the Bohai Sea region into 10 subregions based on the annual average concen-
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tration of chl-a, in order to cluster points with stable spatiotemporal patterns and similar
distribution characteristics into separate sub-datasets. Outlier detection and missing rate
checks were performed in each sub-dataset for data quality control. In the reconstruction
process, rather than relying on a fixed optimal EOF mode for the whole dataset, each
sub-dataset was individually reconstructed using its respective optimal EOF mode, gen-
erating separate reconstruction results which were then merged to form a complete and
final reconstructed image. The proposed CS-DINEOF method was successfully applied
to reconstruct the 2019 GOCI Level-2A chl-a products of the Bohai Sea region. Compared
to the ordinary DINEOF method, CS-DINEOF achieved a higher reconstruction accuracy,
with notable improvements in all four validation parameters (RMSE, MAE, r, and SNR).
Additionally, by reducing the volume of data in each sub-dataset via stratification, CS-
DINEOF significantly enhanced the reconstruction efficiency, improving computational
efficiency by approximately 228.9% under the same configuration. Although incorporating
strict data quality control steps into CS-DINEOF would lead to a substantial reduction in
data volume, particularly in the number of valid images, and the algorithm’s sensitivity to
extreme values somewhat limited RMSE improvement, further comparative analysis and
discussions demonstrated that CS-DINEOF outperformed the ordinary DINEOF method
across different missing conditions and sub-datasets. This illustrates that although the strat-
ification based on annual average concentration only represents a simple data distribution
pattern, it can effectively utilize the inherent spatiotemporal correlations within the original
data to enhance reconstruction performance. The experiments conducted in this paper
suggest that CS-DINEOF-based remote sensing image reconstruction can not only provide
smoother transitions and higher spatial correlation but also reveal more local details, which
are significantly valuable for supporting research on water quality and HABs in the Bohai
Sea region.
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