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Abstract

Background: Public AIS data may represent light-attracted fisheries unevenly across
coastal regions, whereas VIIRS–DNB provides a complementary optical observation of
bright offshore activity. Aims: We develop a regional framework to compare VIIRS-
derived fishing-light patterns with AIS-derived vessel activity and to compare model-
inferred environmental associations between East Asian and Southeast Asian coastal waters.
Methods: Monthly VIIRS–DNB composites, GFW AIS-derived fishing effort and gear
categories, and monthly CMEMS sea-surface temperature (SST), sea-surface height (SSH),
sea-surface salinity (SSS), surface-current velocities, dissolved oxygen (DO), mixed-layer
depth (MLD), and chlorophyll-a (Chl-a) were harmonized for 2017–2020. VIIRS detections
were screened for coastal and fixed-light contamination, and spatial density, temporal
correlation, spatial-error model (SEM), Geodetector, and MaxEnt analyses were applied.
Results: East Asia showed more continuous high-intensity fishing-light belts with summer–
autumn peaks, whereas Southeast Asia showed more fragmented activity with a stronger
spring peak. In Southeast Asia, squid-jigging activity had the closest spatial correspondence
among AIS categories and strong temporal synchronization with fishing-light intensity
(Spearman’s rs = 0.890, p < 0.001), but its spatial explanatory power remained limited
(q = 7.8%, p < 0.001). Within the selected predictor set, SST had the highest model-derived
contribution in East Asia, whereas SSS had the highest model-derived contribution in
Southeast Asia; these results represent model-inferred environmental associations rather
than causal effects. Conclusions and recommendations: Regional contrasts describe VIIRS-
derived fishing-light patterns, whereas differences in AIS correspondence indicate potential
observation gaps but may also reflect fleet composition, vessel-light intensity, and genuine
differences in fishing activity. We recommend combining optical and tracking observations
and reporting uncertainty from AIS coverage, VIIRS detection limits, spatial sampling, and
environmental-model assumptions.

Keywords: nighttime-light remote sensing; VIIRS–DNB; Automatic Identification System
(AIS); fishing-light intensity; light-attracted fisheries; fisheries monitoring; coastal surveillance;
oceanographic variables
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1. Introduction
Monitoring light-attracted fisheries remains challenging in many coastal waters be-

cause a substantial share of fishing activity is mobile, weakly reported, and unevenly
represented in conventional vessel-tracking systems [1]. Here, fisheries observability de-
notes the degree to which publicly available AIS observations represent the spatial and
temporal patterns of VIIRS-derived fishing-light activity. This observability gap limits
efforts to compare fisheries across regions and to identify where remotely sensed signals
capture activity that public tracking data do not. In the western Pacific, where industrialized
temperate fisheries and tropical small-scale fisheries coexist, the key challenge is therefore
not only to map fishing activity, but also to evaluate how well different observation systems
represent it.

Conventional monitoring sources do not observe the same portion of fishing activ-
ity. Logbooks depend on timely and accurate reporting and may differ in coverage and
standards among jurisdictions [2]. AIS provides trajectory and vessel-attribute informa-
tion [3,4], but it is more complete for vessels that carry and transmit the relevant equipment,
so smaller vessels or vessels with interrupted transmission may be underrepresented [5,6].
VIIRS–DNB observes radiance rather than vessel identity and can therefore complement
AIS [7,8], but it is affected by detection thresholds, spatial resolution, cloud and lunar con-
tamination, and non-fishing lights [9]. These differences motivate a cross-source assessment
rather than direct substitution of one system for another.

Recent studies have demonstrated that integrating AIS trajectories with nighttime-
light imagery not only helps identify untracked vessel activity through spatial matching,
but also allows for the quantification of fishing intensity and the discrimination of vessel
types by leveraging the complementary strengths of both data sources [10–12]. Such multi-
source data fusion approaches provide a novel technical pathway for disentangling the
complexity of both coastal and distant-water fishing activities.

Although nighttime-light remote sensing has been applied in the Sea of Japan, the
South China Sea, and the Indian Ocean [13–15], most studies focus on individual regions,
and cross-regional comparisons of fishing-light patterns remain limited. Studies of envi-
ronmental variables have also produced region-specific findings, but it remains unclear
whether the predictors receiving the highest model-derived contributions differ between
temperate and tropical coastal systems [16,17]. The western Pacific provides a useful com-
parative setting because East Asian and Southeast Asian coastal waters differ in climate,
geography, fleet organization, management context, and available observation coverage.
Preliminary evidence suggests that temperature-related variables may be more informa-
tive in East Asia whereas hydrological variables may be more informative in Southeast
Asia [16–18]. These contrasts motivate a cross-regional analysis, while the relative contribu-
tion of climate, fleet organization, management, and observation coverage is not estimated
directly here.

The novelty of this study lies in treating fisheries observability as a cross-source mea-
surement problem. Rather than using VIIRS–DNB only to map fishing lights or AIS only to
map tracked vessels, we compare their spatial, temporal, and explanatory correspondence
and then examine model-inferred environmental associations separately by region. This de-
sign compares potential observation gaps with differences in remotely sensed fishing-light
patterns and provides a transferable diagnostic workflow for data-sparse coastal systems.

To implement this design, we integrate VIIRS–DNB nighttime-light data, AIS trajec-
tories, and oceanographic datasets across East Asian and Southeast Asian coastal waters.
Specifically, this study addresses the following research questions:

(1) RQ1: Where do VIIRS-derived fishing-light patterns reveal persistent light-attracted
fishing activity in East Asia and Southeast Asia?
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(2) RQ2: Where does AIS-based vessel activity align with, or underrepresent, VIIRS-
derived fishing-light observations?

(3) RQ3: How do model-inferred environmental associations of remotely sensed
fishing activity differ between temperate and tropical coastal systems?

2. Materials and Methods
2.1. Study Area: Western Pacific Coastal Waters

The study area extends approximately from 91◦ E to 145◦ E and from 25◦ S to 60◦ N,
covering western Pacific coastal waters with substantial light-attracted fishing activity
(Figure 1). For comparative analysis, the study area was divided into two subregions
according to latitude and geographic and hydrographic setting. This division provides a
consistent framework for regional comparison and does not assume that observed differ-
ences are caused by fisheries management, fleet composition, or AIS coverage:

Figure 1. Overview of the study area showing the western Pacific coastal waters of East Asia and
Southeast Asia.

(1) East Asia (temperate waters), including the Sea of Japan, the Yellow Sea, and the
East China Sea. This subregion represents the temperate portion of the study domain and
is influenced by monsoon circulation and interactions between warm and cold currents.

(2) Southeast Asia (tropical waters), including the South China Sea and the waters of
the Indonesian Archipelago. This subregion represents the tropical portion of the study
domain and is characterized by monsoon circulation and complex archipelagic geography.

Specifically, FAO Major Fishing Areas 61 (Northwest Pacific) and 71 (Western Central
Pacific) were selected as the primary spatial units [19]. These boundaries were further
refined using the global Exclusive Economic Zone (EEZ) dataset obtained from Marine
Regions (https://www.marineregions.org/downloads.php, accessed on 28 August 2026)
and the spatial clustering characteristics of light-attracted fishing activity, resulting in a
final study extent of 91◦ E–145◦ E and 25◦ S–60◦ N. This spatial delineation excludes distant-
water fishing grounds in the open Pacific dominated by the North Pacific Current, thereby
focusing the analysis on western Pacific coastal waters shaped by monsoonal forcing and
complex land–sea interactions.
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2.2. Data Sources and Data Preprocessing

This study constructed a multi-source dataset integrating nighttime-light remote
sensing, AIS-derived fishing activity data, and oceanographic environmental variables,
with the analysis period spanning 2017–2020. This temporal window was selected to build
a complete four-year monthly panel under a consistent processing framework across VIIRS–
DNB nighttime-light composites, GFW AIS-derived fishing activity data, and CMEMS
environmental variables. The period also avoids the relatively sparse pre-2016 AIS coverage
and provides sufficient monthly observations for seasonal, interannual, and cross-regional
comparisons.

2.2.1. Nighttime-Light Imagery (VIIRS–DNB)

Nighttime-light remote-sensing data were obtained from the Day/Night Band (DNB)
of the Visible Infrared Imaging Radiometer Suite (VIIRS) onboard the Suomi National
Polar-orbiting Partnership (Suomi NPP) satellite. The VIIRS–DNB sensor acquires global
nighttime observations in the visible and near-infrared spectrum (400–900 nm) with a spa-
tial resolution of 15 arc-seconds (approximately 500 m), and the original radiance values are
expressed in units of nW·cm−2·sr−1. Compared with earlier DMSP/OLS data, VIIRS–DNB
exhibits a substantially enhanced capability for detecting low-intensity light sources and an-
thropogenic illumination [8], making it particularly suitable for monitoring light-attracted
fishing activities. However, VIIRS–DNB detects radiance rather than vessel identity, and
its detection capability depends on vessel-light intensity, background conditions, and the
selected threshold; the approximately 500 m spatial resolution also limits the separation of
nearby or mixed light sources.

In this study, a total of 48 monthly composite VIIRS–DNB images from 2017 to 2020
were employed. The selection of monthly composites over daily records was a deliber-
ate methodological choice to enhance the spatial signal-to-noise ratio. In the monsoon-
dominated western Pacific, daily DNB data are frequently compromised by transient cloud
cover and varying lunar illumination. This temporal aggregation is consistent with the
monthly CMEMS oceanographic variables used for MaxEnt modeling of environmental
associations. Our focus is on seasonal/interannual and cross-regional contrasts rather than
day-to-day fishing events. The data were obtained from the Earth Observation Group
(EOG) of the National Geophysical Data Center (NGDC) and correspond to stray-light-
corrected monthly products in which observations affected by lightning, moonlight, and
cloud cover were screened or reduced during product generation, although residual con-
tamination may remain. To enhance fishing-related light signals and reduce background
noise and non-fishing light contamination, a series of multi-step preprocessing procedures
was applied, following and extending the approaches proposed by Elvidge et al. [8] and
Li et al. [9]:

(1) Coastal light masking: a 4 km seaward buffer was selected empirically and applied
along the coastline to reduce light spillover from coastal cities and ports.

(2) Removal of offshore infrastructure lights: fixed light sources associated with
offshore oil and gas platforms were excluded based on existing-platform distribution
datasets.

(3) Radiometric enhancement and noise suppression: image pixels were rescaled,
restricted to positive values, and log-transformed to enhance the contrast between fishing
vessel lights and background signals. Subsequently, a 3 × 3 median filter and the Spike
Median Index (SMI) filter were applied to enhance the structural integrity of fishing light
features while suppressing random noise.

(4) Threshold determination and cross-source checking: A radiance threshold of
1.2 nW·cm−2·sr−1 was selected empirically from the image histograms. The resulting
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detections were then compared with the spatial distribution of AIS-derived fishing-effort
grid cells as a cross-source consistency check.

To further eliminate spurious signals, extremely bright outliers exceeding three stan-
dard deviations above the mean radiance were removed to exclude high-energy particle
interference. The final set of VIIRS-derived light detections was converted into point
features for subsequent spatiotemporal analyses and MaxEnt modeling of environmental
associations.

2.2.2. AIS-Derived Fishing Effort Data

AIS-derived apparent fishing effort data were obtained from Global Fishing Watch
(GFW) [4]. The dataset used in this study consisted of daily fishing-effort records provided
on a 0.01◦ grid and classified by flag state and GFW gear-type label, with fishing effort
measured in hours. The analysis was restricted to 2017–2020 to construct a consistently
processed four-year monthly panel aligned with the VIIRS–DNB nighttime-light composites
and CMEMS oceanographic variables used in this study.

Each record contained the date, grid-cell coordinates, flag state, gear-type label, and
fishing hours. AIS-derived fishing-effort data can be used to characterize spatial fishing
patterns and support fishing-ground identification, including when vessel-type information
is incomplete [20]. Records with zero fishing hours were removed using Python and SQL-
based workflows. The GFW gear-type labels were then harmonized into five analytical
categories: gillnet, longline, purse seine, squid jigging, and trawl, following established
fishing-gear classifications [21]. The detailed mapping between the original GFW gear
labels and these analytical categories is provided in Table 1. Squid-jigging vessels were
given particular attention because of their relevance to light-attracted fishing activities.
These categories represent AIS-derived gear-type groupings and do not imply one-to-one
identification of the vessel responsible for an individual VIIRS detection.

Table 1. AIS-based classification of fishing-vessel types used in this study.

Original Gear Type (GFW) Classified Vessel Type

set_longlines, drifting_longlines Longline
seines, purse_seines, other_seines,
other_purse_seines, tuna_purse_seines Purse seine

squid_jigger Squid jigging
trawlers, dredge_fishing, trollers Trawl
set_gillnets Gillnet

2.2.3. Marine Environmental Data

Marine environmental factors are key variables influencing the spatial distribution
and intensity of light-attracted fisheries. In this study, eight environmental variables
were selected: sea-surface temperature (SST), sea-surface height (SSH), sea-surface salinity
(SSS), zonal surface-current velocity (SSV-U), meridional surface-current velocity (SSV-
V), dissolved-oxygen concentration (DO), mixed-layer depth (MLD), and chlorophyll-a
concentration (Chl-a). All eight environmental variables were obtained from the Copernicus
Marine Environment Monitoring Service (CMEMS) at a monthly temporal resolution and
a native spatial resolution of 0.083◦ × 0.083◦ (Table 2). Before MaxEnt modeling, each
continuous environmental layer was resampled to a 0.1◦ × 0.1◦ geographic grid using
bilinear interpolation and exported as an ASCII raster layer. The ASCII files used −9999
as the NoData value. These variables were selected to represent thermal, saline, dynamic,
oxygen, mixed-layer, and productivity conditions relevant to the spatial distribution of
light-attracted fisheries.
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https://doi.org/10.3390/su18178881


Sustainability 2026, 18, 8881 6 of 22

Table 2. Overview of multi-source datasets and key variables.

Data Type Data Source Temporal
Coverage Spatial Resolution Key Variables Primary Purpose

AIS Vessel Data Global Fishing Watch
(GFW) 2017–2020 0.01◦ (~1 km)

Date, grid-cell
coordinates, flag
state, gear type,
fishing hours

Classification of vessel types;
generation of vessel-type
fishing-effort density surfaces;
assessment of AIS–VIIRS
correspondence.

VIIRS–DNB Suomi NPP VIIRS
(EOG/NGDC) 2017–2020 ~500 m nW/cm2/sr

Detection of fishing-vessel light
sources; characterization of spatial
patterns and intensity of
light-attracted fishing; cross-source
consistency checking against
AIS-derived fishing-effort data

Environmental
Data

Copernicus Marine
Environment
Monitoring Service
(CMEMS)

2017–2020

0.083◦ × 0.083◦

native resolution;
resampled to 0.1◦

× 0.1◦ for MaxEnt,
monthly

SST, SSH, SSS,
surface currents
(U/V), DO, MLD,
Chl-a

MaxEnt modeling of environmental
associations and relative
fishing-light occurrence potential

Auxiliary Data

FAO Major Fishing
Areas; Marine
Regions World EEZ
dataset

Static
boundary
datasets

Vector boundaries

Fishing area
boundaries;
Exclusive
Economic Zones

Definition of spatial-analysis units;
delineation of coastal versus
offshore regions; support for spatial
statistical analyses

2.3. Analytical Framework and Methods
2.3.1. A Remote-Sensing Framework for Assessing Fisheries’ Observability

The analysis followed three stages aligned with RQ1–RQ3 (Figure 2). First, monthly
VIIRS–DNB composites were processed into fishing-light intensity surfaces and ana-
lyzed using kernel-density estimation, emerging spatiotemporal-hotspot analysis, and
centroid migration. Second, AIS vessel categories were aggregated to the same spa-
tial and temporal scale and compared with VIIRS-derived fishing-light intensity using
SDI, SEM, Spearman’s rank correlation, and Geodetector. Third, MaxEnt models used
VIIRS-derived presence points and monthly oceanographic variables to compare regional
environmental associations.

 

Figure 2. Analytical framework for comparing VIIRS-derived fishing-light patterns, AIS–VIIRS
correspondence, and model-inferred environmental associations across East Asian and Southeast
Asian coastal waters. Stage 1 characterizes spatiotemporal fishing-light patterns; Stage 2 evaluates
spatial and temporal correspondence between AIS-derived vessel activity and VIIRS-derived fishing-
light intensity; and Stage 3 estimates environmental associations and relative occurrence potential
using MaxEnt.
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2.3.2. VIIRS-Derived Spatiotemporal Pattern Analysis

Monthly VIIRS-derived fishing-light intensity was analyzed on a 0.1◦ grid using KDE,
EHSA based on Getis-Ord Gi* and the Mann–Kendall test, and weighted centroid migration.
AIS-derived fishing-effort grids were processed using KDE on the same 0.1◦ output grid
for the subsequent AIS–VIIRS correspondence analyses.

(1) Kernel Density Estimation, KDE

To place the VIIRS and AIS-derived observations on a common spatial support, kernel
density estimation (KDE) [22] was used to generate continuous fishing-light brightness
(FLB) and fishing-track density (FTD) surfaces from VIIRS-derived light detections and
0.01◦ AIS fishing-effort records, respectively. A quartic kernel was applied, with VIIRS
radiance and AIS fishing hours used as input weights for the two corresponding density
surfaces. The kernel density estimator is defined as:

D(s) =
1
h2

n

∑
i=1

(
3
π

)(
1 −

(
d(s, si)

h

)2
)2

, d(s, si) < h (1)

where s denotes the spatial location, h is the KDE bandwidth, and d(s, si) is the distance
between location s and point si. The bandwidth was set to 0.05◦, based on the approximate
maximum hourly displacement implied by the mean speed of vessels during fishing
operations. The resulting fishing-track density (FTD) and fishing-light brightness (FLB)
surfaces were generated on a common 0.1◦ grid. This common grid was used as the spatial
support for the subsequent SDI, SEM, and Geodetector analyses.

(2) Emerging Hot-Spot Analysis

To identify the spatiotemporal evolution of light-attracted fishing intensity in East
Asia and Southeast Asia, this study employed Emerging Hot-Spot Analysis (EHSA). This
method is based on the Getis-Ord Gi* statistic [23] to detect local spatial clustering patterns
and integrates temporal trend tests to classify hotspot evolution types. The core spatial
statistic is defined as:

G*
i =

∑j wijxj − X ∑j wij

S

√
n ∑j w2

ij−(∑j wij)2

n−1

(2)

where xj denotes the observed value at spatial unit j, wij represents the spatial weight
between units i and j, and X and S are the global mean and standard deviation, respectively.
A significantly positive G∗

i value indicates that location i and its neighboring units form a
hot spot, whereas a significantly negative value identifies a cold spot.

Along the temporal dimension, EHSA treats the sequence of G*
i statistics across succes-

sive time slices as input and applies the Mann–Kendall trend test [24] to detect monotonic
temporal trends.

(3) Centroid Migration Model

The centroid migration trajectory model is used to identify spatiotemporal variations
in weighted activity centers. In this study, the model was applied to quantify temporal
changes in the centroid of light-attracted fishing activities across fishing grounds. The
centroid coordinates for year i were calculated as follows:

Xi =
∑n

j=1
(
Ci,j × Xi,j

)
∑n

j=1 Ci,j
, Yi =

∑n
j=1
(
Ci,j × Yi,j

)
∑n

j=1 Ci,j
(3)

where Xi and Yi denote the longitude and latitude of the centroid of light-attracted fishing
activities in year i; Xi,j and Yi,j represent the longitude and latitude of the j-th light-attracted
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fishing unit in year i; Ci,j is the corresponding fishing intensity (e.g., fishing-light brightness)
of that unit; and n is the total number of light-attracted fishing units in year i.

2.3.3. AIS Representativeness and Vessel-Type Attribution

AIS representativeness was assessed by comparing vessel-type activity with VIIRS-
derived fishing-light intensity using spatial-pattern matching, spatial-error modeling, tem-
poral correlation, and Geodetector.

(1) SDI-based Spatial-Pattern-Matching Analysis

For AIS–VIIRS correspondence analyses, the daily 0.01◦ AIS fishing-effort records
were aggregated into monthly totals by grid cell and vessel category. Weighted KDE, using
fishing hours as the weight, was then applied to each vessel category listed in Table 1 to
generate vessel-activity intensity surfaces Vk(x, y, t) on the common 0.1◦ output grid. In
parallel, the monthly VIIRS-derived fishing-light detections were processed using the
same KDE framework to generate corresponding fishing-light intensity surfaces L(x, y, t).
Therefore, AIS–VIIRS comparisons were conducted using corresponding monthly 0.1◦ cells
from the two KDE surfaces. The Spatial Differentiation Index (SDI) was introduced to
quantify the degree of spatial overlap and divergence between vessel-track density (FTD)
and fishing-light brightness (FLB) [25], thereby comparing the spatial correspondence of
different AIS-observed vessel categories with VIIRS-derived fishing-light patterns.

SDIi,j = 1 −
Count

(
FLBi ∩ FTDi,j

)
Count

(
FLBi ∪ FTDi,j

) (4)

where FLBi denotes the gridded light-attracted fishing intensity in the i-th marine region,
and FTDi,j represents the trajectory density grid of the j-th vessel type in the same region.

(2) Spatiotemporal Correlation Analysis

Building on the spatial pattern matching analysis, the statistical association between
fishing activity intensity and nighttime-light brightness was further examined in a spa-
tiotemporal context. Given the pronounced spatial autocorrelation and spillover effects in
fishing activities, in which fishing intensity in one grid cell is influenced by neighboring
cells, an SEM was employed to explicitly account for spatial dependence in the residuals
and to estimate the spatial association between FTD and light-attracted FLB [26]:

y = βx + λWε + µ (5)

where y denotes light-attracted FLB, x represents FTD, λ is the spatial error coefficient, and
Wε is the spatially lagged error term. Temporal synchronization between monthly vessel-
track density and fishing-light intensity was quantified using Spearman’s rank correlation
coefficient. The calculations were performed in IBM SPSS Statistics 27.

(3) Contribution Quantification Based on the GD Model

Finally, this study applied the factor detector module of Geodetector to quantify
the spatial explanatory power of AIS-derived vessel-density factors for VIIRS-derived
fishing-light brightness on the common 0.1◦ analysis grid [27]. The analysis was conducted
separately for each vessel category and regional domain. Within each regional domain, the
VIIRS-derived fishing-light brightness and the FTD of each vessel category were ordered
by intensity and reclassified into ten ordinal classes (1–10). The resulting regional ten-
level layers were then used as the input variables for the factor detector. The q statistic
summarizes the reduction in within-stratum variance of fishing-light brightness relative
to its overall variance; larger q values indicate stronger spatial explanatory power of the
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corresponding vessel-density factor. The significance levels reported in Table 3 were taken
from the output of the same Excel-based GeoDetector implementation.

q = 1 − ∑L
h=1 Nhσ2

h
Nσ2 (6)

where h denotes a non-empty stratum of the regional vessel-density factor, L is the number
of non-empty strata among the ten ordinal classes, Nh is the number of grid cells in
stratum h, N is the total number of grid cells included in the calculation, σ2

h is the within-
stratum variance of the corresponding fishing-light brightness response, and σ2 is its
overall variance. The q statistic ranges from 0 to 1, with larger values indicating stronger
explanatory power of the vessel-density strata for the spatial stratification of fishing-light
brightness.

Table 3. AIS representativeness and vessel-type attribution for VIIRS-derived fishing-light intensity
in the western Pacific.

Region Vessel Type SDI SEM
Coefficient Spearman’s rs Geodetector q

East Asia Squid jigging 0.679 80.843 *** 0.763 *** 2.5% ***
Purse seine 0.571 0.269 *** 0.809 *** 6.1% ***

Longline 0.834 0.103 *** 0.738 *** 1.7% ***
Trawl 0.833 0.002 0.721 *** 2.7% ***
Gillnet 0.609 0.015 0.728 *** 1.1% ***

Southeast
Asia Squid jigging 0.326 21.775 *** 0.890 *** 7.8% ***

Purse seine 0.976 −0.004 0.149 1.5% ***
Longline 0.998 0.013 0.757 *** 2.3% ***

Trawl 0.873 0.053 0.573 *** <0.1%
Gillnet - - - <0.1%

Note: *** p < 0.001. SDI (Spatial Differentiation Index): Lower values indicate higher spatial con-
sistency between vessel trajectories and light-attracted fishing patterns. SEM (Spatial Error Model):
Coefficients represent spatial associations between vessel-track density and fishing-light intensity
after accounting for spatial dependence. Spearman’s rs: Assesses the temporal synchronization of
seasonal variations. Geodetector q: Represents the explanatory power of a vessel-density factor for
the spatial stratification of fishing-light intensity. These metrics describe complementary dimensions
of AIS–VIIRS correspondence and were therefore interpreted jointly rather than as interchangeable
estimates of a single relationship. “-“ indicates insufficient data samples for calculation in the region.

2.3.4. MaxEnt Modeling of Associations Between Fishing-Light Occurrence and
Environmental Variables

MaxEnt was used to model environmental associations of VIIRS-derived fishing-light
occurrence under a presence-only design [28,29]. High-radiance VIIRS-derived fishing-
light points were used as presence points, while background points and eight monthly
oceanographic variables were supplied as 0.1◦ × 0.1◦ ASCII raster layers to characterize the
environmental background space. The continuous CMEMS layers were resampled from
their native 0.083◦ × 0.083◦ resolution using bilinear interpolation before model fitting.
All eight variables were retained as complementary predictors. No separate correlation-
or VIF-based screening was applied before model fitting, so variable contributions were
interpreted jointly within the selected predictor set.

Presence points were selected from the final VIIRS-derived fishing-light point fea-
tures retained after the preprocessing procedures described in Section 2.2.1, including
threshold screening, removal of extreme radiance outliers, and conversion to point features.
The presence points were matched to the corresponding monthly environmental layers
on the common 0.1◦ analysis grid. MaxEnt background samples were drawn from the
corresponding regional modeling extent.

https://doi.org/10.3390/su18178881
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To account for regional heterogeneity, a multi-scenario modeling strategy was adopted
by stratifying the analysis by region (East Asia vs. Southeast Asia) and period (peak
vs. non-peak fishing periods). The model was implemented using MaxEnt version 3.4.1.
In each run, 75% of the presence samples were randomly selected for training and the
remaining 25% were held out for validation; this random partitioning was repeated ten
times. Outputs were generated in logistic format and interpreted as relative occurrence
potential under the selected environmental predictors.

Model performance was evaluated using the area under the receiver operating charac-
teristic curve (AUC), calculated from the 25% held-out validation subset [30]. AUC values
were interpreted relative to the random expectation of 0.5, with higher values indicating
stronger discrimination between presence and background conditions. Because AUC as-
sesses discrimination between presence and background points but not spatial agreement,
we additionally calculated a matching rate. MaxEnt logistic outputs were classified into
five relative occurrence-potential levels using the Jenks natural-breaks method, and the
upper-three classes were defined as high-potential zones (HPZs). The matching rate was
calculated as:

MatchingRate =
NHPZ
Ntotal

× 100% (7)

where NHPZ is the number of observed fishing points located within HPZs and Ntotal is
the total number of observed fishing points. A higher matching rate indicates greater
within-region overlap between model-inferred HPZs and observed fishing-light locations.
The metric was used as a descriptive measure of model–observation agreement rather than
as a formal test of differences between regions.

To attribute environmental variables, jackknife tests and response curve analyses were
conducted. The jackknife approach, together with percent contribution and permutation
importance metrics, was used to quantify the relative contributions of individual envi-
ronmental variables to model gain. Response curves were then examined to characterize
modeled nonlinear response patterns and to identify environmental ranges associated with
higher occurrence probabilities of light-attracted fishing activity.

2.3.5. Software and Reproducibility

Data preprocessing was implemented in Python 3.12 using SQL-based workflows.
Kernel density estimation was conducted in ArcGIS Pro 3.3. Spatial-error models were
fitted in OpenGeoDa 1.22.0, and temporal synchronization was assessed using Spearman’s
rank correlation in IBM SPSS Statistics 27. Geodetector q statistics were calculated using
the official Excel-based GeoDetector implementation. MaxEnt version 3.4.1 was used to
model associations between VIIRS-derived fishing-light occurrence and the selected envi-
ronmental variables. The main spatial resolutions, training-validation split, and replicate
settings are reported in Sections 2.3.1–2.3.4.

3. Results
3.1. VIIRS-Derived Spatiotemporal Patterns of Fishing-Light Activity
3.1.1. Spatial Distribution Patterns

Satellite observations indicated a pronounced nearshore concentration of light-
attracted fishing in the western Pacific marginal seas, with clear regional differences in
spatial organization (Figure 3a,b). East Asian waters showed more continuous and in-
tensive distributions, whereas Southeast Asian waters exhibited more fragmented and
dispersed patterns.
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(c) 

Figure 3. (a). Kernel density maps of fishing light brightness (FLB) in East Asian coastal waters
(2017–2020). (b). Kernel density maps of fishing light brightness (FLB) in Southeast Asian coastal
waters (2017–2020). (c). Emerging Hot-Spot Analysis (EHSA) of light-attracted fishing activity across
East Asia and Southeast Asia (2017–2020).

In East Asian coastal waters, light-attracted fishing formed a high-intensity, continuous
belt extending from the Beibu Gulf and the East China Sea through the Yellow Sea and the
Sea of Japan. This region accounted for approximately 50% of the detected FLB intensity,
with particularly dense clusters in the East China Sea–Yellow Sea transition zone and the
Sea of Japan.

Southeast Asian coastal waters showed multi-centered and patchy distributions, with
major concentrations around the southern Indochina Peninsula, the Java Sea, and the
Arafura Sea. Local FLB density was generally lower and more fragmented than in East Asia.
EHSA further indicated more persistent or intensified hotspots in East Asia, compared
with more scattered and intermittent hotspot signals in Southeast Asia (Figure 3c).

3.1.2. Seasonal and Interannual Variations

At the aggregate scale, the annual time series shows an apparent double-peak/double-
trough pattern (Figure 4). This pattern reflects different seasonal phases between the two
subregions: East Asian coastal waters show a later summer–autumn maximum, whereas
Southeast Asian waters show an earlier spring maximum and stronger month-to-month
variability. The earlier Southeast Asian peak and later East Asian peak produce two
elevated periods in the combined annual curve, with lower activity between them.

In East Asian coastal waters, fishing intensity remained relatively low during January–
April, increased from May onward, and reached its main peak during August–November
before declining rapidly after December. In contrast, Southeast Asian coastal waters showed
stronger fluctuations, with a primary peak during March–May. After 2019, the temporal
pattern became more multi-peaked and oscillatory. The observed seasonal peak was later
in East Asia, occurring mainly in summer–autumn, and earlier in Southeast Asia, occurring
mainly in spring (Figure 4).

Overall, the two subregions exhibited a seasonal phase offset, with peak activity
occurring mainly in summer–autumn in East Asia and in spring in Southeast Asia. Given
the repeated monthly structure of the 48-month series and the potential dependence among
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observations, this phase offset is reported as a descriptive regional contrast rather than a
formally tested difference.

Figure 4. Temporal, seasonal, and annual variation in light-attracted fishing activity in East Asian
and Southeast Asian coastal waters, 2017–2020. (a) Monthly fishing-light intensity; (b) four-year
mean seasonal cycle; (c) annual fishing-light intensity; and (d) annual fishing area. Blue and orange
indicate East Asian and Southeast Asian coastal waters, respectively.

3.1.3. Centroid Migration and Spatiotemporal Trends

The centroid migration model captures the spatiotemporal evolution of light-attracted
fishing hotspots. Overall, the centroid of light-attracted fishing activities in the western
Pacific marginal seas exhibits strong nearshore stability, with relatively small migration
amplitudes that mainly reflect fine-scale adjustments within regional waters. However,
clear differences in migration direction and magnitude are observed between East Asia and
Southeast Asia (Figure 5).

In East Asian coastal waters, the centroid of light-attracted fishing activities shows a
gradual southwestward shift. From 2017 to 2020, the centroid migrated from the nearshore
waters off Zhoushan, Zhejiang Province (122◦16′ E, 29◦58′ N) to the coastal waters off
Sanmen, Taizhou (121◦39′ E, 29◦12′ N), with a cumulative displacement of approximately
104 km, indicating a consistent directional movement.

In contrast, the centroid migration in Southeast Asian coastal waters is characterized
by limited displacement and overall stability. Over the same period, the total centroid
shift was approximately 30 km, remaining anchored near (110◦10′ E, 5◦43′ N). Interannual
variability was observed, with a notable southeastward deviation of about 186 km in 2019,
followed by a return in 2020, without forming a sustained migration trend.

Overall, centroid dynamics of light-attracted fishing activities in the western Pacific
marginal seas exhibit pronounced regional differences: East Asian waters show a persistent
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directional migration pattern, whereas Southeast Asian waters are dominated by small-
amplitude oscillations and spatial stability.

 

Figure 5. Interannual centroid migration of light-attracted fishing activities (2017–2020).

3.2. Regional Patterns of AIS–VIIRS Correspondence by Vessel Type

Across the western Pacific coastal waters, AIS-derived vessel activity showed region-
and metric-dependent correspondence with VIIRS-derived fishing-light intensity (Table 3).

In East Asian coastal waters, purse seiners showed the closest broad-scale spatial
correspondence and the highest Geodetector q value among the main vessel categories
(SDI = 0.571; q = 6.1%). Squid-jigging vessels, however, had the largest positive SEM coeffi-
cient (80.843, p < 0.001), indicating that the leading vessel category differed across metrics.

In Southeast Asian coastal waters, squid-jigging vessels showed the closest spatial
correspondence (SDI = 0.326) and a positive SEM association with fishing-light intensity
(coefficient = 21.775, p < 0.001). Their monthly activity was also strongly synchronized
with VIIRS-derived fishing-light intensity (Spearman’s rs = 0.890, p < 0.001), whereas their
Geodetector explanatory power remained limited (q = 7.8%, p < 0.001). This contrast reflects
the different dimensions captured by the two metrics: Spearman’s rs measures temporal
covariation between the monthly series, whereas Geodetector q quantifies the proportion
of spatial heterogeneity explained by vessel-density strata. Thus, squid-jigging activity
covaried closely with fishing-light intensity over time, while squid-jigging vessel density
explained only a limited share of its spatial heterogeneity.

3.3. Model-Inferred Environmental Associations and Relative Fishing-Light Occurrence Potential
3.3.1. Model Performance and Variable Importance

The MaxEnt models were evaluated for their ability to discriminate VIIRS-derived
fishing-light occurrence points from background conditions in western Pacific coastal
waters. ROC curves were generated separately for East Asian and Southeast Asian coastal
waters during peak and non-peak periods (Figure 6a–d).

In East Asian coastal waters, mean AUC values were 0.792 during the peak period
and 0.790 during the non-peak period. The corresponding mean AUC values for Southeast
Asian coastal waters were 0.776 and 0.777, respectively. Variation among the ten replicate
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ROC curves is shown as ±1 standard deviation in Figure 6. Overall, all four scenarios
showed moderate discriminatory performance above the random expectation of 0.5.

Figure 6. ROC curves and AUC values of the MaxEnt models for light-attracted fishing occurrence in
FAO Areas 61 and 71 during peak and non-peak fishing periods: (a) Area 61, peak; (b) Area 71, peak;
(c) Area 61, non-peak; and (d) Area 71, non-peak. Note: Red curves represent the mean ROC curves
across ten replicate runs, blue envelopes indicate ±1 standard deviation, and black diagonal lines
represent random prediction.

Overall, model performance was consistent but moderate across the two coastal
regions. To characterize model-inferred environmental associations, jackknife results,
percent contribution, and permutation importance were examined (Figure 7). The variable-
importance profiles differed between regions, particularly for temperature- and salinity-
related predictors.

In East Asian coastal waters, SST had the highest model-derived contribution within
the selected predictor set. During the peak fishing period, SST accounted for 65.4% of the
total contribution, followed by SSH (20.5%) and Chl-a (6.8%). During the non-peak period,
the contribution of SST decreased to 48.6%, whereas that of Chl-a increased to 22.5%. The
SST response curve showed higher modeled fishing-light occurrence potential between
16.55 and 27.78 ◦C, reaching a maximum at approximately 22.92 ◦C.

In Southeast Asian coastal waters, SSS had the highest model-derived contribution
within the selected predictor set, accounting for 88.6% during the peak fishing period and
84.5% during the non-peak period. The response curves for SSS showed higher modeled
fishing-light occurrence potential between 19.14 and 33.65 PSU. SST and DO made smaller
model-derived contributions, accounting for 5.4% and 2.9%, respectively.
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Figure 7. Jackknife analysis of environmental-variable importance in the MaxEnt models for coastal
light-attracted fishing occurrence: (a) FAO Area 61, peak fishing period; (b) FAO Area 61, non-peak
fishing period; (c) FAO Area 71, peak fishing period; and (d) FAO Area 71, non-peak fishing period.

3.3.2. Model-Inferred High-Potential Areas

MaxEnt predictions showed regional variation in relative fishing-light occurrence
potential across western Pacific coastal waters. During both peak and non-peak periods,
model-inferred high-potential zones (HPZs) were concentrated along continental shelf
margins and around island-reef systems (Figure 8). The spatial configuration of these zones
and their overlap with observed fishing-light locations differed between East Asian and
Southeast Asian coastal waters.

In East Asian coastal waters, model-inferred HPZs formed a relatively continuous belt
along the continental shelf. Of the observed fishing-light locations, 73.78% fell within these
HPZs, while the remaining locations occurred in areas with lower modeled occurrence
potential.

In Southeast Asian coastal waters, model-inferred HPZs were more fragmented and
concentrated around the Indochina coast and the Sunda Shelf. The corresponding matching
rate was 96.52%, indicating greater descriptive overlap between the HPZs and observed
fishing-light locations than in East Asia under the applied classification.

Overall, the fitted models produced broader HPZs with lower descriptive overlap in
East Asia and narrower HPZs with higher descriptive overlap in Southeast Asia. These
matching rates summarize model-observation agreement within each region and were not
used to establish a statistically significant regional difference.
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Figure 8. Model-inferred relative occurrence potential of VIIRS-derived fishing-light activity dur-
ing (a) peak and (b) non-peak periods, classified into five relative levels using the Jenks natural-
breaks method.

4. Discussion
4.1. Interpreting VIIRS-Derived Fisheries Patterns Across Contrasting Coastal Systems

The results of this study reveal a pronounced North–South structural divergence
in light-attracted fishing activities along the western Pacific coast. East Asian waters
were characterized by high-intensity, continuous belt-like patterns and summer–autumn
activity, whereas Southeast Asian waters showed more fragmented distributions and a
spring-dominated peak. These observations are broadly consistent with previous studies
using nighttime-light imagery and vessel-tracking data to identify seasonal and spatially
clustered fishing activities in the Sea of Japan, the China Seas, and other western Pacific
waters [13,14,16,31]. The present study extends these observations by comparing the
spatial and seasonal organization of the two coastal systems within a common analytical
framework.

(1) Latitudinal Contrast in Model-Inferred Environmental Associations: Thermal vs.
Salinity-Related Patterns

Previous studies have linked nighttime fishing distributions in the Northwest Pacific
and the China Seas to sea-surface temperature, seasonal hydrography, and thermal-front
conditions [16,32–34]. Consistent with these observations, SST had the highest model-
derived contribution within the selected predictor set in East Asian coastal waters. Fishing-
light occurrence was mainly concentrated within the modeled SST range of 16–28 ◦C.
However, the present analysis identifies an environmental association rather than directly
testing the biological processes responsible for the observed belt-like distribution.

In tropical Southeast Asian waters, previous studies have emphasized the roles of
regional circulation, freshwater influence, and seasonal hydrographic variability in shaping
fishing-ground conditions [18,35]. In our models, SSS had the highest model-derived contri-
bution within the selected predictor set, whereas SST made a smaller relative contribution.
This salinity-related association may be consistent with regional hydrological variability,
although its magnitude may also be influenced by predictor dependence and the spatial
distribution of presence samples.

(2) Regional Differences in Vessel-Type Correspondence and AIS Representativeness
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Beyond environmental associations, AIS–VIIRS correspondence varies by vessel type
and region. In East Asia, purse seiners showed closer broad-scale spatial correspondence
and higher Geodetector explanatory power, whereas squid jiggers showed a larger positive
SEM coefficient with fishing-light intensity. Previous AIS–VIIRS matching studies have
similarly shown that nighttime-light observations and vessel-tracking data provide com-
plementary information for vessel detection and gear-type attribution [10–12]. Our results
extend this approach by showing that the vessel category with the closest correspondence
may differ according to the spatial metric used.

In Southeast Asia, AIS-observed squid jiggers showed the closest spatial correspon-
dence, but their Geodetector explanatory power remained limited at 7.8%. This pattern may
reflect incomplete AIS coverage, regional fleet composition, differences between optical
and tracking observations, or spatial and temporal aggregation. Previous studies have doc-
umented uneven vessel-tracking coverage and the complementary role of nighttime-light
observations in detecting fishing activity that is weakly represented in AIS data [5,8–10].
The present data cannot determine which of these explanations predominates.

(3) Regional Differences in Model–Observation Agreement
Across the four modeling scenarios, mean AUC values of approximately 0.78 indi-

cated moderate discrimination between fishing-light occurrence points and background
conditions. The models were therefore used to compare broad regional environmental
associations rather than to support precise site-level prediction. The matching rates describe
within-region overlap between model-inferred HPZs and observed fishing-light locations.
The higher rate in Southeast Asia than in East Asia (96.52% vs. 73.78%) indicates greater
descriptive model–observation overlap under the applied classification. Because the occur-
rence locations may be spatially dependent and do not constitute independent regional
replicates, these percentages were not subjected to a formal test of regional differences.
The observed contrast may reflect predictor coverage, fleet composition, fishing practices,
sampling characteristics, or variables not included in the models.

Overall, the three evidence streams characterize different components of the regional
contrast. VIIRS–DNB showed continuous fishing-light patterns with summer–autumn
peaks in East Asia and more fragmented patterns with an earlier spring peak in Southeast
Asia. AIS comparisons revealed region- and metric-dependent correspondence between
tracked vessel activity and VIIRS-derived fishing-light observations. MaxEnt identified
SST and SSS as the highest model-derived contributions within the selected predictor set
in East Asia and Southeast Asia, respectively, together with different levels of descriptive
model–observation overlap. Collectively, these findings distinguish the two regions in
terms of observed fishing-light patterns, cross-source correspondence, and model-inferred
environmental associations, but they do not isolate the environmental, operational, or
observational causes of those differences.

4.2. Implications for Remote-Sensing-Based Coastal Monitoring

The AIS–VIIRS comparison provides a way to assess uneven fisheries observability
across coastal systems. The inference of potential AIS-based observation gaps is based on
the joint interpretation of SDI, SEM, temporal synchronization, and Geodetector q rather
than on q alone. In Southeast Asia, strong temporal synchronization with squid-jigging
activity but limited spatial explanatory power indicates that temporal agreement does
not necessarily translate into complete spatial representation. This pattern is consistent
with potential gaps in public vessel-tracking coverage, although the present data cannot
distinguish incomplete AIS coverage from regional fleet composition or other differences
between optical and tracking observations. The MaxEnt matching rates are interpreted
separately as measures of model-observation agreement and are not used to assess AIS
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representativeness. VIIRS–DNB therefore provides a complementary optical signal for
examining fishing patterns that are weakly represented in public AIS data.

In East Asia, the lower agreement between predicted high-potential zones and ob-
served fishing-light locations indicates that the selected environmental predictors do not
fully represent the observed distribution. The contrast between the two regions shows that
the same remote-sensing framework can support different tasks: identifying potential AIS-
based observation gaps in Southeast Asia and evaluating model-observation agreement
in East Asia. The framework therefore supports region-specific fisheries monitoring and
environmental interpretation.

4.3. Limitations and Future Remote-Sensing Applications

Although this study integrates multi-source observations, interpretation of the results
is subject to three main sources of uncertainty: observation uncertainty, model uncertainty,
and limited temporal coverage.

First, observation uncertainty arises from uneven AIS coverage [3–6] and residual
limitations in VIIRS–DNB detection. Small-scale or weakly tracked vessels may be un-
derrepresented in public AIS, whereas VIIRS–DNB detects radiance rather than vessel
identity and nearshore detections may be affected by residual cloud and lunar contami-
nation, coastal-light contamination, differences in vessel-light intensity, spatial resolution,
and empirical threshold selection [7–9]. Accordingly, AIS–VIIRS comparisons should be
interpreted as cross-source correspondence rather than a census of all fishing activity.

Second, model uncertainty limits the interpretation of the environment-based results.
MaxEnt estimates environmental associations under presence-only sampling and the se-
lected predictor set; the resulting patterns should therefore be interpreted as model-inferred
associations rather than causal estimates of realized fishing suitability [28–30]. Spatial
sampling, spatial autocorrelation, predictor collinearity, and omitted socioeconomic, op-
erational, and management factors may influence the estimates. Because no separate
correlation or VIF screening was conducted before model fitting, the relative contributions
of individual predictors should be interpreted jointly within the selected predictor set rather
than as independent effects. Moreover, the model used a random 75/25 training-validation
split rather than spatially blocked validation, so nearby samples could occur in both subsets
and the reported AUC values may be optimistic with respect to spatial transferability.

Finally, the 2017–2020 study period limits inference about post-2020 changes. Future
work could evaluate the sensitivity of the results to VIIRS preprocessing, AIS coverage,
spatial sampling, and model settings, and extend the framework with SAR observations,
socioeconomic and management variables, and post-2020 data.

5. Conclusions
VIIRS–DNB revealed continuous, high-intensity fishing-light belts with summer–

autumn peaks in East Asia, compared with more fragmented patterns and an earlier
spring peak in Southeast Asia. AIS–VIIRS correspondence varied by region, vessel type,
and metric; in Southeast Asia, strong temporal synchronization of squid-jigging activity
coexisted with limited spatial explanatory power (q = 7.8%). Within the selected predictor
set, SST had the highest model-derived contribution in East Asia and SSS in Southeast Asia;
these results represent environmental associations under presence-only sampling rather
than causal drivers or direct measures of fishing suitability. Interpretation of the overall
findings remains subject to uncertainties associated with AIS coverage, VIIRS detection and
preprocessing, spatial sampling, predictor dependence, and the restriction of the analysis
to 2017–2020.
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