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ABSTRACT

Fisheries Management Area (WPP) 573 is one of the upwelling regions of the Indian Ocean supporting both neritic small pelagic and
oceanic pelagic fisheries, and is affected by complex climate variability. This research modeled spatial probabilities of fish pelagic
habitat using an optimized shallow architecture of a Feedforward Network, specifically a Multi-layer Perceptron integrated with
oceanographic satellite data. This research utilized 492 validated fishing coordinates from Global Fishing Watch (GFW) collected
throughout 2025 as presence labels. At the same time, oceanographic variables included sea surface temperature, distance to the nearest
coral reef, chlorophyll-a, salinity, sea surface elevation, current velocity, and bathymetry. To prioritize model generalization and
mitigate overfitting, this research implemented the MLP with a single hidden layer containing three neurons, optimized via the L-BFGS
algorithm with strong regularization. The final model with spatially- constrained pseudo-absences, environmental distance filtering
obtained a True Skill Statistic (TSS) of 0.68, a 5-fold cross-validation accuracy of 83.95% and a presence precision of 95%, indicating
that the model possess a good ability to discriminate among habitats and it is robust to variation. The permutation importance highlighted
SST as the strongest predictor (0.1386), followed by salinity (0.0976) and current velocity (0.0866). Dynamic habitat probability maps
generated reveal fish catch potential zones that correspond to the biophysical conditions of the water mass. In summary, this study
demonstrates that MLP-based prediction, reinforced by stringent parameter optimization, is a very suitable approach to identify pelagic
fish habitats, thus assisting in fishing operations and sustainable fishery management in WPP 573.
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INTRODUCTION oceanographic variables (SST, salinity, current velocity) across
multiple spatio-temporal scales (Cai et al., 2022; Stacey et al.,

WPP 573, a constituent of the eastern Indian Ocean 2021). Machine learning approaches—particularly Multi-Layer
upwelling system, maintains pelagic fisheries that prosper in Perceptrons (MLP)—better capture these non-linear ecological
neritic and oceanic pelagic environments modified by coastal thresholds and synergistic environmental interactions, offering a
upwelling system dynamics, where productivity is upwelling more robust basis for delineating pelagic habitat envelopes
driven through the monsoon winds and climate variability, such (Pickens et al., 2021; Ramampiandra et al., 2023). While
as the manifestation of the Indian Ocean Dipole modifying the MaxEnt remains a benchmark for presence-only modeling, it is
strength of upwelling, stratification, and primary production increasingly prone to overfitting without careful complexity
(Abrahams et al., 2021; Narvekar et al., 2021; Vinayachandran control, and alternatives such as Random Forest and boosted
et al., 2021). Comparable climate-driven shifts in upwelling trees can match or exceed its performance under proper spatial
have already altered pelagic distribution and biomass in regions cross-validation (Karp et al., 2022; Stacey et al., 2021). Random
such as West Africa and the Arabian Sea, threatening small- Forest, however, tends to overfit local spatial patterns and
scale fisheries and the nutritional security of coastal amplify spatial autocorrelation, limiting transferability to new
communities reliant on pelagic catch for protein and regions without rigorous validation (Cai et al., 2022). MLPs, by
micronutrients (Sarré et al., 2024; Diogoul et al., 2021, contrast, extract latent spatial structures that point-based models
Sardenne et al., 2026). WPP 573 faces similar vulnerability, overlook and have been shown to outperform classical
where climate-induced stock shifts directly affect catch stability regression in explaining biodiversity variation globally (Cai et
and fisher livelihoods. al.,2022; Deneu et al., 2021).

Traditional statistical approaches such as GAM—KDE In the Indian Ocean, SST, salinity, and sea surface
integration have successfully identified tuna hotspots in height are key predictors of tuna and pelagic distribution, with
Indonesian waters (e.g., WPP 713; Zainuddin et al., 2023), but monsoon-driven Ekman transport and Kelvin/Rossby wave
parametric and semi-parametric models struggle with the strong dynamics producing SST and SSH anomalies linked to nutrient
multicollinearity and  non-linear  interactions  among enrichment and elevated chlorophyll-a (Abrahams ef al., 2021;
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Vinayachandran et al., 2021; Wu & Wang, 2022) patterns
consistent with the oceanographic characteristics of WPP 573.
Vessel tracking data (AIS/VMS) are now a standard "biosensor"
for identifying fishing grounds and pelagic habitat, as fishing
effort is often more stable than CPUE as a habitat indicator
(Paolo et al., 2024; Welch et al., 2022; Jemeljanova et al., 2024).
Because oceanographic variables differ widely in scale and
contain noise, robust scaling and regularization are
recommended for model stability (Chen et al., 2022; Jiang &
Zhou, 2025), while permutation importance is an established
interpretability tool ensuring predictions align with sound
ecological reasoning (Srinivasu et al., 2024; Zhou et al., 2024).

Given the importance of pelagic habitat modeling for
sustainable fisheries planning, this study evaluates an MLP's
ability to classify pelagic habitats in WPP 573, identify the most
influential  oceanographic  predictors via Permutation
Importance, and assess model precision in delineating catch
zones for operational use by fishers and managers. While MLPs
are already used across marine SDM workflows (Coro et al.,
2024; Selvaraj et al., 2022), the novelty here lies in a deliberately
shallow architecture tuned with L-BFGS and high regularization
(alpha = 5.0) to counter spatial overfitting, paired with a custom
QGIS-based GUI toolbox bridging shallow-learning modeling
and operational spatial fisheries management (Bald et al., 2023;
Kass et al., 2021). Academically, this study contributes
empirical evidence on MLP reliability for marine habitat
modeling in the Indian Ocean; practically, it offers a predictive
tool to improve catch accuracy and support fisheries
management in WPP 573.

RESEARCH METHODS

Research Time and Location

Fish presence data were obtained from Global Fishing
Watch (GFW), which derives commercial vessel movements
from AIS/VMS signals. The data consist of 2025 fishing
locations for 492 vessels (in WPP 573) obtained from the
Global Fishing Watch AIS data, representing gear-specific
vessel trajectories within eight gear types: drift gillnets, set
gillnets, purse seines, other purse seines, trawls, other trawls,
line gears and other line gears. To minimize the effect of spatial
autocorrelation due to clustering of coastal data, spatial thinning
was applied to the data by limiting the number of records to a
maximum of one presence record per 8,905.6 m grid cell.
GFW's ANN-based processing of AIS/VMS data (Paolo et al.,
2024; Wu & Wang, 2022) and the use of activity points as catch-
location proxies are consistent with established -effort-
distribution modeling practice (Karp et al., 2022; Rufener et al.,
2021).

Table 1. Satellite Variables and Their Utilization in Literature

Pre-Processing (Vessel and Satellite Data)

Coordinates were projected to WGS 84 (EPSG:4326),
converted to vector points in QGIS, and labeled "1" (presence)
as the MLP target variable, following standard protocols for
integrating VMS with bathymetric and oceanographic data
(Kalinaet al.,2022; McCarthy et al., 2022). Although GFW/AIS
data is an imperfect proxy for biology, constrained by fuel costs
and regulations, harbor noise was reduced by eliminating vessel
activity from the data within 5 km of ports. Furthermore, by
adding distance to port as a control predictor to the MLP model,
we ensure that zero recorded effort reflects operational
constraints, and not actual habitat unsuitability (McDonald et
al., 2024; Ashrafi & Abe, 2021); however, sustained fishing
concentration reliably identifies productive pelagic grounds
(Kerry et al., 2022; Guiet et al., 2024), consistent with presence-
only species distribution modeling that accounts for preferential
sampling.

Seven environmental and geographical factors (Table
1), including Sea Surface Temperature (°C), Chlorophyll-a
(mg/m?), Bathymetry (m), Distance to Nearest Coral Reef (km),
Salinity (PSU), Sea Surface Elevation (m), and Current Velocity
(m/s) were calculated as annual median composites, following a
robust compositing approach shown to statistically filter
transient cloud and shadow contamination while preserving
persistent spatial signal (Simonetti et al., 2021). This
preprocessing homogenizes spatial input and mitigates the
heavy, persistent cloud cover that limits optical and infrared
satellite observation during the Northwest Monsoon in
Indonesian waters and producing a spatially continuous and
cloud-free grid consistent with the use of static, long-term
averaged environmental predictors to characterize baseline
habitat suitability in species distribution modelling (Milanesi et
al., 2020) to represent the macro-spatial template of persistent
habitat potential in WPP 573. All rasters were standardized to
EPSG:4326 and resampled to a common grid resolution of
8,905.6 m using Nearest Neighbor interpolation to preserve
sharp gradients (e.g., reef boundaries, thermal fronts) without
blurring, consistent with established satellite bathymetry and
habitat-modeling practice (Babbel ef al., 2021; Kass et al., 2021,
McCarthy et al., 2022). Environmental values were extracted at
each vessel coordinate in QGIS to build multivariate habitat
profiles for WPP 573. A custom Python-based GUI toolbox was
developed to standardize input selection and support replication
across regions or timeframes, reflecting current trends toward
automated raster—vector workflows in fisheries modeling (Barth
et al., 2022; Behivoke et al., 2021).

Variable Type Source and Primary Use Practice in Literature Source

SSE, Current, HYCOM / Altimetry — Pelagic Mapping habitats and stock  (Jang et al., 2022; Soltanolkotabi et

Salinity dynamics dynamics al., 2017; Vinayachandran ef al.,
2021)

SST, CHL MODIS - Productivity, Upwelling Foundation of tuna habitat  (Abrahams et al., 2021; Sarré et

Bathymetry, Coral ETOPO / Coral Atlas — Habitat
Reefs structure

SDB approach and coastal
applications

models al., 2024; Dahms and Killen, 2023;

Embury et al., 2024)

(Babbel ef al., 2021; Caballero &
Stumpf, 2023; McCarthy et al.,
2022)
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Model Development

Valid pixel extractions (excluding null/—=9999 values)
formed the tabular training dataset, following standard
MLP/ANN spatial modeling protocols (Koldasbayeva et al.,
2024; Zhu et al., 2022). Outliers were removed using the IQR
method (1.5%IQR) to exclude sensor anomalies (Rustam et al.,
2022). To keep the ratios of presence and pseudo-absence
equal, 492 pseudo-absence points ('0') were drawn from areas of
no fishing activity. In line with established background-
sampling schemes in SDM, a 1.1 SD environmental envelope
filter was applied as a data augmentation approach to limit the
background points from looking like the real fishing grounds.
(Zbinden et al., 2024; Descombes et al., 2022). Gaussian noise
(0.12), tuned via cross-validation, was added to reduce
overfitting to specific coordinates (Koldasbayeva et al., 2024;
Bejani & Ghatee, 2021).

To avoid overfitting of the model to the moderately
sized training data, the choice of hyperparameters was informed
by the 5-fold cross-validation performance among a number of
candidate configurations for the number of hidden neurons (3 to
10) and for the L2 regularization penalty (alpha = 0.1 to 5.0).
The best configuration was determined as a shallow MLP with
seven input neurons and a single hidden layer with three neurons
(Banda & Kumarasamy, 2024; Chen et al., 2022; Rustam et al.,
2022; Wu & Wang, 2022; Zhu et al., 2022), using tanh activation
function with the L-BFGS solver for stable convergence (Bejani
& Ghatee, 2021; Soltanolkotabi et al., 2017), strong L2
regularization (alpha = 5.0), and 1,500 iterations to further
suppress spatial-noise overfitting (Lee ef al., 2022; Wang et al.,
2023). The inputs were scaled by using RobustScaler (Rustam
et al., 2022; Zhu et al., 2022), and 5-fold cross-validation was
used to verify the stability of the model.

Model Evaluation

Performance was assessed via 5-fold cross-validation
using Accuracy, Precision, Recall, Fl-score, and True Skill
Statistic (TSS) yielding accuracy consistently above 80%—
within the range considered good for ecological modeling
(Koldasbayeva et al., 2024; Galappaththi et al.,2021; Zhu et al.,
2022). Precision for the presence class was prioritized to
minimize false positives and field-verification costs (Alotaibi &
Nassif, 2024). Permutation Importance was applied to quantify
variable contributions by measuring accuracy loss under random
shuffling (Kadagi et al., 2021; Zhou et al., 2024), mirroring
sensitivity-analysis practice in ecological SDM (Galappaththi et
al.,2021; Chen et al., 2022). The trained model was then applied
pixel-wise across WPP 573 using predict_proba() to generate a
habitat suitability raster (.tif), consistent with established HSI
mapping approaches in MLP-based pelagic distribution studies
(Pickens et al., 2021; Koldasbayeva et al., 2024).

RESULT AND DISCUSSION

The MLP model's habitat suitability classification was
assessed using a comprehensive evaluation matrix on a balanced
sample of 492 points. Five-fold cross-validation produced a
mean generalization accuracy of 83.95%, closely matching the
training accuracy of 85.57% and an overall accuracy of 0.86; this
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minimal gap between training and validation performance,
together with a True Skill Statistic (TSS) of 0.68, indicates that
overfitting—a common obstacle in applying neural networks to
environmental data—was effectively mitigated. Full precision,
recall, and F1-score results are detailed in Table 2.

Table 2. MLP Model Performance Metrics

Metric Presence Absence  Overall

(Label 1) (Label 0)  Average
Precision 0.95 0.77 0.86
Recall 0.73 0.95 0.84
F1-Score 0.83 0.85 0.84
Cross-Val - - 83.95%
Accuracy

For the "Presence" class (Label 1.0), the model
achieved precision = 0.95, recall = 0.73, and F1-score = 0.83.
This high precision is particularly valuable for fisheries
applications, as it confirms accurate catch locations and
minimizes false positives, while the comparatively lower recall
reflects a deliberately conservative predictive stance that favors
reliable hotspot identification over exhaustive but noisier habitat
detection. For the "Absence" class (Label 0.0), the model
achieved an F1-score of 0.85, with recall = 0.95 and precision =
0.77. Macro-average scores (precision = 0.86, recall = 0.84, F1-
score = 0.84) were nearly identical to the weighted averages,
indicating that the MLP architecture is well balanced and
unbiased—supporting its reliability as a spatial decision-support
tool for fisheries management in WPP 573.

When these metrics were aggregated, the system
maintained a high macro average, yielding a precision of 0.87, a
recall of 0.86, and an F1-score of 0.85. The structural stability
of the model is further underscored by the identical weighted
average scores across all three metrics. The perfect alignment
between macro and weighted averages indicates that the MLP
architecture is effectively balanced and unbiased, providing a
dependable tool for spatial fisheries management in WPP 573.

ENVIRONMENTAL VARIABLE IMPORTANCE (PERMUTATION IMPORTANCE)

0.1386

SST

Salinity

Current Velocity
Bathymetry

Chlorophyll-a

Variable (Environmental Factors)

SSE 0.0400

|
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Figure 1. Environmental Variable Contribution Based on
Permutation Importance

Sea Surface Temperature (SST) ranks as the model's
most dominant predictor, according to the Permutation
Importance analysis (Figure 1). The final output of the MLP
model was high-resolution spatial prediction maps for WPP 573.
By applying the predict proba() function across the rasterized
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environmental layers, the model produced a continuous
probability surface of habitat suitability. The resulting maps
visually synthesize the dominance of SST and salinity; areas
with higher probability scores (approaching 1.0) consistently
align with specific thermal fronts and current-driven upwelling
zones. This spatial projection transforms complex multivariate
interactions into an actionable visual tool, effectively delineating

"high-potential" fishing grounds where the convergence of
physical variables creates optimal metabolic conditions. This
outcome validates the model's utility as a dynamic decision-
support system for operational fisheries management. This zero-
value contribution internally validates the model's spatial
selectivity.

105°0'0"E 110°?'O"E

115°P'0‘E

120°0'0"E 125°0'0"E

500's

10“\?[3”5

120°00°F

10°00N

0o

S900"S

1
107%00"S

15°00"S

10%0'0's

100°00°E 120°00°E 130°00°E

15°0'0"S

1 1 Ll
105°00"E 110°00°E 115°00°E 120°0'0"E 125°0'0"E

Mapping Pelagic Fish Habitat Probability in FMA 573 via Multi-Parameter Satellite Data and Deep Learning

. Low Probability

Legenda Scale : 1:10,000,000 Source Map :
. tigh provabiity [l Land 0 100 200 400 600 800 km 1. HYCOM Imagery
T T 2. MODIS Imagery
[ Ocean 3. ETOPO Imagery
- Fishing Ground (VMS) Coordinat System : WGS 84 (World Geodetic System 1984) 4. Allen Coral Atlas
EPSG Code 14326 5. Global Fishing Watch (GFW)

Figure 2. Spatial Prediction Map of Pelagic Habitat Probability in WPP 573.

The spatial output of MLP model shows that potential
habitats are distributed in a very organised manner in the entire
study area. A clear cluster of high probability zones (red shaded
zones) is observed along the coastal and inner shelf waters off
southern Java, Bali, and Nusa Tenggara. The spatial patterns
illustrated in Figure 2 delineate an optimal habitat suitability
corridor along the southern coastline of these islands. Sea
Surface Temperature (SST) and current velocity dynamics at the
ideal thresholds for pelagic fish aggregation are effectively
captured by the concentration of high-probability zones at
specific oceanographic convergences. By synthesizing complex
multivariate interactions into this actionable visualization, the
model provides a robust empirical basis for identifying potential
fishing grounds. These results suggest that operational
efficiency for the fishing industry can be significantly enhanced
by focusing efforts within these identified corridors, thereby
reducing search time and minimizing associated operational
costs.

The spatial analysis in Figure 2 further reveals that
intermediate to high-probability zones (indicated by orange
gradients) are extensively distributed from the waters of Banten
to Bali, covering a broader spatial extent toward the southern
Indian Ocean. This widespread distribution suggests a larger
corridor of favorable conditions throughout the central portion
of the study area.

Model Performance

Five-fold cross-validation yielded a mean accuracy of
83.95%, close to the training accuracy of 85.57%—a gap under
2% indicating stable convergence rather than overfitting,
consistent with standards for reliable spatial MLP projections
(Koldasbayeva et al., 2024; Galappaththi et al., 2021; Zhu et al.,
2022). This stability supports the parsimonious architecture (one
hidden layer, three neurons) combined with high regularization
(alpha = 5.0), which together forced the model to learn broad
ecological patterns rather than memorize noise, consistent with
established guidance on complexity control in shallow neural
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networks (Park & Lek, 2016; Bejani & Ghatee, 2021). The result
supports confident large-scale spatial deployment across WPP
573. The Presence class achieved a Precision of 0.95, indicating
that 95% of predicted habitat areas matched historical VMS
catch locations—a deliberate strategic emphasis in industrial
fisheries, where false positives translate directly into wasted fuel
and labor (Alotaibi & Nassif, 2024). The corresponding Recall
of 0.75 reflects a conservative trade-off: roughly 25% of
potential habitat may be missed, but the areas the model does
recommend are highly reliable and actionable for fishers.

Environmental Variable Contribution

Permutation Importance identified Sea Surface
Temperature (SST, score 0.1386) as the dominant predictor,
consistent with a meta-analysis of 224 marine fish distribution
studies showing physical variables (SST, salinity, SSH)
outweigh biological variables such as chlorophyll-a for pelagic
guilds (Pickens et al., 2021), and with permutation-based
hierarchies reported for Northeast Atlantic sardines (SST ~31%,
salinity ~21%, current—coastline interaction ~19%; Lima et al.,
2022). This physical dominance reflects Southeast Monsoon-
driven upwelling in WPP 573: alongshore winds induce offshore
Ekman transport that draws cool, saline, nutrient-rich water to
the surface, creating thermal/salinity fronts that pelagic fish
track as cues for prey aggregation, while current velocity
concentrates planktonic food into retention zones—patterns also
documented off South Java and the Lesser Sunda Islands
(Mandal ef al., 2022; Simanjuntak and Lin, 2022). In contrast,
the null importance of Coral Reef (0.0000) is consistent with
known guild divisions, with reef associated predictors being
important for reef fish but not for offshore pelagic species
(Pickens ef al., 2021). Rather than being a flaw, this zero-value
score provides a powerful internal validation of the MLP model
spatial selectivity and ecological realism, indicating that the
network autonomously inhibited and removed non-informative
benthic features without necessitating manual feature pruning
and thus properly distinguished benthic-coastal from pelagic
environment.

Pelagic Habitat Probability

Overlaying training points (VMS/catch locations) on
the prediction surface confirmed that most presence points fall
within or near high-probability zones, mirroring standard HSI
validation practice for tuna and sardine habitat models (Alotaibi
and Nassif, 2024; Lima et al., 2022; Jiang and Zhou, 2025).
These hotspots coincide with current convergences and thermal
fronts and are intended to delineate priority operational zones
rather than direct tonnage estimates, consistent with global
pelagic modeling standards for decision support in fisheries
operations and spatial planning. Because the model is calibrated
on 2025 annual medians to capture a macro-spatial baseline,
predicted hotspots do not reflect intra-annual seasonal shifts
driven by monsoon cycles (e.g., Southeast upwelling vs.
Northwest monsoon) and areexpected to shift under interannual
climate anomalies such as El Nifio/Positive IOD (intensified
upwelling, expanded suitability) versus La Nifia/Negative IOD
(suppressed upwelling, contracted suitability)—though the
direction of these shifts is not uniform across species or regions:
negative IOD has been shown to shrink mackerel tuna habitat
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off Java (Koropitan et al., 2021), while increasing small pelagic
production elsewhere in the eastern Indian Ocean (Lumban-
Gaol et al., 2021). This sensitivity means the model will transfer
imperfectly to anomaly years, consistent with evidence that
MLPs show the largest performance variation among SDM
algorithms under changing climate regimes (Lee et al., 2022).
Given an estimated pelagic potential of ~978,581 tons in WPP
573 (KKP data), these suitability maps support two functions:
directing fishing effort toward high-probability zones within
TAC limits (Alotaibi & Nassif, 2024; Jiang & Zhou, 2025), and
supporting adaptive management by linking future shifts in SST
or current velocity to potential habitat relocation (Lima et al.,
2022; Deneu et al., 2021).

CONCLUSION

This study concludes that an optimized shallow Multi-
Layer Perceptron (MLP) architecture, only three neurons and
strong regularization (Alpha 5.0), effectively classifies pelagic
habitats in WPP 573 with stable generalization accuracy of
83.95%. The minimal gap between training (85.57%) and testing
performance ensures the model's robustness against overfitting,
demonstrating that a streamlined network is sufficient for
capturing complex, non-linear oceanographic relationships. Sea
Surface Temperature (SST) emerged as the most significant
predictor (0.1386), followed by salinity (0.0976) and current
velocity dynamics (0.0866), indicating that physical water mass
characteristics primarily drive fish distribution in this region.
Crucially, the model achieved a 95% precision for the presence
class, providing a reliable, low-risk tool for delineating potential
catch zones and mitigating operational costs for fishers by
minimizing "false positive" hotspots. While integrating these
predictions into a custom QGIS Toolbox enhances practical
marine management, future studies must incorporate
independent fisheries datasets and validate the model against
inter-annual climate variability, such as ENSO and 10D, before
full-scale operational deployment.
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