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ARTICLE INFO ABSTRACT

Keywords: Human activities in the ocean have never been chronically and continuously investigated on a large scale. Night-

Ocean time light (NTL) images collected by the Defense Meteorological Satellite Program/Operational Linescan System

DMSP/OLS average image (DMSP/OLS) have been used as a proxy for monitoring the distribution and intensity of some human activities in

R,andom F orest the ocean from 1992 to 2013. However, systematic radiometric biases exist among the average visible-light

Time series . . . . . -

Intercalibration DMSP/OLS NTL images (DMSP,yg) derived from different satellites. Moreover, the high randomness of fishing
vessel locations and the large amount of noise impede the intercalibration of DMSP,yg. To address these issues,
this study has developed a method for generating a series of consistent NTL images from 1992 to 2013 for a large-
scale oceanic area. A composite image was first constructed by combining the original DMSP,yg, median, and
standard deviation filter images derived from the DMSP,yg, and a bathymetry image. Thereafter, Random Forest
(RF) algorithm was employed to classify the composite image into effective and noisy pixels. Finally, a stepwise
intercalibration method was adopted to reduce the systematic radiometric biases in the denoised images. The
experimental results showed that RF had an overall accuracy of 96% and a Kappa coefficient of 0.775.
Furthermore, the intercalibration was shown to significantly reduce the systematic radiometric biases owing to
the noises being effectively discarded by the RF. Specifically, the Sum Normalized Different Index (SNDI) of the
images intercalibrated by the proposed method can reach 0.61, which is 68.2% less than that of the original
DMSP,y,. In addition, the correlation coefficients between the intercalibrated DMSP,y¢ and fishery catches in the
exclusive economic zones (EEZs) of Japan and Malaysia can reach 0.949 and 0.901, respectively, which are
higher than other values, such as the one intercalibrated using the Pseudo-Invariant Features (PIFs) method. In
summary, the proposed method has been proven to be effective and feasible for generating consistent time-series
NTL data for a large-scale oceanic area, and the derived Total Light Index (TLI) is an effective indicator of ocean
fishery activities for ocean ecosystem research and related applications.

1. Introduction fishery resources have declined dramatically in some regions (Rodhouse
et al., 2001). Therefore, for sustainable development and conservation
of marine resources, it is crucial to monitor human activities in marine

areas.

More than 95% of the oceans are currently exposed to numerous
local stressors caused by human activities (Gissi et al., 2021). The

stressors include maritime vessels, overfishing activities, oil pollution
from offshore wells, and construction of seaports. These stressors
adversely impact marine resources (Chen et al., 2018; Jenssen 1996;
Robards et al., 2016). For example, overfishing is considered the main
reason for the reduction in global fishery resources and it is agreed that
production has reached its limits (Derrick et al., 2017). Moreover,

Some mandatory vessel communication and navigational safety
systems, such as the Automatic Identification System (AIS) and Vessel
Monitoring Systems (VMS), have been adopted to monitor maritime
vessels to enable research on the conservation of marine resources
(Robards et al., 2016). However, these systems are not satisfactory for
monitoring human activities in large areas of the oceans, because the
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Fig. 1. Schematic diagram of the illuminated pixel comparison between the DMSP,,; and DMSPy;. DMSP,y: DMSP/OLS stable light image; DMSP,,: DMSP/OLS

average visible light image.

heterogeneous data from these systems are neither publicly available
nor do they cover the global scope (Kroodsma et al., 2018). Moreover,
these systems can artificially turn off or tend to produce fake positioning
information to avoid administration management. Therefore, the data
recorded by these systems may not be comprehensive. Moreover, some
countries do not use monitoring systems; for example, the Philippines
did not require domestic fishing vessels to use the VMS system before
2018.

In contrast to the data recorded by electronic vessel monitoring
systems, Night-time light (NTL) remote sensing images can provide a
synoptic view of human activity for monitoring in both regulated and
unregulated areas, that is, satellite imagery is not restricted by political
boundaries. Two types of major NTL images are used for human activity
research. One type is provided by the Defense Meteorological Satellite
Program (DMSP)/Operational Linescan System (OLS). The DMSP/OLS
satellite was designed to capture faint moonlight reflected from clouds
at night for meteorological applications. Meanwhile, scientists have
discovered that DMSP/OLS can also record the light emitted by urban
human activities covering large areas at a low cost (Elvidge et al., 1997;
Liet al,, 2016; Li et al., 2017a; Shi et al., 2016). The other type is pro-
vided by the Suomi National Polar Partnership (SNPP) satellite-Visible
Infrared Imaging Radiometer Suite (VIIRS). When compared with the
DMSP/OLS images, SNPP-VIIRS images are calibrated in-flight with a
higher spatial resolution and lower detection limits (Elvidge et al.,
2013). The superior SNPP-VIIRS NTL images were effective in detecting
fishing vessels and constructing time-series assessments (Elvidge et al.,
2018; Elvidge et al., 2015; Ruiz et al., 2020), but most studies based on
SNPP-VIIRS covered only a small or middle ocean area. However, as the
SNPP satellite was launched in 2011, earlier research data is not avail-
able. For this reason, DMSP/OLS NTL images, which span a long time
from 1992 to 2013, are crucial for ocean human activity research. For
example, studies on live coral cover from 2004 to 2015 around Weizhou
Island and the corresponding remote-sensed environmental parameters,

Huang et al., (2019) concluded that eutrophication of seawater induced
by human-activity may be the main cause of the degradation of live coral
cover around Weizhou Island.

Except for the DMSP/OLS-NTL-image-based research on the national
socioeconomic and urbanization (Cheng et al., 2016; Jin et al., 2017; Shi
etal., 2016; Shi et al., 2017), DMSP/OLS NTL images can also be used to
indicate human activities associated with oceanic areas, such as fishing
vessels, offshore wells, and seaports (Aubrecht et al., 2008; Lu et al.,
2020; Waluda et al., 2004). As early as 1978, some scholars studied the
production activities of Japanese fishing boats catching squid based on
single-pass DMSP/OLS NTL images (Croft 1978). Maxwell et al. (2004)
conducted aerial surveys to obtain the number of squid fishing vessels on
the water surface. Thereafter, a regression model was established be-
tween the number of vessels and the number of detected light pixels.
Waluda et al. (2004) constructed a regression model for illuminated
pixels in DMSP/OLS images and they elucidated the number of vessels
derived from ARGOS data in Peruvian waters. The results showed that
the estimated number of fishing vessels was correct at 83% within + 2
vessels for 130 single-pass DMSP images from 1999. Moreover, DMSP/
OLS images can also be used to survey offshore petroleum facilities
(Elvidge et al., 2009). In summary, DMSP NTL images have great po-
tential for use in studying the impacts of human activities on marine
ecosystems.

However, at present, the widely used single-pass DMSP/OLS NTL
images used in previous research for monitoring fishing vessels on the
ocean surface are not publicly available (Cheng et al., 2017; Kiyofuji and
Saitoh 2004; Waluda et al., 2008; Waluda et al., 2011; Waluda et al.,
2004). Instead, annual DMSP/OLS version-4 time-series products were
published to replace early products (Cheng et al., 2017). More seriously,
inconsistencies caused by systematic radiometric biases existed in the
annual time-series images, as there were subtle differences in perfor-
mance among the multiple satellites. Moreover, on-board calibration
and gain parameters of DMSP/OLS satellites are lacking (Pandey et al.,
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Fig. 2. Overview of study area: the study area is marked using the red rectangle, and the boundary of FAO MFAs is marked using the medium-grey lines. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

2017). As a result, few studies have focused on the impacts of direct
human activities, such as the effect of fishing vessels, on changes in
marine ecosystems. For example, some researchers have analyzed the
influence of other factors on the degradation of coral reefs, such as
global warming (Liu et al., 2020a; Liu et al., 2020b), atmospheric ni-
trogen deposition (Chen et al., 2019), and human-activity-induced
water eutrophication (D’Angelo and Wiedenmann 2014; Li et al.,
2017b); however, detailed discussions of the impact of direct human
activities on coral reef degradation have rarely been reported. In other
words, DMSP/OLS NTL images cannot be utilized to quantitatively
monitor changes in human activities unless they are calibrated (Pandey
et al., 2017).

Intercalibration has generally been employed to reduce inconsis-
tency. The Pseudo-Invariant Features (PIFs) method has been widely
applied to the intercalibration of DMSP/OLS annual time series images
for urban study (Elvidge et al., 2011; Zhang et al., 2016). The PIFs
paradigm assumes that the NTL intensity is stable, and the NTL changes
are only induced by systematic biases in the pseudo-invariant region.
Thus, all the images pending calibrating can then be calibrated to the
reference image using an empirical model, where the parameters of the
model are commonly estimated using the pseudo-invariant regions. For
example, Wu et al. (2013) in their study selected Mauritius, Puerto Rico,
and Okinawa as pseudo-invariant regions, and intercalibration was
performed using a power function model. However, because of the high
randomness of fishing vessels in terms of number and location, it is
unreasonable to assume a stable region in the ocean area.

The Version-4 DMSP/OLS product collection includes three sub-
types of images: cloud-free, average visible light (DMSP,y), and stable
light images (DMSPg). DMSPg; which excludes sunlit, moonlit, cloudy
impact, and major noise pixels, has been widely used in urban areas (Li
and Zhou 2017; Liu et al., 2016; Liu et al., 2012; Pandey et al., 2017;
Zhang et al., 2016). However, many of the illuminated pixels caused by
human activities in the ocean were also excluded from DMSPy,, as
shown in Fig. 1. Therefore, in this study, DMSP,y; was selected to
generate consistent NTL images. Because post-compositing filtering has
not been performed, a large amount of noise exists in the DMSP,yq.
However, the DN values of the non-noise pixels on the ocean are small

and very close to those of the noise pixels, where the DN values of the
noise pixels generally fluctuated in the range of 1 to 7.

Consequently, the objectives of this study are to reduce the incon-
sistency caused by the systematic radiometric biases and then build
consistent time series NTL images from DMSP,y; for large-scale ocean
areas during the period 1992-2013. The main idea is to combine a
Random Forest (RF) algorithm with a stepwise intercalibration
approach. The advantage is that the noise of the DMSP,y; and the im-
pacts of the highly random fishing vessel number and locations can be
efficiently weakened during intercalibration. In addition, the discussion
on the correlation between TLIs and fishery catches not only provides a
supplement to confirm the effectiveness of the proposed method, but it
also implies that the TLIs can be used as an effective indicator of fishery
activities for ocean ecosystem research and for various applications in
the future.

2. Material and methods
2.1. Study area and datasets

DMSP,yy was downloaded from the National Oceanic and Atmo-
spheric Administration (NOAA) National Geophysical Data Center
(NGDC) (https://www.ngdc.noaa.gov/eog/download.html). It has a
radiometric resolution of 6 bits, that is, the DN values range from 0 (no
lighting) to 63 (highest lighting). The spatial resolution is 30 arc seconds
(about 1-km spatial resolution at the equator). As shown in Table A1, the
data was acquired by using six different satellites spanned from 1992 to
2013: F10, F12, F14, F15, F16, and F18. The quality of DMSP,y,; de-
creases as latitude increases (Wu et al., 2013). To avoid the impacts of
high latitude area distortion and abnormally high DN-value pixels, the
research boundary was established by using the data from the Food and
Agriculture Organization of the United Nations (FAO) Major Fishing
Areas (MFAs). Specifically, the research area covered the area between
—180° to 180° longitude and —55° to 50° latitude, as shown in Fig. 2.
Pixels in inland and pole regions were excluded. The FAO MFAs dataset
was downloaded from Geolnfo (https://www.fao.org/fishery/area/s
earch/en). The dataset used was determined in consultation with
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Fig. 3. Framework of the proposed method.

international fishery agencies on various considerations, such as the
boundary of natural regions and the natural divisions of the seas.
Exclusive Economic Zones (EEZs) were selected to conduct the as-
sessments. These EEZs include China (CHN), Indonesia (IDN), Japan
(JPN), Malaysia (MYS), Thailand (THA), Vietnam (VNM), Peru (PUR),
United States (USA), and Argentina (ARG). The boundaries of the EEZs
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were provided by the Maritime Boundaries Geodatabase, downloaded
from the Marineregions website (https://www.marineregions.
org/sources.php#marbound).

As bathymetry was considered a factor for the formation of a marine
fishing area (Ruiz et al., 2020), bathymetric data were also considered as
a feature to identify the noise. Bathymetry data were provided by the
General Bathymetric Chart of the Oceans (GEBCO). The GEBCO_2014
version data with a 30" spatial resolution was used (https://www.
gebco.net/data_and_products/historical data_sets/#gebco_2014).

Fishery catch data (1950-2016) were used as auxiliary data to
highlight the significance of this study in regards to fishery management
and assessment. The data can be downloaded from the research initia-
tive, Sea Around Us (https://www.seaaroundus.org/simple-site.ph
p#/eez). The data are regarded as an accurate measure for marine
fisheries at the country level (Golden et al., 2016).

The intercalibration coefficients derived from the PIFs method pro-
posed by Elvidge et al. (2014) were also used to intercalibrate the
denoised images. The purpose was to compare the proposed method
with the PIFs method.

2.2. Methods

The proposed method consisted of two parts. First, Random Forest
(RF) algorithm was applied to identify the effective pixels. Second, the
inconsistency of the denoised images is reduced using a stepwise inter-
calibration approach. Here, effective pixels are defined as pixels in the
DMSP,y, that can record the light emitted by marine human activities.
The main source of light is fishing activity. The light emitted from
offshore oil, gas wells, and coastal cities was also included. Fig. 3 il-
lustrates the details of the proposed methodology.

2.2.1. Random forest denoising

As the radiance of the light emitted from fishing vessels is weaker
than that of city lights, the DN values of the effective pixels in marine
areas are usually lower than those in city areas. The DN values of the

Median DMSP/OLS Average STD DMSP/OLS
image 8 x 8 | DMSP/OLS image | 16 x 16 image
window window
Composite DMSP/OLS image [¢=—====== Bathymetric image

Fig. 4. Construction of a composite image for distinguishing the effective and the noisy pixels.
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Table 1
List of the reference and intercalibrated images for each step in the approach
used in this study.

Step Reference images Intercalibrated images
1 F12-1994 F10-1992 ~ 1994

2 F12-1997 ~ 1999 F14-1997 ~ 2003

3 F14-2003 F15-2003 ~ 2007

4 F15-2004 ~ 2007 F16-2004 ~ 2009

5 F18-2011 F18-2010

6 F16-2009 F18-2010 ~ 2013

effective pixels are typically close to those of the noise pixels. What is
worse, as there are nearly no human activities in many ocean areas far
from inland, most of the pixels in such areas are noisy.

For studies on the NTL in urban areas, the saturation and diffusion
effects in DMSP/OLS images are usually considered as data defects,
which limit the application potential of the NTL data (Zhao et al.,
2019a). However, for oceanic areas, as most of the light is emitted by
fishing boats, such relatively low radiance makes most of the pixels
unsaturated. Conversely, as diffusion effects, an NTL image is usually
shown as clustered round spots with high DN values of central pixels and
low DN values of surrounding pixels (Zhao et al., 2019a).

Meanwhile, it is important to consider that there is no diffusion effect
for the noise pixels, that is, the noise usually presents the characteristics
of a large-scale and discrete distribution. In addition, the DN values of
the noise pixels increased slightly across the high-cloud coverage and
high-latitude sea areas.

When considering such differences between the light emitted by
human activities in the ocean and noise, a Median Filter Image (MFI)
and a Standard Deviation Image (STDI) were utilized to extract the light
targets. In other words, to make full use of the differences, a median
filter was used to filter the noise, and a variance filter was used to
enhance the edge of the light target.

In addition, as bathymetry was considered a factor for the formation
of a marine fishing area (Ruiz et al., 2020), bathymetric data were also
adopted as a feature to distinguish between effective pixels and noise.

In summary, DMSP,y; was combined with the corresponding MFI,
STDI, and the bathymetry to make a composite image, as shown in
Fig. 4.

Thereafter, the Random Forest (RF) algorithm proposed by Breiman
(2001) was applied to the composite image to identify the effective
pixels and noise. The RF algorithm uses bootstrap aggregation to inte-
grate multiple decision trees, and the classification derives from the
majority vote of all individual trees (Hu et al., 2022). The reasons why
RF was used are as follows: 1) RF does not require an implicit assump-
tion on data distribution, and it is capable of accommodating different
types and scales of input data (Puttanapong et al., 2022); 2) Feature
importance can be easily estimated by using Mean Decrease Accuracy
(MDA) or Mean Decrease Gini (MDG) (Hu et al., 2022), which helps to
illustrate the necessity of each of the features for the classification; 3) RF
has been applied to geospatial data and yielded a high prediction per-
formance (Hu et al., 2022; Jin et al., 2014; Kedia et al., 2021; Putta-
napong et al., 2022; Tian et al., 2022; Zhao et al., 2019b).

Furthermore, the RF is easy to handle as the major hyperparameters
can conveniently be set as follows (Hu et al., 2022; Stefanski et al.,
2013): 1) the number of features was set to 2, that is, the square root of
the feature number in the composite image; 2) the number of trees was
set to 10, where the out-of-bag (OOB) error rate began to become almost
stable and was approximate to the minimum (Fig. A1). As shown in
Fig. A1, the OOB error curve do not exist an apparent minimum as it was
seen to be monotonically decreasing with the increase of the number of
trees. For this reason, such tree number selection can limit the number of
trees to being too large. This is able to reduce the probability of the RF
overfitting.

The training and validation pixels of the RF were manually selected
using visual interpretation, as illustrated in Fig. 5. The rules are as fol-
lows: 1) the noise pixels were mostly selected from the areas that are far
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away from traditional fishing operation and coastal zones; 2) some
pixels in high-latitude ocean areas were also selected as noise pixels; 3)
some of the prominent bright pixels in the nearshore and traditional
fishery areas were selected as the effective pixels; 4) the training pixels
and the validation pixels were selected as evenly as possible.

To dissolve the overfitting problem, the training set and the testing
set were selected separately and were ensured to be nonoverlapping.
Specifically, the proportion between the size of the training data and
that of the testing one was controlled to around 8:2 as possible, and the
numbers of the training and testing pixels were controlled to no less than
300, 000 and 75, 000 pixels respectively.2 Furthermore, during the
training approach, about 37% of training data was not picked during the
sampling procedure and thus was not used to train the model. Such data
are known as OOB data, and error rates estimated by using the OOB data
are called OOB error rates (Hu et al., 2022; Stefanski et al., 2013). As
described previously, OOB error rates were utilized to determine tree
number of the RF, where the probability of overfitting was reduced by
limiting the number of trees to being too large.

To determine the window sizes for the calculations of MFIs and
STDIs, F10-1992, F12-1996, F14-2001, F15-2002, F16-2005, and F18-
2010 were used as sample images. Thereafter, different window sizes
were traversed to calculate the MFIs and STDIs to construct the different
composite images. RF was then applied to these composite images to
classify the noise and effective pixels. Consequently, the averages of the
Kappa values for the sample images were estimated. The window size
corresponding to the maximum of the average Kappa values was then
selected to calculate the MFIs and STDIs for all images.

2.2.2. Stepwise intercalibration
Owing to the high randomness of the fishing vessel locations, it was
difficult to apply the PIFs method to conduct the intercalibration.

2 As the training set and the testing set were selected separately, the pro-
portion between the size of training data and that of testing one is difficult to
exactly control to 8:2.

However, there were several fishing boat positions that remain un-
changed for a short period when they were fishing and emitting light.
For example, Guo et al., (2017) proved that most of the fishing boat
positions in the SNPP-VIIRS NTL image can match the VMS data within
4 h. To sufficiently utilize this situation, a stepwise intercalibration
approach, referring to Li and Zhou (2017), was applied to reduce the
radiometric biases of the denoised images. In the approach of Li and
Zhou (2017), F12 images were utilized as reference images because the
pattern of TLI derived from F12 had a stable upward trajectory. Simi-
larly, F12 images were also selected as reference images in this study, as
shown in Table. 1, the intercalibration steps are different though, as
follows:

1) Instead of non-intercalibration between F10 and F12, F10
(1992-1994) was calibrated using F12-1994 as the reference image.
This was because the inconsistencies between F10 and F12 were
much more serious in nature in the ocean area than in the inland
area.

Instead of combining PIFs with stepwise intercalibration, F16
(2004-2009) was intercalibrated directly by referencing the inter-
calibrated F15 (2004-2007). One reason is that the inconsistencies
between F15-2007 and F16-2007 in the ocean area were much
smaller than those in inland areas. Another reason is that the PIFs
method is unreasonable in ocean areas.

F18-2010 was calibrated by referencing F18-2011 before F18
(2010-2013) was calibrated by referencing F16-2009. This is
because F18-2010 had an extremely high TLI, whereas F18-2011 had
a more reasonable trajectory.

2)

3

—

Many functions, such as linear, quadratic, cubic, power, and expo-
nential, have been applied to establish an intercalibration model be-
tween the pending and reference images (Li et al., 2017a; Li and Zhou
2017; Pandey et al., 2017; Wu et al., 2013; Zhao et al., 2019a). In this
study, linear, quadratic, cubic, power, and exponential functions were
selected as candidate pending functions.



R. Huang et al. International Journal of Applied Earth Observation and Geoinformation 114 (2022) 103023
10
9 I 0.7367 0.73805 0.74604 0.73907
8 0.75638 0.7472 0.7591 Average Kappa Value
Q
S TE  ofados 0.74435 0.75954 0.75337 O o
B
,_8 6 - 0.76603 0.76267 10.76803 Q 0.750
=]
= 5t 0.74035 0.76461 0.76681 0.76504 Q
—_ 0.763
8 4t 0.77569 0.77244 0.77522
N _
3F 0.75023 0.76588 0.76245 0.75295
0.776
2 F 0.76436 0.76349 0.76553
1 1 1 | 1 | | 1 |
2 3 4 5 6 7 8 9 10

MFI Window Size

Fig. 7. Average Kappa values of the RF denoises for F10-1992, F12-1996, F14-2001, F15-2002, F16-2005, and F18-2010 images corresponding to the different

window sizes for the MFI and the STDI calculations.

DN, =a x DN, +b (¢))
DN, = ¢ X DN; +d x DN, +f 2
DN, =g x DN +h x DN>+i X DN, +j 3)
DNL.:k><DN]lJ+m @
DN, = n x PPV (5)

where DN, is the DN value of the pending image; DN, is the corre-
sponding DN value of the intercalibrated image; a, b, ¢, d, f, g h, i, j, k, [,
m, n, and q are the unknown coefficients of the functions.

To select the best-fitting function from all the candidate pending
functions, the study area was divided into several sub-regions using FAO
MFAs, as shown in Fig. 6. Some of the subregions were randomly
selected as the validation set, and the rest were selected as the training
set. The four different groups of the training and validation sets are
shown in Fig. 6. Egs. (1) — (5) were then trained and validated using each
group of training and validation sets, respectively. Similar to Wu et al.
(2013), for each step of the intercalibration, the function with the
highest average coefficient of determination (R%) and the smallest
average Root Mean Square Error (RMSE) for the four validations was
chosen as the best fitting function. The best-fitting functions were then
applied for intercalibration.

2.2.3. Performance assessment

The Total Light Index (TLI) is widely used to indicate the intensity of
human activities at the global, national, or regional levels (Elvidge et al.,
2011). The intercalibration of the NTL images can be evaluated by
comparing the TLI before and after intercalibration (Pandey et al.,
2017). The Normalized Difference Index (NDI) was used to evaluate the
inconsistencies (Zheng et al., 2019). Accordingly, the summed-up NDI
(SNDI) was used to indicate the performance of the intercalibration.
Here, the TLI, NDI, and SNDI were calculated using Egs. (6) — (10) as
follows:

TLL; = DN (6)
k=1

where i, j, and k represent the satellite, year, and pixel of the NTL image,

respectively; and n represents the number of pixels.

|TLI,; — TLI,;
NDIAeAND, s; = Zor=——m
ry S/

7
where r and s represent two different satellites and j represents the year
of the NTL image.’

T
SNDI = " NDI; €)

J

Jj €T =(1994,1997, 1998, 1999, 2003,2004, 2005, 2006, 2007, 2009)

Considering that some lit pixels can be found in DMSPg, SNDI of
these lit pixels (pixel SNDI) was utilized as an auxiliary index to assess
inconsistencies. The pixel SNDI was calculated as follows:

: ‘DNm’—DN €2'|
pixel_NDIdefpixes]_NDI, , ;= Y 220 P51
gl psts2g ZF: DN, + DN, ;

)]

,
pixel SNDI =" pixel_NDI; (10)
J

where p € S, S is the position set of the lit pixels, s; and sz represent two
different satellites, j indicates the year.

Finally, as DMSP/OLS NTL single-pass images have been shown to
correlate with the fishery catch in some ocean areas (Saitoh et al., 2010;
Waluda et al., 2008), correlations between the TLIs and fishery catches
for the EEZs of Japan and Malaysia were also conducted to verify the
effectiveness of the proposed method. There were few offshore gas
flaring in these EEZs (Lu et al., 2020).

3. Results
3.1. Results of the RF denoising

1) Selection of the window sizes for the MFI and the STDI calculations

3 As there are no overlap images captured from two different satellites during
2009, NDI»gg9 was just calculated by using TLIrzs 2000 and TLIpg 2010 in this

paper.
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Fig. 8. Effective pixels identified by the RFs based on 4 x 4 window size and 8 x 8 window size, respectively, for the MFI calculations.

The average Kappa values of the RF denoising approaches using
different window sizes corresponding to the MFI and STDI calculations
are shown in Fig. 7. As shown in Fig. 7, the highest Kappa value of 0.775
was obtained when the window sizes of the MFI and STDI calculations
were both 4x 4. However, the average Kappa values are very close to
each other when the window size of the MFI calculation varies from 4 x
4 to 8 x 8 but the window size of the STDI calculation is fixed at 4x 4.
Further comparisons showed that if the window size of the MFI calcu-
lation was chosen to be 8x 8, the identified effective pixels would
become larger than those of the 4x 4 or 6 x 6 window sizes. As shown in
Fig. 8, most of the increased pixels are located at the edges of the
diffusion effect pixels. We believe that it is reasonable that such pixels
are regarded as effective pixels, so a window size of 8x 8 was finally
chosen to calculate the MFIs.

2) Importance of each component of the composite image input for RF
denoising

The importance scores of DMSP,yg, MFI, STDI, and bathymetry of
each composite image during RF are shown in Fig. 9, where the
importance scores were estimated by using MDG. The average impor-
tance scores of DMSP,yg, MFI, STDI, and bathymetry were 43%, 34%,
16%, and 7%, respectively. Overall, DMSP,y,; was the most important
feature, whereas bathymetry was the most unimportant feature.

However, this does not mean that bathymetry needs to be discarded
from the composite image input for the RF denoising approach. This is
because the importance score of the bathymetry was higher than the
STDI or MFI over several years, as shown in Fig. 9. In other words,
DMSP,yg, MFI, STDI, and bathymetry are all necessary for RF denoising.

3) Accuracy of the RF denoise approach

The RF denoising approach was compared with a fixed Threshold
(TS) denoising method, where a DN value of 6 was selected as the fixed

TS, this effectively means that if the DN value of a pixel is not greater
than 6, then the pixel is removed as noise; otherwise, the pixel is
retained as an effective pixel.

This TS method was utilized for the comparison because of the
following points:

1) The TS method is typically used to remove noise in urban NTL images
(Zhao et al., 2019a), and 6 is typically chosen as the TS (Elvidge
et al., 2011; Liang et al., 2019).

2) Histogram analyses of DMSP,y, in the mid-high latitude ocean area
indicated that more than 99.9% of the pixels had a DN value lower
than 6. Thus, the maximum DN value of the major abnormal pixels in
the mid-high-latitude ocean areas is generally regarded as 6.

The average overall accuracy and Kappa value of the TS method were
94.3% and 0.558, respectively. They were lower than those of the RF
approach, that is, the average overall accuracy and average Kappa value
of the RF approach were 96.0% and 0.775, respectively. Furthermore,
the producer accuracy of the effective pixels was 45.0% for the TS
method, which is significantly lower than that of the RF approach
(77.8%). In other words, in contrast to the RF approach, the TS method
misclassifies too many effective pixels as noise.

3.2. Results of the fitting functions of the intercalibration

Fig. 10 illustrates the average R? and RMSEs for each step in Table. 1.
According to Egs. (1)-(5), each step of the intercalibration includes five
groups of average R2 and the average RMSEs. As seen in the figure, the
power function has the highest average R? and the smallest average
RMSE for steps 1 and 6, whereas the cubic function has the highest
average R? and the smallest average RMSE for steps 2, 3, 4, and 5.
Therefore, the power function (Eq. (4)) was selected as the best-fitting
function for steps 1 and 6, and the cubic function (Eq. (3)) was
applied in steps 2, 3, 4, and 5. The coefficients of the best-fitting



R. Huang et al. International Journal of Applied Earth Observation and Geoinformation 114 (2022) 103023
[_Ipmsp,, [ IMFI[_]STDI[ _ |Bathymetry

F18-2013 A I8 I 427% 15% 49
F18-2012 38% ] 279%, 2% W
F18-2011 1% T 30% I IR 1%,
F18-2010 A 2% I 23% I 1% iRy
F16-2009 A 49%, 1 32% ] 7% \)I"
F16-2008 A 3% ] 2T% { 9% zv
F16-2007 3%, I IR I IR }UO
F16-2006 A 9%, 1 339, —13% ls/un
F16-2005 3% 1 345, ] |4v,} A
F16-2004 - 4%, ] 30% 4% —3%°
F15-2007 0% I I1% f R 1%
F15-2006 37% 7% [ 15% 1 2%,
F15-2005 7% T 36% T 15% 2%
F15-2004 0% I 33% 1 3% 2%,

_QE F15-2003 6l% I 4%, |I 39%=2%,

g F15-2002 I8%, I 5% I I /7 N A

2 F15-2001 - 56% | 5% g

_ﬂ_.i F15-2000 45%  16% 1 30% 9%

§ F14-2003 A 3% I 3I1% \| 3% 1 5%

(E F14-2002 + IR, I 30% I 9% T 14%
F14-2001 A 9% I 339, I 3497, |l 1497,
F14-2000 A 40% 28%, T 149% 1 7%
F14-1999 A 27% I 4497 I 0% 9%
F14-1998 A 35% ] 1% ] |muo
F14-1997 A 30% I 50% 16% z{'
F12-1999 A 32%, T 27% |’ 3% (7%
F12-1998 A 7% ] 5% 119 \|hun
F12-1997 A 22%, I 46%, I 3% %%
F12-1996 3IR% | 46% 9% |{:
F12-1995 A 50% ] 78% — 14% |/x"n
F12-1994 A 6% I 9%, o7 10%,
F10-1994 A 33% I 4%, C14% 1 10%
F10-1993 4%, T 1% 0% 1o
F10-1992 EPAYA | 273% |‘|’|7"n|/,/x"n

T T T 1
0 20 40 60 80 100

Importance scores(%)

Fig. 9. Importance scores of the composite images used in the RF denoise approach.

functions are listed in Table 2.

3.3. Performance assessment of the intercalibration

The TLIs derived from the original DMSP,yg (avg_TLIs), DMSP,y,
denoised using RF (RF_TLIs), and DMSP,yg denoised using TS (TS_TLIs)
are presented in Fig. 11a and 11b. When compared with avg_TLIs, both
the RF_TLIs and TS_TLIs were significantly reduced. This may be because
massive noise pixels were removed using the RF or TS methods.

As shown in Fig. 11b, the trajectories of RF_TLIs and TS_TLIs were

similar. The TLIs of F12 were higher than those values for F10 and F14.
The TLIs of F15 were divided into two stages: 1) the TLIs remained at the
same level as F12 from 2000 to 2002, and 2) the TLIs remained at the
same level as F14 from 2003 to 2007. The TLIs of F18 were higher than
those of the previous satellites. Similar TLI trajectories have also been
observed in inland NTL stable images (Li and Zhou 2017). In addition,

the RF_TLIs were observed to be commonly higher than the TS_TLIs. This
was because more effective pixels were mistakenly removed using the TS
method.

To investigate the contribution of RF in the intercalibration, the same
stepwise intercalibration model was applied to the TS denoised images.
The RF_TLIs and TS_TLIs after stepwise intercalibration (RF, TLIs and
TScal TLIs) are shown in Fig. 11c. The RF_TLIs intercalibrated using the
PIFs method proposed by Elvidge et al. (2011) and Elvidge et al. (2014)
are shown in Fig. 11c using orange lines. As seen in the figure, the biases
of the RF_TLIs were better eliminated by the proposed method
(RFq)_TLIs) than those of the TSc, _TLIs for most of the years studied.
Specifically, the biases of the TS¢, TLIs were not adequately reduced
between F10 and F12 during 1994 and between F12 and F14 from 1997
to 1999.

The RF, TLIs intercalibrated by the PIFs method proposed by
Elvidge et al. (2011) and Elvidge et al. (2014) were shown to be more
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Fig. 10. Average R? and average RMSE corresponding to each candidate pending function for step 1 (a), step 2 (b), step 3 (c), step 4 (d), step 5 (e), and step 6 (f) of

the intercalibration.

Table 2
List of the best fitting functions and their respective coefficients.
Step function Coefficients
1 Eq. (4) k =1.555,1=0.8832, m = 1.091
2 Eq. (3) & =-0.0001081, h = 0.004975,i = 1.082, j = 1.397
3 Eq. (3) g =-0.0002234, h = 0.01403, i = 0.933, j = 2.804
4 Eq. (3) g =-0.0001526, h = 0.01247, i = 0.7435, j = 3.105
5 Eq. (3) & = 7.496e-05, h = -0.002692, i = 0.7968, j = 0.6883
6 Eq. (4) k =1.013,1= 0.9969, m = -0.05397

consistent than the proposed method. However, the upward trend of the
RF.q TLIs intercalibrated by the PIFs method proposed by Elvidge et al.
(2014) is not as significant as the RF¢, TLIs intercalibrated by using the
proposed method. In addition, there was an abnormally rapid increase
from 2010 to 2013 for the RF, TLIs intercalibrated using the PIFs
method. This implies that the PIFs method may not be suitable for NTL
intercalibration in ocean areas.

To further quantitatively assess the consistency, SNDIs of the original
DMSP,yg (SNDI,yg), DMSP,y, denoised using the TS method (SNDlIrs),
DMSP,,, denoised using the RF approach (SNDIgg), SNDIts and SNDIgg
after stepwise intercalibration (SNDIts ca; and SNDIRF cal(proposed))> and
SNDIgr after PIFs intercalibration (SNDIRF cai(Elvidge)) are shown in
Fig. 12. The SNDIgy is usually less than the SNDItg, e.g. the SNDIgg of the
study area was 16.8% less than that of SNDIyg.

However, SNDI,yg was lower than both SNDIgr and SNDIrs. This does
not mean that the biases become larger after the RF or TS denoising
approaches. In fact, there were a large number of noise pixels in the
original DMSPayy, so the TLIs of the original DMSP,y; were much larger
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than those of the RF or TS denoised pixels, as shown in Fig. 12. In this
case, SNDI,; can also become abnormally low because of massive noise
according to Eq. (7) and Eq. (8).

After the stepwise intercalibration, both SNDIgg cq1 and SNDIrg ca
were much lower than the SNDI,, e.g., for the whole study area,
SNDIRF ca1 Was 68.2% less than SNDI,yg, and SNDIrs 5 was 38.2% less
than SNDI,yg. SNDIRF cal(Elvidge) had the lowest SNDI. However, the high
consistency may stem from the overly flat TLI trend described in the
preceding paragraph. This indicates that the proposed method may be
more appropriate for ocean areas than the PIF method. This is discussed
further in the following section.

Furthermore, pixel SNDIgg ca1 (pixel SNDI after RF denoising and
stepwise intercalibration) was 1.098, which was 32.2% less than pix-
el_SNDI;,lVg (pixel_SNDI of the original DMSPayg). This is also an impor-
tant auxiliary evidence that the proposed method can effectively reduce
radiometric biases in ocean areas.

4. Discussions

4.1. Features such as MFI, STDI, and bathymetric data increased the RF
denoising

Owing to the diffusion effect, the effective pixels have a structure
that is blurred rather than isolated highlight points, as shown in Fig. 13f
and g. MFI and STDI can help the RF to distinguish the blurred structures
from the isolated highlight points in the proposed method. On the one
hand, as shown in Fig. 13c, d, f, and g, some effective pixels distributed
at the edges of the blurring structures were discarded by the TS
approach. By contrast, such effective pixels can be successfully



R. Huang et al.

2.5x10° 1

a  Origin

2.0x10°

TLI

1.5x10°

1.0x10°
2.5x107

b

Denoised

2.0x107

TLI

1.5x107

1.0x10’

2

Intercalibration

5.0x10°
2.5x107r ¢

2.0x107}

1.5x107}

1.0x107}

RF,, TLIs & TS,, TLIs

TS

International Journal of Applied Earth Observation and Geoinformation 114 (2022) 103023

ARV

\/._,

proposed method

N7

Elvidge et al. (2014)

5.0x10°

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014

Year

——F10 ——F12 —=—F14 ——F15—~—F16——F18

Black line: TLIs from original DMSP,yo

Blue line: TLIs from RF denoised DMSPavg (proposed method)

Green line: TLIs from TS denoised DMSP,yg  Orange line: TLIs from RF denoised DMSPyy (Elvidge et al. (2014))

Fig. 11. Time series TLIs derived from the original DMSP,g (a), time series TLIs derived from corresponding images denoised by using the RF (blue line) and the TS
(green line) respectively (b), time series TLIs derived from corresponding images intercalibrated using the proposed method (blue line), TS method (green line), and
PIFs method proposed by Elvidge et al. (2014) (orange line) (c). (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)

preserved using the proposed method. On the other hand, the sum of the
average RF importance scores of MFI and STDI was even greater than
that of DMSPayg, as shown in Fig. 9.

Furthermore, the quality of DMSP,y, is worse in middle-high latitude
areas than in low latitude areas, for example, the DN values of some
noise pixels in middle to high latitude areas are much higher than in the
low-latitude areas (Pandey et al., 2017; Wu et al., 2013). Therefore,
many noise pixels were misidentified as effective pixels during the TS
approach, but they were not misclassified using the proposed method, as
shown in Fig. 13b and e.

Despite the bathymetric data showing the lowest average importance
score (7%), a part of importance scores of the bathymetric data were
significantly higher than the average as shown in Fig. 9, such as F10-
1992 (28%), F14-2000-2003 (14%, 17%, 14%, 25%). Coincidently,
the TLIs of these images were much higher than those of the other
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images which were captured by the same satellite, as shown in Fig. 11a.
The TLIs of those images and their differences from the other images
captured by the same satellite were both found to have decreased, as
shown in Fig. 11b. We assumed that the TLIs of those images were
overestimated, and that the bathymetric data may be able to increase the
RF denoising when the TLI is overestimated.

In summary, RF denoising can be increased by combining the MFI,
STDI, and bathymetric data with the original DMSP,,s. We believe that
this is an important reason why the proposed stepwise intercalibration
method was able to effectively reduce systematic radiometric biases.

4.2. Correlation between the TLIs and fishery catches as a supplement to
confirm the effectiveness of the proposed method

The EEZs of Japan and Malaysia were selected to illustrate the
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Fig. 14. Correlation coefficients between the TLIs and fishery catches of both Japan and Malaysia.

effectiveness of the proposed method. They were chosen because their
fishery resources have an opposite development trend; that is, the fish-
ery development trend of Japan tends to be gradually declining, while
that of Malaysia tends to steadily increasing.

The correlations between TLIs and fishery catches for Japan and
Malaysia are shown in Fig. 14. The correlation coefficients between the
avg_TLIs and the fishery catches were the lowest for both EEZs, and the
correlation coefficients between the RF., TLIs derived from the pro-
posed method and the fishery catches were shown to be the highest.
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In addition, the correlation coefficients between the fishery catches
and the RF_TLIs derived from the data intercalibrated by using PIFs
proposed by Elvidge et al. (2014) are lower than that between the
RF4_TLIs (proposed) and fishery catches.

These results provide additional evidence to prove the effectiveness
of the stepwise intercalibration with RF denoising, that is, the proposed
method can reduce the systematic radiometric biases effectively and also
enhance the RF,_TLIs as an indicator of human activities in the marine
environment. This is also an important reason why we have previously
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stated that the proposed method may be more appropriate for ocean
areas than the PIF method, although SNDIR cai(elvidge) Was found to be
the lowest.

4.3. Potential applications and future improvements

As the TLIs are well correlated with fishery catches, so the consistent
time series NTL data has a great potential to be used to discuss on the
variations of the carbon emissions with the ocean human activities, the
development of ocean economy, or the influences of human activities on
the changes of the ocean ecosystem such as coral reefs in a large scale.
For example, as shown in Fig. 15, the consistent time series NTL data
provide a first comparison between human activities (TLIs) and the
average live coral covers in South China Sea (SCS). In other word, it
makes quantitative and semi-quantitative analysis on how human ac-
tivities effect on the global degradation of coral reefs become possible.

However, as can be seen from Fig. 15, the consistent NTL time series
spanned only from 1992 to 2013. Some researchers have intercalibrated
the DMSP-OLS and NPP-VIIRS data for a long-term (2000 to 2018)
analysis on non-oceanic area (Chen et al., 2020; Nechaev et al., 2021;
Tilottama et al., 2021). As a result, it is still necessary in future to
combine the proposed intercalibration with the cross-sensor calibration
proposed by Chen et al. (2020), Nechaev et al. (2021), and Tilottama
et al. (2021), or directly extend the proposed intercalibration to a cross-
intercalibration between the DMSP-OLS and NPP-VIIRS data in a large-
scale oceanic area for spanning the time series NTL data as long as
possible (1992 to current).

Finally, note that there are many other machine learning algorithms
such as Neural Network (NN) and Support Vector Machine (SVM) could
potentially be applied to the denoising approach. Hence, another
important task in future work is to further assess the performances of
those intercalibration approaches that make use of other machine
learning algorithms such as NN and SVM instead of the RF in the pro-
posed method.
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5. Conclusions

To evaluate human activities for ocean ecosystem research and
application, this study provides a method to generate a consistent NTL
time series for a large-scale oceanic area from the DMSP,y,. The main
idea of this study was to combine an RF approach with stepwise inter-
calibration. Specifically, the noise that impeded the stepwise intercali-
bration was first removed using an RF approach. Here, a feature image
composited by the original DMSP,g, MFI, STDI, and bathymetric data
was utilized to increase RF denoising. Thereafter, stepwise intercali-
bration is implemented on the denoised DMSP images to reduce the
systematic radiometric biases.

Experimental results showed that the composite image can increase
RF denoising and help eliminate systematic radiometric biases during
stepwise intercalibration. The overall accuracy and Kappa coefficient of
the RF approach reached 96% and 0.775, respectively. Based on RF
denoising, the systematic radiometric biases of the DMSP,,; were found
to be significantly reduced by stepwise intercalibration, that is, the SNDI
of the images calibrated using the proposed method can reach 0.61,
which is 68.2% less than that of the original DMSP,y. Furthermore, the
effectiveness of the proposed method was confirmed by using the cor-
relation coefficients between the TLIs and the fishery catch data, that is,
the correlation coefficients between the TLIs derived from the images
calibrated using the proposed method and fishery catches of Japan and
Malaysia can reach 0.949 and 0.901, respectively, which is the highest
compared to others, including the TS and PIF methods. This implies that
the TLIs can be used as effective indicators of fishery activities for ocean
ecosystem research such as the discussions on the global coral reef
degradations, and for other various applications such as the estimation
of human-activity-caused ocean carbon emission changes in the future.

In summary, the proposed method proved to be accurate, effective,
and feasible for generating consistent time-series NTL data for large-
scale ocean areas. Compared to current open access dataset, the pro-
duced consistent time series NTL data is specialized for the oceanic
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areas, which will be helpful for the studies and practices of ocean eco-
systems and large-scale ocean human activities.
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