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Abstract. This study aims to determine the optimal values of chlorophyll-
a (Chlo) and Sea Surface Temperature (SST) for skipjack fishing 
(Katsuwonus pelamis) in the Banda Sea and its surroundings using the GAM 
model and ECDF function. The GAM model yields the formula CPUE = 
33.07 + s(Chlo, edf = 7.14, Ref.df = 8.09) + s(SST, edf = 8.95, Ref.df = 
8.99), with a significant value for Chlo of 0.58 mg/m³ and an SST of 
28.26°C, as well as the highest CPUE value of 51.84. Due to the low 
performance of the GAM model, ECDF is used to determine the optimal 
values of Chlo and SST. The results of the Kolmogorov-Smirnov test on the 
ECDF value showed a p-value for Chlo of 0.0016 and SST of 4.45e-14 (p < 
0.05). Thus, there was a significant difference between the f(t) and g(t) 
distributions at Chlo = 0.28 mg/m³ and SST = 30.57°C.  K-Means analysis 
shows that the optimal value range for Chlo is 0.075 - 0.33 mg/m³ and for 
SST is 29.47 - 30.47°C. The optimal months are January to June as well as 
October, where the combination of SST and Chlo concentrations reaches 
levels that support the productivity of skipjack fishery. However, from July 
to September, lower SSTs begin to dominate, which can reduce fishery 
optimality, although some regions still have supportive Chlorophyll. In 
November and December, SSTs reach very high levels, potentially reducing 
productivity efficiency.   

1 Introduction 
The skipjack tuna fishery (Katsuwonus pelamis) is one of the important sectors in the 
fishing industry, especially in Indonesia's waters. Skipjack tuna has high economic value 
and is a major food source for many coastal communities. A deep understanding of the 
environmental factors that affect the distribution and abundance of skipjack tuna is 
essential to optimize catches and maintain the sustainability of these fisheries [1], [2]. 
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 Chlorophyll-a (Chlo) and Sea Surface Temperature (SST) are two oceanographic 
parameters that are very important in determining the optimal habitat for skipjack tuna. 
Chlo is a key indicator of marine primary productivity, indicating the presence of 
phytoplankton that form the basis of the marine food chain. SST, on the other hand, 
affects various aspects of fish physiology and behavior, including the distribution, 
migration, and abundance of fish populations [3], [4]. 
 Several studies have shown a significant relationship between Chlo concentrations 
and SSTs with skipjack tuna abundance. For example, research by Elepathage and Tang 
(2019) found that the main pelagic habitat of skipjack tuna correlates with Chlo 
concentrations between 0.4 - 0.7 mg/m³ and SSTs between 26 - 27°C in the Indian Ocean 
around Sri Lanka [5]. Another study by Hidayat et al. (2021) showed that the best habitat 
area for skipjack tuna in the Makassar Strait has an SST between 28.78 to 31.25°C and 
Chlo between 0.18 to 0.28 mg/m³ [6]. 
 The use of statistical models such as Generalized Additive Models (GAM) and 
Empirical Cumulative Distribution Function (ECDF) in fisheries research has helped in 
identifying and predicting potential fishing zones more accurately. For example, the 
GAM model was used to predict the relationship between SST and Chlo with skipjack 
tuna abundance in various aquatic areas, suggesting that these parameters can be 
important indicators for detecting the optimal habitat of skipjack tuna [7], [8]. 
 This study aims to optimize the use of Chlo and SST in skipjack tuna fisheries in the 
Banda Sea and its surroundings by using GAM and ECDF models. With a better 
understanding of these oceanographic parameters, it is hoped that it will improve the 
efficiency and sustainability of skipjack tuna fishery practices in the region.  

2 Method 

2.1 Research Area 

The location of the research is in Fisheries Management Area 714, namely Tolo Bay, 
Banda Sea, and its surroundings as shown in Figure 1 below. The location of FMA 714 is 
regulated in Marine and Fisheries Regulation No. 18/PERMEN-KP/2014.  
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Fig. 1. Research Area. 

2.2 Data Collection and Processing 

This study uses data from capture fisheries logbook datasets in the Banda Sea area and its 
surroundings, Chlo concentration, and SST data. The dataset comes from the capture 
fisheries logbook of the Ministry of Marine Affairs and Fisheries of the Indonesian 
Republic from 2014 to 2022. The concentrations of Chlo and SST come from Aqua Modis. 
Furthermore, Ocean Data View (ODV) is used to process raw data on Chlo and SST which 
has a resolution of 4 km. Finally, all datasets are processed, modeled, and visualized using 
R Studio version 4.4.0. 

2.3 GAM Modeling 

The Generalized Additive Model (GAM) was used to analyze the relationship between 
Chlo and SST and the presence of skipjack fish. 

Y(s) = β0 + ∑ f(Xi) + ε        (1) 
Y(s) is the dependent variable (presence of fish), β0 is the Intercept, f(Xi) is the 

smoothing function for the independent variable, and ε is the Error [9], [10]. 

2.4 ECDF Modeling 

The Empirical Cumulative Distribution Function (ECDF) is used to understand the 
distribution of Chlo and SST data. 

F(x) = P(X ≤ x)         (2) 
F(x) is a function of cumulative distribution, and P(X ≤ x) is the probability of a 

random variable X being less than or equal to x [11], [12]. 
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2.5 Uji Kolmogorov-Smirnov 2 Variables 

The Kolmogorov-Smirnov test was conducted to compare the two cumulative 
distributions and determine if they differ significantly. 

D = max|F1(x) - F2(x)|        (3) 
D is the test statistic, and F1(x), F2(x) is the cumulative distribution function of the 

two samples [13]. 

2.6 K-Means Clustering and Elbow Method 

K-Means Clustering is used to group Chlo and SST data into clusters. Meanwhile, the 
elbow method is used to determine the optimal number of clusters. 

J = ∑ min(||x_i - μ_j||²)        (4) 
J is the sum of the squares of the distance in the cluster, x_i is the data point, and μ_j 

is the center point of the cluster [14]. 

2.7 Mapping Using R Studio 

The data from the grouping and modeling results above was mapped using R Studio for 
visualization and interpretation [15]. 

3 Results And Discussion  

3.1 Comparison of GAM Models with and without outliers  

The results of GAM modeling show the output that distinguishes between outliers and 
no outliers [16]. GAM modeling with outliers yields an AIC value of 246,900.30, an 
intercept with a value of 125.20, a standard error of 2.16, a t-value of 57.95, and a very 
small p-value (<2e-16), which means that this intercept is very significant. The smooth 
's(Chlo)' function has an effective degree of freedom (edf) of 4.10 and an F value of 1.44. 
The p-value for this is 0.21, which means that Chlo is not significant in this model at a 
significance level of 5% [17]. The smooth 's(SST)' function has an edf of 8.83 and an F 
value of 6.64. The P-value is very small (<2e-16), which means that the SST is very 
significant in this model [18]. 

The goodness of fit model is shown with an adjusted R-squared value of 0.0037, 
which means this model explains about 0.37% of the variability in CPUE [19]. The 
deviance described is 0.443%, which also shows that this model explains a small fraction 
of the variability in the data. The above model is then examined for its data structure, 
whether it has an outlier or extreme skewness that could affect the model's estimation, 
using the 'ggplot' function. The results of the above formula are shown in the following 
Figure 2. It appears that there are outliers in the Chlo and SST columns [20]. 
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Fig. 2. (a) Outlier distribution of Chlo, (b) Outlier boxplot of Chlo, (c) Outlier distribution of SST, 
and (d) Outlier boxplot of SST. 

Overall, the Chlo chart shows that most of the Chlo values are near zero and the 
frequency decreases as the Chlo values increase [21]. The boxplot shows that most of 
Chlo's values are near zero and some values are far from zero, indicating the existence of 
outliers. The distribution on the SST histogram graph shows that SST values are most 
common at around 30°C, with the highest event frequency reaching more than 7,000. 
This value indicates that the majority of SSTs in this dataset are around that number. In 
contrast, the lowest SST value recorded at around 25°C and the highest value at around 
33°C indicates temperature variation even with a much lower frequency [22]. This 
distribution depicts a temperature pattern that tends to converge around 30°C, with few 
occurrences of extreme temperatures at both ends of the spectrum, reflecting thermal 
consistency in the region or period being measured. 

The boxplot on the SST graph above shows the temperature distribution with details 
of the highest, lowest, and distribution of the data [23]. The median value of the SST is 
around 30°C, which is marked by a horizontal line in the box. The box includes an 
interquartile range (IQR) that shows that 50% of the data is between about 29°C and 31°C.  
The highest value (maximum) that is not considered an outlier is slightly above 31°C, 
while the lowest value (minimum) that is not considered an outlier is slightly below 29°C.  
Some data points below 28°C are considered outliers and are described as individual 
points under the box. This boxplot illustrates that the majority of SST data ranges from 
29°C to 31°C with some lower temperatures appearing as outliers [24]. To ascertain how 
outliers affect the data above, a model was created that ignores outliers. Before modeling 
without outliers, the outlier threshold value is first simulated, from n = 1 to 7. The results 
of the simulation are shown in the following Figure 3. 
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Fig. 3. GAM model outlier threshold simulation metrics. 

In the model above, it appears that the addition of the value of n causes an increase 
in Std. Error [25], and a decrease in the value of R-sq. (adj) and Deviance explained. So 
the value of n = 1 is chosen which is considered the best. From the two models above, it 
appears that the value of the R-squared model with an outlier is 0.0037, while the R-
squared without an outlier has a value of 0.023. In addition, the AIC value for the first 
model is 246,900.30, greater than the AIC value of the second model is 128,618.30 [26]. 
Thus models without outliers are better compared to models that use outliers. The 
difference in metrics between models with and without outliers is shown in the following 
Table 1. 

Table 1. Comparison of model metrics with and without outliers. 

Parameter Without Outliers With Outliers 
AIC 128,618.30 246,900.30 

R-sq.(adj) 0.023 0.0037 
(Intercept) 33.07 125.20 
Std. Error 0.31 2.16 

Deviance explained 2.41% 0.443% 
GCV 1,260.60 81,519 

Scale est. 1,258.90 81,454 
n 12,891 17,453 

MSE Cho 1,080.48 15,634.70 
MSE SST 39.81 9,426.06 

 In addition to comparing the models above, multicollinearity checks are also carried 
out [27]. Multicollinearity will occur if two or more predictor variables are strongly 
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correlated. The test was performed using the vif() function of the 'car' package to check 
this [28]. 

library(car) 
library (carData) 
vif(modelgam_cakalang_outlier) 

 The output of the multicollinearity test above is as follows. 

            GVIF Df GVIF^(1/(2*Df)) 
Chlo 8.7162e+20  0             Inf 
SST  8.7162e+20  0             Inf 

  The results of the multicollinearity test show that the variables Chlo, and SST have 
very high GVIF (Generalized Variance Inflation Factor) values (8.7162e+20 0) and 
infinity (Inf) for GVIF^(1/(2*Df)) [28]. This indicates a very strong multicollinearity 
between these variables. Multicollinearity is a condition in which several predictor 
variables in a regression model strongly correlate with each other. This can lead to 
problems in the estimation of regression coefficients and error standards, which in turn 
can affect the interpretation of the model [29]. The relationship between Chlo and CPUE 
is shown in the following figure 4. 

 
(a) 

 
(b) 

Fig. 4. Scatter plot graph between target variable (CPUE) and predictor on skipjack fishing: (a) 
Chlo, and (b) SST.  

Graph 4.a is a scatter plot showing the relationship between Chlo (x-axis) and CPUE 
(y-axis). Each point represents one observation with the values Chlo and CPUE. The 
average Chlo is 0.25. The x-axis ranges from 0 to more than 15, and the y-axis from 0 to 
150. The dense dot spread on the left of the graph shows à lot of data with low Chlo and 
high CPUE [30]. The blue curve shows a downward trend of CPUE with an increase in 
Chlo, indicating a negative correlation between the two variables [31]. 

Graph 4.b shows the relationship between SST (x-axis) and CPUE (y-axis). The 
average SST is 29.68. The x-axis ranges from 24 to 32, and the y-axis from 0 to more than 
150. The black dots represent individual observations, and the blue lines indicate a 
general trend of increasing CPUE with an increase in SST, despite fluctuations [32], [33]. 

The relationship between each predictor variable and the target variable is 
expressed in the GAM model. In this case, the target variable is CPUE. The relationship 
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is visualized in a scatter plot chart. To obtain such a relationship, a comparison was made 
between the single model (CPUE ~ s(Chlo) and CPUE ~ s(SST)) and the combined model 
(CPUE ~ s(Chlo) + s(SST)). More data points are accumulated in the intermediate value 
range of the SST data, and fewer at the edges [34]. A comparison of all GAM models is 
shown in the following Table 2. 

Table 1. Comparison of GAM models between single and combined predictors. 

Parameter Model 1  
(CPUE ~ s(Chlo)) 

Model 2  
(CPUE ~ s(SST)) 

Model 3  
(CPUE ~ s(Chlo) + 

s(SST)) 
Intercept Estimate 33.07 33.07 33.07 

Std. Error 0.32 0.31 0.31 
t value 104.80 105.60 105.80 

edf 5.68 8.94 (s(Chlo)) = 7.14, 
(s(SST)) = 8.95 

Ref.df 6.69 8.99 (s(Chlo)) = 8.09, 
(s(SST)) = 8.99 

F 6.92 27.69 (s(Chlo)) = 7.49, 
(s(SST)) = 28.95 

p-value <2e-16 <2e-16 (s(Chlo)) = <2e-16, 
(s(SST)) = <2e-16 

R-sq.(adj) 0.0035 0.019 0.023 
Deviance Explained 0.39% 1.92% 2.41% 

GCV 1,284.60 1,265.60 1,260.60 
Scale est. 1,283.90 1,264.60 1,258.90 

n 12,891 12,891 12,891 
AIC 128,861.40 128,668.90 128,618.30 

Based on comparative analysis, model 3 (CPUE ~ s(Chlo) + s(SST)) shows the best 
performance among the three models. The model has the lowest Std. Error (0.31) and the 
highest t-value (105.80), indicating more precise and significant parameter estimation 
[34]. Model 3 also had the highest F-statistic values for s(SST) (28.95) and s(Chlo) (7.49), 
as well as higher R-sq.(adj) (0.023) and deviance explained (2.41%) values, indicating a 
better ability to explain data variations. The lowest GCV value (1,260.60) and the lowest 
scale est. (1,258.90) confirm better prediction performance. With the lowest AIC 
(128,618.30), model 3 balances data complexity and relevance well, so it can be concluded 
that model 3 is the most accurate and significant for CPUE data analysis compared to 
model 1 and model 2. The three models above are visualized in the following Figure 5. 

 
(a) 

 
(b) 
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Fig. 5. The 'edf' chart of a single model on skipjack fishing: (a) Chlo, (b) SST, and (c) combined 
model. 

Figure 5.a shows a CPUE prediction model based on the variable s(Chlo). The flat 
black curve and consistent confidence interval suggest that variations in Chlo 
concentrations do not significantly affect CPUE, indicating Chlo is not a strong predictor 
[34]. Figure 5.b shows a CPUE prediction model based on the variable s(SST). The black 
curve shows significant fluctuations in CPUE as the SST changes, indicating a non-linear 
relationship between SST and CPUE. Wider confidence intervals in some parts indicate 
higher uncertainty in model estimates. Figure 5.c shows a CPUE prediction model based 
on s(Chlo) and s(SST), with two separate panels. The left panel shows a horizontal 
relationship between CPUE and Chlo with a wide confidence interval, signaling a weak 
influence of Chlo. The right panel shows the relationship between CPUE and SST with 
small fluctuations and narrow confidence intervals, showing a more significant and 
complex SST influence [35]. Overall, SST had a stronger and more predictable influence 
on CPUE than Chlo. 

According to the results of the GAM modeling, the performance of the model is 
statistically low, it appears that the deviation value described < 50%, and the Std. Error > 
0.05 [34]. The causes can be a lack of data, an unrepresentative sample, an overly simple 
model, high multicollinearity between the predictor variables, and missing data. The 
GAM model yields the formula  
CPUE=33.07+s(Chlo,edf=7.14,Ref.df=8.09)+s(SST,edf=8.95,Ref.df=8.99) with a 
significant value for Chlo of 0.58 mg/m3 and SST of 28.26 °C, and the highest CPUE value 
of 51.84. Due to the low performance of the GAM model, the determination of the 
optimal values of Chlo and SST was carried out by the Empirical Cumulative Distribution 
Function (ECDF) Model. ECDF has advantages such as a focus on empirical distribution, 
freedom from distribution assumptions, outlier detection capability, ease of 
implementation, and relevance in identifying the relationship between CPUE and 
oceanographic conditions [36]. 

ECDF graphs are used to observe the data distribution of each parameter. The ECDF 
diagram identifies the values that produce the maximum difference between the two 
functions, showing a significant relationship between Chlo and SST with CPUE in 
skipjacks [5]. The following figure shows the ECDF plots for the variables Chlo and SST, 
which illustrate the distribution of values in the data. The lines on the graph represent 
the ECDF of the Chlo and SST data. The plot shows that the maximum value for Chlo is 
0.280 mg/m3, while for SST it is 30.57°C.  However, these values do not directly indicate 
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that the values of Chlo and SST are significant for skipjack fishing in the Banda Sea and 
its surroundings. To assess the significance of these two parameters, a two-variable 
Kolmogorov-Smirnov test (CPUE ~ Chlo and CPUE ~ SST) was carried out to test the 
suitability between the data sample and the predetermined distribution [6]. 

ECDF graphs are used to observe the data distribution of each parameter. The ECDF 
diagram identifies the values that result in the maximum difference between the two 
functions. The significant relationship between Chlo and SST with CPUE in skipjack is 
shown in Figure 6. 

 
(a) 

 
(b) 

Fig. 6. (a) Relationship between Chlo and ECDF, and (b) SST and ECDF 

Graph 6.a shows the Empirical Cumulative Distribution Function (ECDF) functions 
for three different calculations (f_CakalangChlo(t), g_CakalangChlo(t), and 
D_CakalangChlo(t)) for Chlo. The X-axis shows the Chlo value from 0 to about 15, and 
the Y-axis shows the ECDF value from 0 to 1. The red line (f_CakalangChlo(t)) increases 
sharply near Chlo = 0 and reaches a plateau at a value of 1, indicating the concentration 
of data in this range [37]. The horizontal green line at the value of 0 represents 
g_CakalangChlo(t), and the vertically dotted black line around Chlo = 2 indicates 
D_CakalangChlo(t). This graph shows that the significant ECDF Chlo value for skipjack 
fishing in WPP 714 is 0.28. Graph 6.b shows the ECDF function for three different 
datasets (f_CakalangSST(t), g_CakalangSST(t), and D_CakalangSST(t)) against SST. The 
X-axis shows the SST value from about 24 to 32, and the Y-axis shows the ECDF value 
from 0 to 1. The red line represents f_CakalangSST(t), the blue line represents 
g_CakalangSST(t), and the green line represents D_CakalangSST(t). All lines show the 
cumulative distribution along the SST value range. The vertical dotted line around SST = 
30 indicates a specific threshold point. This graph illustrates the cumulative distribution 
of SST values in the dataset [38]. 

The results of the Kolmogorov-Smirnov test showed that the p-value for Chlo was 
0.0016 and the SST was 4.45e-14 (p < 0.05), so these values showed a very significant 
difference between the distribution of f(t) and g(t) at Chlo = 0.28 mg/m3 and SST = 
30.57°C.  Thus, the significant value for Chlo is 0.28 mg/m3, and the SST is 30.57°C [39]. 
To determine the optimal value of Chlo and SST, the elbow method is used as shown in 
Figure 7 below. In the image below, it appears that the elbow points for Chlo and SST are 
in cluster 4 respectively. These 'elbow' points are then incorporated into the 'kmeans' 
function equation [40].  
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Fig. 7. Graph of cluster values based on the elbow method: (a) Chlo, and (b) SST 

According to the K-Means equation above, the optimal value range of Chlo in 
skipjack fishing in the Banda Sea and its surroundings is 0.075 - 0.33 mg/m3. The optimal 
value range for SST is 29.47 - 30.47°C. Based on the optimal values above, the condition 
of the waters of the Banda Sea can be visualized on the map as seen in Figure 8 below. 
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Fig. 8. Map of Banda Sea water conditions for the Potential of skipjack fishing throughout the year: 
(a) January, (b) February, (c) March, (d) April, (e) May, (f) June, (g) July, (h) August, (i) September, 
(j) October, (k) November, and (l) December. 

Map above, it appears that overall, the waters of the Banda Sea show varying 
conditions throughout the year for fishery activities. The optimal months are January to 
June as well as October, where the combination of SST and Chlo concentrations reaches 
levels that support the productivity of skipjack fishery. However, from July to September, 
lower SSTs begin to dominate, which can reduce fishery optimality, although some 
regions still have supportive Chlorophyll. In November and December, SSTs reach very 
high levels, potentially reducing productivity efficiency. 

4 Results And Discussion 

This study evaluated the optimal value of Chlo and SST for skipjack fishing in the Banda 
Sea using the GAM model and ECDF function. The results of the GAM model showed 
that the significant value for Chlo was 0.58 mg/m³ and for SST was 28.26°C, with the 
highest CPUE value of 51.84. However, due to the low performance of the GAM model, 
the ECDF function is used to determine the optimal value more accurately. The analysis 
showed that the optimal value of Chlo ranged from 0.075 to 0.33 mg/m³, and SST between 
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29.47 to 30.47°C.  The optimal months for skipjack fishing are January to June and 
October, while lower sea temperatures from July to September and very high 
temperatures from November to December tend to reduce fishing efficiency. These 
optimal conditions can be considered in the catch of bigeye tuna. 

The results of previous studies also showed that the optimal Chlo value ranged from 
0.10 to 0.15 mg/m3 in Bone Bay and the Flores Sea [41], and 0.2 to 0.35 mg/m3 in the 
waters of Ternate Island [42]. Optimal SST values range from 29.00 to 29.50°C in Bone 
Bay and the Flores Sea [41]. In addition, a study in 2018 showed that higher 
concentrations of Chlo (>0.30 mg/m3) have the potential to increase skipjack fish 
production [43].  

The results of this study show that the optimal values of Chlo and SST for skipjack 
vary in various locations, reflecting the importance of considering local oceanographic 
conditions in determining fishing strategies. This knowledge can be used to improve the 
sustainability and yield of catches, both for skipjack and bigeye tuna, through more 
precise management of fishing times and locations based on local environmental 
conditions. 

5 Conclusions 

The optimal values of Chlo and SST for skipjack fishing (Katsuwonus pelamis) in the 
Banda Sea and its surroundings can be determined using the GAM model and ECDF 
function. The results of the analysis showed that the optimal value of Chlo was in the 
range of 0.075 - 0.33 mg/m³ and SST in the range of 29.47 - 30.47°C.  The optimal months 
for skipjack fishing are January to June as well as October when the combination of SST 
and Chlorophyll concentrations reaches levels that support fishery productivity. 
However, from July to September, lower SSTs begin to dominate, which can reduce 
fishery optimality. In November and December, SSTs reach very high levels, which has 
the potential to reduce the efficiency of fisheries productivity. 
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