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Dynamic oceanographic processes shape tuna distribution, yet spatially explicit habitat-
suitability products derived from historical catch and satellite data remain limited for
operational planning. This study models tuna habitat suitability in response to monsoon-
driven oceanographic variability by integrating remote-sensing indicators with a habitat-
suitability framework and an index-based mapping output. Satellite-derived sea surface
temperature (SST) and chlorophyll-a (Chl-a) were combined with catch per trip (used as
a CPUE proxy) to fit Generalized Additive Models (GAMs). The GAM-fitted CPUE
values (log(CPUE+1)) were then used to derive a spatial pelagic habitat index (PHI). This
process involved rescaling fitted values to a 0—1 habitat suitability score, assigning
monthly scores to fishing locations, spatially interpolating the suitability field, and
classifying PHI into low, medium, and high suitability zones. Tuna occurrence and catch
intensity concentrated within distinct environmental windows (SST: 26-30.5°C; Chl-a:
0.1-0.9 mg m™), indicating coupled effects of thermal habitat and primary productivity.
The GAM showed low explanatory power (*2—4% deviance explained), but the PHI
maps still highlighted recurrent high-suitability zones that were consistent across
monsoon phases. Rather than claiming real-time forecasting, this indicator-based
framework prioritizes interpretability and spatial specificity, providing a replicable
workflow for generating habitat suitability maps that can inform fishing ground selection
and spatial planning within ecosystem-based fisheries management under monsoon

variability.

1. INTRODUCTION

Tuna fisheries in tropical upwelling systems are tightly
linked to sea surface temperature (SST) and chlorophyll-a
(Chl-a), which together regulate habitat suitability and prey
availability for highly migratory pelagic fish. SST constrains
metabolic performance and migration pathways, while Chl-a
reflects primary productivity that supports forage organisms at
lower trophic levels [1]. Optimal SST for many tropical
pelagic species typically lies around 27-30.1°C, but local
upwelling can depress surface temperatures and elevate Chl-a,

creating transient yet highly productive foraging habitats [2-4].

When SST cooling and Chl-a enrichment co-occur, prey fields
can intensify rapidly, shifting tuna aggregation patterns and
catch rates at seasonal timescales [5, 6].

Studies of upwelling systems in the Indonesian region show
that these processes generate distinct pelagic “hotspots”. In the
Bali Strait, for example, active upwelling can lower SST to
about 24.93°C and increase Chl-a to around 1.33 mg m>,
closely tracking tuna migratory patterns and aggregations [6].
Similar relationships between SST, Chl-a, and tuna
distribution have been reported more broadly in the Indonesian
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seas and western Pacific, where elevated Chl-a fronts and
moderate SST jointly define favourable pelagic habitats [7-9].
Satellite remote sensing and pelagic habitat indices allow these
structures to be detected synoptically, providing a basis for
retrospective mapping of habitat suitability and potential
fishing-ground likelihood across monsoon phases [10, 11].

At the same time, Indonesian tuna fisheries face growing
pressure from overfishing and fleet expansion. Increased
capacity and widespread use of Fish Aggregating Devices
(FADs) have raised fishing effort and altered spatial patterns
of exploitation, with evidence of declining catch per unit effort
(CPUE) in several areas [12, 13]. FAD-based fishing tends to
concentrate effort and elevate juvenile catches below size at
maturity, contributing to localized depletion and long-term
risks for stock productivity [14, 15]. These pressures are
particularly critical for coastal communities where tuna landed
through small ports such as Pondokdadap / Sendangbiru
underpin livelihoods, employment, food security, and related
coastal economies [16-18].

Environmental variability further complicates this socio-
ecological setting. Relationships between CPUE of Thunnus
spp. and oceanographic variables (SST, Chl-a) in the Indian
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Ocean are modulated by large-scale climate modes such as El
Niflo—Southern Oscillation (ENSO) and the Indian Ocean
Dipole (I0OD), which alter thermal structure, productivity, and
tuna vertical habitat [19-21]. Several studies have shown that
SST, in particular, is a dominant predictor of tuna habitat and
catch dynamics, implying that climate-driven changes in SST
and productivity will strongly influence future tuna
availability and fisheries performance [22, 23]. However,
translating these climate—ocean signals into spatially explicit
products that remain consistent across monsoon phases is still
methodologically challenging, especially for data-limited
fisheries.

Recent advances in remote sensing have transformed
environmental and marine studies from static descriptive
analyses into eco-informatics systems capable of supporting
seasonal and interannual spatial decision-making. Satellite
observations offer continuous, wide-area, and cost-effective
monitoring of dynamic processes, enabling natural variability
to be translated into operational indicators for management
and planning. Such approaches have been applied in
environmental monitoring and spatial assessment to bridge
environmental dynamics with applied design and governance
needs [24].

In the context of fisheries, particularly small-scale and data-
limited tuna fisheries, the main challenge is not the absence of
environmental data but the lack of practical frameworks that
convert oceanographic variability into spatially explicit habitat
products. Most previous studies focus on statistical
relationships between fish distribution and environmental
variables, while fewer emphasize transparent, replicable
workflows that can be implemented by managers and fishing
operators. Here, remote sensing and habitat modelling are used
as design enablers to generate retrospective habitat suitability
maps, rather than to deliver real-time forecasts. This research
develops a pelagic habitat index (PHI) that operationalizes
SST—Chl-a variability into classified suitability zones (low,
medium, and high) that can inform fishing-ground selection
and seasonal spatial planning [25].

Accordingly, this study aims to develop an indicator-based
habitat suitability framework by integrating satellite-derived
SST and Chl-a with Generalized Additive Model (GAM)-
based habitat modelling and PHI mapping. The resulting PHI
maps are intended to support seasonal and spatial decision-
making under monsoon-driven variability by providing
spatially explicit habitat suitability maps derived from
historical data. In addition, this study evaluates the temporal
stability of the identified habitat windows under monsoon
variability, to assess whether suitability ranges persist across
seasons and years and to inform risk-aware tuna fisheries
management.

2. METHODOLOGY

The methodology was structured as an eco-informatics
workflow integrating remote sensing data processing,
statistical habitat modelling, and indicator construction to
support seasonal decision-making. This workflow-oriented
structure follows design-based environmental studies that
emphasize transforming environmental signals into
management-ready indicators, rather than producing isolated
analytical outputs [24]. Importantly, the workflow is based on
historical observations and is not intended as real-time
forecasting or process-based simulation [24].

Satellite-derived SST and Chl-a concentrations were used
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as primary environmental inputs due to their established role
in characterizing pelagic habitat conditions and their
suitability for continuous spatial monitoring. These variables
were processed to represent oceanographic dynamics at
appropriate spatial and temporal scales for fisheries
applications. GAMs were employed as the habitat modelling
component of the framework to capture non-linear
associations between tuna catch-per-trip (CPUE proxy) and
environmental variables. GAMs were selected for their
flexibility in modelling complex ecological relationships
under heterogeneous operational conditions. The GAM fitted
values of log(CPUE+1) were then converted into a spatial PHI
through (i) rescaling fitted values into a 0—1 suitability score,
(ii) assigning scores to observed fishing locations by month,
(iii) spatial interpolation to a continuous surface, and (iv)
classification into low, medium, and high suitability zones.
The PHI enables model outputs to be interpreted as spatially
explicit habitat suitability maps that can inform fishing-ground
selection and seasonal spatial planning, rather than as real-time
“advisories.”

2.1 Catch dynamics and fishing areas

Catch dynamics were analyzed using monthly tuna catch
data aggregated by gear type (pole-and-line and trolling) from
annual fishery statistics compiled by the Marine and Fisheries
Service. For each month, the total catch of tuna (genus
Thunnus) and the corresponding number of fishing trips were
extracted to calculate the CPUE proxy, which is commonly
used as an index of relative availability in data-limited
fisheries. Because catch-per-trip does not account for variation
in fishing capacity (e.g., vessel power/tonnage, gear
specifications, soak/operation time), CPUE is treated here as
an operational proxy rather than a fully standardized
abundance index; this limitation is considered when
interpreting model performance and PHI outputs. To explore
the distribution of production levels, the monthly catch time
series was classified into intervals based on Sturges’ rule [26],
implemented in Microsoft Excel. The number of classes k was
defined as Eq. (1):

k=1+33logn (1)
where, n is the number of observations. The class interval ¢
was then determined as Eq. (2):
Xn— X

2 2

Cc =

where, X,, and X; denote the maximum and minimum
monthly catch values, respectively. This procedure produced
frequency distributions of monthly production that highlight
dominant and extreme catch levels over the study period,
consistent with approaches used in CPUE time-series analyses
for pelagic fisheries.

CPUE was computed as Eq. (3).

€)

where, CPUE is tuna (genus Thunnus) catch per trip per month,
Catch is the monthly tuna catch (kg), and Effort is the number
of tuna fishing trips using pole-and-line and trolling gears.
CPUE is therefore expressed as kg trip! month™ and
represents a simple effort standardization appropriate for the



available data. This index provides a relative measure of tuna
availability that can be linked to environmental conditions,
similar to GAM-based CPUE applications in tuna habitat
studies [27, 28]. Spatial information on fishing grounds was
derived from coordinate data reported in the same statistics
and institutional reports, allowing the reconstruction of tuna
fishing areas exploited by the Pondokdadap fleet.

2.2 Oceanographic variables analysis

To characterize the environmental conditions of tuna
fishing grounds, maps of SST and Chl-a were generated using
satellite remote sensing and geographic information systems
(GIS). Coordinate data for fishing grounds were obtained from
Marine and Fisheries Department reports and fishery statistics
and processed in ArcGIS to define the spatial extent of the
study area, following the general approach of potential fishing
zones (PFZ) mapping studies that integrate fishing locations
with oceanographic fields [29, 30]. Daily and monthly SST
and Chl-a data were downloaded from Aqua MODIS imagery
via the NASA OceanColor portal in netCDF (.nc) format [31].
Monthly composites were used to align satellite fields with the
temporal resolution of the CPUE series and to represent
monsoon-scale variability.

Pre-processing of satellite data was carried out in SeaDAS,
where scenes were subsetted to the region of interest and
converted into GeoTIFF format. These raster products were
then imported into ArcGIS for reprojection, masking, and
interpolation, and temporally matched to the monthly CPUE
series. Using ArcMap, spatially explicit SST and Chl-a values
were extracted for each fishing location and month and
exported to Excel for further analysis. This workflow mirrors
established procedures combining MODIS SST and Chl-a,
GIS, and fishery data to delineate potential fishing zones for
pelagic species [32, 33].

2.3 Generalized Additive Model analysis

Non-linear relationships between tuna CPUE proxy and
oceanographic variables were examined using GAMs. GAMs
are particularly suitable for fisheries habitat analyses because
they allow flexible smooth functions of predictors while
avoiding strong parametric assumptions, and they have
become a principal tool to quantify relationships between fish
distributions, CPUE, and key variables such as SST and Chl-a
[27, 34]. The models were implemented in RStudio using the
mgcv framework, following the formulation [29]. Smooth
terms were represented using a thin plate regression spline
basis, with smoothing parameters selected by Restricted
Maximum Likelihood to balance fit and overfitting:

log(CPUE + 1) = a + s(SST) + s(CHL) + ¢ @)
where, log(CPUE+1) is the natural logarithm of CPUE plus
one, a is the intercept, s(SST)and s(CHL) are smoothing
functions for SST and Chl-a, respectively, and ¢ is the random
error term.

2.4 Pelagic habitat index analysis

To quantify habitat suitability and map potential fishing
grounds, a PHI was derived by combining GAM model output
with SST and Chl-a distributions. PHI represents a relative
habitat suitability score (0—1) reflecting the role of physical
conditions and primary production in structuring tuna
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distribution and catch patterns [28]. Data processing was
performed in Excel, RStudio, and ArcMap to integrate
spatially explicit GAM fitted values, SST, and Chl-a,
following PFZ-mapping workflows that combine MODIS
products with GIS and habitat indices [29]. Here, PHI is built
from the GAM fitted CPUE signal to ensure a consistent link
between habitat modelling and mapped suitability.

First, a probability index based on modelled CPUE response
within each environmental class was computed as:

Y.CPUE;; /CPUE ax
n

)

Plepye =

where, Plcpyy is the average probability index, CPUE;; is the
GAM fitted CPUE (on the log(CPUE+1) scale), optionally
back-transformed for interpretation) associated with class j for
variable i, CPUE 4, 1 the maximum fitted CPUE for that
variable, and n is the number of class intervals (bins) for the
corresponding environmental variable (SST or Chl-a), not the
total number of observations. Plcpyg is computed separately
for SST classes and for Chl-a classes.

Second, an index of fishing frequency (PIf) for each
environmental class was calculated as:

ZFij/Fimax
n

PIf = (6)

where, F;; is the frequency of tuna catches associated with a
particular SST or Chl-a class, and Fj,,x is the maximum
frequency observed for that variable, and # is the number of
class intervals for that variable. Plfis calculated separately for
SST classes and for Chl-a classes. To remove ambiguity, the
complete PHI workflow is defined as follows: (1) fit the GAM
and compute fitted values for each month—location pair; (2)
normalize fitted values to a 0-1 suitability score; (3)
summarize how suitability and occurrence distribute across
SST and Chl-a classes via Plcpye and PIf; (4) assign the
normalized suitability score to fishing coordinates; (5)
spatially interpolate the score to generate continuous PHI
surfaces; and (6) classify PHI into low, medium, and high
suitability categories using fixed thresholds or quantiles. This
approach supports consistent habitat zoning comparable to
PHI-based classifications used in Indonesian and regional tuna
fisheries while maintaining a transparent link between GAM
output and mapped suitability (PHI) [32, 33].

3. RESULTS
3.1 Fishing area distribution

Spatial analysis of logbook records and fisher interviews
yielded 5,584 georeferenced points from interviews and 8,213
points from logbooks, delineating tuna fishing grounds
between 108°-116° E and 8°-14° S (Figure 1). These grounds
extend from approximately 4 nautical miles off the south Java
coast to around 325 nautical miles offshore, indicating that
both nearshore and distant oceanic habitats of the genus
Thunnus are exploited. Most effort clusters along preferred
“corridors” aligned with port access from Pondokdadap,
reflecting typical patterns seen when fishing grounds are
reconstructed from logbooks, VMS, and fisher-reported
positions in small-scale and semi-industrial tuna fleets [35-37].
Because fishing range and operational capability can influence



where effort occurs, this spatial footprint is interpreted as an
effort distribution (opportunity space) rather than a direct map
of stock distribution. This footprint forms the basis for
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Figure 1. Map of tuna fishing areas in the study region based on logbook and interview data

3.2 Catch composition

Over the 2020-2022 period, total landings of tuna (genus
Thunnus) at Pondokdadap reached 3,421,221 kg, comprising
yellowfin, albacore, bigeye, and southern bluefin tuna (Figure
2). These landings summarize port-level production and are
influenced by both availability and fishing operations;
therefore, they are interpreted alongside effort (trips) and
environmental conditions rather than as abundance alone.
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Figure 2. Three-year tuna catch production (2020-2022) by
weight landed at Pondokdadap

Annual production increased markedly, with the lowest
total recorded in 2020 (423,325 kg) and the highest in 2022
(1,574,149 kg). This increase likely reflects a combination of
environmental variability and operational factors (e.g., trip
intensity, spatial expansion, and fleet behaviour), rather than a
simple change in stock size. The pattern is consistent with
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regional observations that yellowfin, bigeye, and albacore
dominate industrial and coastal landings and that their relative
contributions can shift with environmental variability and fleet
behaviour [21, 38].

3.3 Catch class interval

Table 1. Class intervals, frequencies, and relative frequencies
of monthly tuna catches (2020-2022)

Class Interval (kg) Class Interval (kg) F  F(%)
1 271 120,821 271-120,821 7 50
2 120,821 241,372 120,821-241,372 3 21
3 241,372 361,922  241,372-361,922 0 0
4 361,922 482,472  361,922-482,472 1 7
5 482,472 603,023  482,472-603,023 3 21
Total 14 100

Monthly tuna catches (kg per month) over three years were
grouped into five Sturges-based classes. The data range (271—
603,023 kg) and resulting class interval of approximately
120,550 kg produced a highly skewed frequency distribution,
with 50% of observations in the lowest class (271-120,821 kg)
and 21% in the highest class (482,472-603,023 kg), as shown
in Table 1. Intermediate classes were sparsely occupied,
including one class with no observations, highlighting the
contrast between frequent low-yield months and relatively rare
high-production peaks. This descriptive stratification is used
to contextualize subsequent CPUE—environment analyses and
does not imply discrete regime shifts without additional testing.
The approach mirrors standard methods for exploring fisheries
time series and identifying dominant production levels and tail



events in catch or CPUE data [39, 40]. is consistent with data-limited tropical tuna fisheries, where
methodological consistency, environmental variation, and
3.4 Catch per unit effort fleet behaviour condition the interpretation of CPUE-based
habitat models [41-43].
CPUE for Thunnus spp. landed by handline and trolling

fleets showed pronounced temporal variability. Several 3.5 Oceanographic variation

months in 2020-2022 recorded CPUE values of 0 kg/trip,

reflecting lean seasons and unfavourable weather that Average SST in the study area over three years was 27.12°C,
restricted operations. The lowest non-zero CPUE occurred in with values ranging from 25.45°C (August 2020) to 28.79°C

September 2020 (0.6 kg/trip), while the highest was observed (February 2020). Mean Chl-a concentration was 0.16 mg m3,
in April 2021 (572.9 kg/trip). Because CPUE is expressed as varying between 0.06 mg m (January 2021) and 0.36 mg m

catch-per-trip, it does not account for differences in fishing (August 2020). To highlight monsoon-driven seasonality, SST
capacity (e.g., vessel power/tonnage, crew, gear configuration, and Chl-a are summarized using multi-year monthly (or
trip duration), and it can be influenced by fisher behaviour and quarterly) means rather than annual-only panels. These
FAD use. Accordingly, CPUE is treated here as an operational summaries show cooler surfaces and elevated Chl-a during
proxy suitable for linking to environmental variability, rather periods aligned with the southeast monsoon, consistent with
than as a fully standardized abundance index. This limitation monsoon-driven upwelling south of Java [44].
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Figure 3. Oceanographic parameter values against tuna fish productivity: (a) Monthly mean SST vs. catch/CPUE; (b) Monthly
mean Chl-a vs. catch/CPUE

Panels are plotted as multi-year monthly means (or quarterly) to emphasize monsoon seasonality, with interannual variability shown as shaded ranges.
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Figure 6. GAM smoothing curves for SST and Chl-a with 95% confidence intervals showing their effects on CPUE

Temporal overlays of catch, SST, and Chl-a (Figure 3)
indicate that higher catches often occurred when SST was
moderately cool and Chl-a within a moderate range, consistent
with monsoon-linked productivity pulses. For example, in
August 2020 catches reached 330,865 kg with CPUE 230
kg/trip at SST 25.45°C and Chl-a 0.31 mg m™, while in July
2022 catches were 979,593 kg with CPUE 428 kg/trip at SST
26.04°C and Chl-a 0.28 mg m™. These observations are
consistent with tropical Indian Ocean studies where cooler,
nutrient-enriched surface waters and elevated Chl-a are
associated with enhanced tuna productivity and catch peaks
[45]. The spatial distribution of SST and Chl-a in the study
area for 2020-2022 is shown in Figures 4 and 5.

3.6 Generalized Additive Models analysis
GAMs were fitted to relate the CPUE proxy of Thunnus spp.

to SST, Chl-a, and their combination. The SST-only model
(SST) produced the lowest Akaike Information Criterion (AIC)
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(17,342) and explained ~2% of deviance, while the Chl-a
model explained ~2.21% of deviance (AIC 17,359). The
combined SST + Chl-a model increased deviance explained to
~4.21% but had a higher AIC (17,512), indicating a trade-off
between fit and complexity. Although smooth terms were
statistically significant (P < 2e-16; Table 2), the overall
explanatory power was low, suggesting that substantial
variability in CPUE is driven by unmodelled factors (e.g.,
operational behaviour, fleet heterogeneity, FAD dynamics,
and other environmental covariates). Following GAM
selection criteria that balance deviance explained and penalize
complexity [46, 47], the SST model was retained as the most
parsimonious formulation for deriving interpretable habitat
windows, while the combined model is reported as an upper
bound on fit under the available covariates.

The GAM smoother plots (Figure 6) show that SST values
between approximately 26 and 30.5°C and Chl-a levels around
0.1-0.9 mg m™ contribute positively to CPUE, while values
outside these ranges depress predicted catch. These habitat



windows are consistent with broader GAM applications where
SST, productivity proxies, and depth-related variables emerge
as key predictors of pelagic fish distributions and catch
variability [48-50].

Table 2. GAM model statistics for CPUE as a function of
SST, Chl-a, and their combination

No. Model Variable P-Value DE AIC edf
1 SST SST <2e-16 *** 2% 173428.287
2 Chlorophyll-a  Chlorophyll-a <2e-16 ***2.21% 17359 8.229

SST+
Chlorophyll-a SST <2e-16 ***4.21% 17512 8.418
Chlorophyll-a  <2e-16 *** 7.523
**%: p <0.001.

3.7 Pelagic habitat index analysis

PHI analysis integrated the GAM-derived suitability signal
with SST and Chl-a to classify tuna habitat suitability.
Histograms of CPUE against SST and Chl-a (Figure 7) show
that the highest CPUE (as a catch-per-trip proxy) occurred at
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SST 28.86-29.25°C (mean 29.05°C), while the minimum
CPUE was associated with the warmest class (30.78-31.16°C,
mean 30.97°C). For Chl-a, maximum CPUE occurred at 0.13—
0.20 mg m> (median ~0.16 mg m™=), whereas the lowest
CPUE was linked to the highest Chl-a class (0.90-0.97 mg
m). These class-based summaries are used to interpret the
environmental ranges that dominate observed catches and to
support the “habitat window” interpretation from the GAM
smoother curves.

Frequency histograms (Figure 7) demonstrate that most
tuna catches were associated with SST 26.37-30.97°C, with
the peak frequency (20.25%) in the 26.56—-26.95°C class. For
Chl-a, 33.12% of catch frequency fell within 0.13—-0.20 mg
m3, reinforcing this range as a core productivity window.
These patterns are consistent with PHI applications elsewhere,
where moderate Chl-a fronts and optimal thermal ranges
define medium-high suitability habitats for skipjack and
yellowfin tuna [8, 28, 29]. Because the GAM deviance
explained is low, these distributions are interpreted as
dominant observational regimes rather than deterministic
predictors.
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Figure 7. Histograms of (a) CPUE—Chl-a; (b) CPUE-SST; (c¢) Catch frequency—SST; and (d) Catch frequency—Chl-a

Interpolated PHI values over 2020-2022 ranged from O to 1
after normalization (negative values were removed by
rescaling the underlying suitability field), and were classified
into low, medium, and high potential categories (Figure 8).
Classification thresholds were defined explicitly (e.g.,
quantiles or fixed cut-points), and the rationale for the selected
cut-points is reported to ensure reproducibility. Of 97,884
interpolated pixels, 29.47% fell in the low, 59.00% in the
medium, and 11.53% in the high potential class. Seasonally,
April exhibited the highest number of tuna hauls in the
medium class (7,562 hauls; 93%), whereas March contained a
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small proportion of hauls in the high-potential class (71 hauls;
1%). This dominance of medium-class habitat and the
restricted extent of high-PHI cells mirrors other PHI-based
studies in tropical tuna grounds, where values above ~0.75
delineate core hotspots within a broader matrix of moderate
suitability [29, 51, 52]. To strengthen decision relevance, the
monthly PHI maps are additionally summarized by reporting
the centroid coordinates and the areal extent of “high” zones,
and by filtering zones within a feasible travel distance from the
home port to reflect vessel range limits.
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Figure 8. Map of pelagic habitat index (PHI) classes (low, medium, high) for Thunnus spp. in the study area (2020-2022)

4. DISCUSSION

The SST-Chl-a windows identified in this study (SST=26-
30.5°C; Chl-a~0.1-0.9 mg m3) are broadly consistent with
tuna habitat preferences reported from other regions of the
Indian and Pacific Oceans. Skipjack and other tropical tunas
in the Makassar Strait, for example, occupy areas with
elevated Chl-a and optimal SST ranges, reflecting coupling
between primary productivity and pelagic predator
distribution [29]. In the southeastern Indian Ocean, albacore
tuna shows a narrower thermal niche (15-26°C), highlighting
interspecific differences in habitat windows even within the
same basin [53]. These comparisons support the ecological
plausibility of the identified “windows,” while emphasizing
that ranges are species- and region-specific.

Seasonal displacement of skipjack habitats driven by SST
and Chl-a gradients [8], resembles the seasonal shift of
favourable habitat south of Java observed in our PHI patterns.
By contrast, yellowfin tuna often shows more stable thermal
preferences modulated by decadal climate variability [54].
These comparisons suggest that our SST—Chl-a windows for
Thunnus spp. South of Java aligns with regional patterns while
retaining local specificity shaped by monsoon-driven
upwelling. The convergence of tuna habitat around moderate
SST and enhanced Chl-a reported in Atlantic and Indian Ocean
meta-analyses [55] supports the generality of these niches. In
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this study, the GAM—PHI workflow is used to translate those
niches into spatially explicit maps, not to claim real-time
predictive forecasting.

Comparative evidence across Pacific—Indian settings
reinforces that tuna aggregation is frequently associated with
productivity gradients and temperature boundaries, but the
exact ranges vary by species and region. Therefore, the
“windows” reported here are interpreted as regionally
calibrated ranges for southern Java rather than universal
constants [8, 29, 53].

The sensitivity of habitat patterns to year-to-year changes in
SST and Chl-a is consistent with evidence that ENSO and IOD
events modify tuna habitat and CPUE in Indonesian waters.
Istnaeni et al. [20] showed that ENSO- and IOD-driven
anomalies in SST and Chl-a alter yellowfin presence and catch
rates in the eastern Indian Ocean, while Wiryawan et al. [56]
linked large yellowfin distribution and CPUE to physical
changes in the water column. This context is important
because the GAMs in the present study explain only ~2—4% of
deviance, indicating that interannual climate variability and
operational factors can overwhelm the partial effects of SST
and Chl-a in catch-per-trip data.

Incorporating dynamic oceanographic drivers into GAMs
has been shown to improve deviance explained and reduce
bias for pelagic species [21, 27]. Similarly, changes in primary
productivity and upwelling intensity documented by Hsiao et



al. [57] suggest that habitat suitability for tuna can move
rapidly in space, which challenges static habitat models.
Habitat Suitability Index and related indices for Euthynnus
affinis have also been shown to track SST and Chl-a changes
associated with seasonal upwelling and 10D phases [49],
reinforcing the need to interpret PHI and GAM outputs in a
climate-contextual framework. At broader scales, long-term
projections indicate that ongoing climate change,
superimposed on natural variability, will shift tuna habitats
and prey fields [58], implying that the environmental windows
identified here may change in position and width over the
coming decades. This supports treating PHI as a mapping
framework that should be recalibrated as new data accumulate,
rather than as a fixed “rule”. Given the modest deviance
explained (~2—4%), future models should explicitly
incorporate climate indices (ENSO/IOD) and additional
covariates (e.g., wind-driven upwelling proxies, current
strength, mixed-layer depth) to stabilize habitat—catch
relationships across years [20, 27, 56, 56].

In practical fisheries governance, GAM and PHI-based
habitat products can support ecosystem-based fisheries
management (EBFM) and spatial planning by providing
routinely updated (e.g., monthly) habitat suitability maps that
identify “high suitability” zones and their geographic
coordinates. In the context of this study, implementation
would involve: (i) producing a monthly PHI map, (ii)
delineating polygons/cells classified as “high,” (iii) reporting
their centroid coordinates and areal extent, and (iv) filtering
candidate zones by feasible travel distance from the home port
to reflect vessel range and safety constraints. These map-based
outputs can then inform seasonal spatial prioritization (e.g.,
voluntary effort concentration, monitoring focus, or time—area
planning) and, where governance capacity exists, can be
considered alongside conservation objectives (e.g., bycatch
risk periods) [59-62]. Because the present work is based on
historical data and exhibits modest explanatory power, claims
of “near-real-time advisories” are avoided; the contribution is
a transparent framework for generating spatial habitat
suitability products.

Future extensions can integrate climate indices
(ENSO/IOD) and operational constraints (vessel capability,
safety, costs) into a multi-criteria habitat suitability and
planning framework to improve robustness across years.
Including simple effort-capacity covariates (e.g., vessel
class/GT, engine power, gear specifications) would also
address limitations of catch-per-trip CPUE and may increase
explanatory power. Such integration would strengthen PHI as
an adaptive planning instrument under climate-driven
variability.

From a design perspective, this study translates remotely
sensed ocean dynamics into an operational habitat indicator
(PHI) that supports interpretable, map-based decision-making
in tuna fisheries. By converting environmental variability into
spatially explicit habitat suitability information, the
framework enables oceanographic signals to be interpreted for
management and operational planning. Indicator-based
approaches such as PHI provide a bridge between
environmental monitoring and applied fisheries governance.
In this study, the actionable output is the generation of monthly
or seasonal habitat suitability maps (low—medium-high) and
the delineation of recurrent high-suitability zones, rather than
real-time forecasting or prescriptive “advisories.” This design-
oriented interpretation highlights remote sensing not only as a
descriptive tool, but as a foundation for developing replicable
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planning instruments that can support efficient and risk-aware
fisheries management under monsoon-driven variability.

5. CONCLUSION

This study demonstrates that satellite-derived ocean
dynamics can be translated into spatially explicit habitat
suitability maps through an indicator-based eco-informatics
framework. The most critical results indicate that tuna catches
are associated with SST =26-30.5°C and Chl-a = 0.1-0.9 mg
m>3, and that PHI maps highlight recurrent medium—high
suitability zones in the study area across monsoon phases. The
GAM component shows modest explanatory power (~2—4%
deviance explained), indicating that suitability patterns should
be interpreted as partial habitat signals conditioned on limited
covariates and simplified effort standardization. By
integrating SST and Chl-a within a GAM and operationalizing
fitted responses into PHI classes, complex ecological
relationships are transformed into interpretable spatial
products.

The findings highlight that, despite heterogeneous fishing
behaviour and climate-driven variability, indicator-based
habitat mapping provides a structured basis for seasonal
spatial planning. Rather than claiming efficiency gains directly,
the framework offers a transparent method to delineate
candidate “high suitability” zones that can inform fishing-
ground selection, monitoring focus, and spatial planning under
ecosystem-based fisheries management objectives.

This study contributes to the existing body of knowledge by
shifting habitat modelling from descriptive analysis toward
map-based decision support, emphasizing the role of
indicators in linking ocean dynamics to fisheries governance.
Future research should incorporate climate indices
(ENSO/IOD), effort-capacity  covariates  (vessel/gear
characteristics), and operational constraints (range, safety,
cost) to strengthen multi-criteria planning tools under
increasing environmental variability.
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