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ABSTRACT

The total fish catch production of Banten Province reached 71,846.71 tons in 2023, with small pelagic fish being the dominant com-
modity in Banten waters. However, fishermen around Banten waters still rely on conventional methods and intuition in determining
fishing locations, resulting in unstable catches and inefficiencies in operational costs, time, and labor. To address these issues, this study
uses a quantitative approach supported by qualitative data, where this study applies the K-Nearest Neighbors (KNN) algorithm to classify
the presence of small pelagic fish during the east monsoon in Banten waters. Secondary data comes from Aqua MODIS satellite imagery
for the period 2021-2025, processed through the Kaggle and Google Colab platforms. Two oceanographic parameters used are sea
surface temperature (SST) and chlorophyll-a, both of which function as primary indicators of aquatic ecosystem productivity. The da-
taset consists of 3,382 data points divided into two classes: potential and non-potential. The model was tested with varying K values (3,
5,7, 9) and data sharing ratios (60:40, 70:30, 80:20) using Euclidean distance and evaluated using a confusion matrix. The best config-
uration was obtained at K=7 with a ratio of 70:30, resulting in an accuracy of 95.66% and proportional precision, recall, and F1-score
values. Permutation Feature Importance analysis showed that chlorophyll-a contributed dominantly at 25.66% and SPL at 23.58%. The
results confirmed that the KNN algorithm performed well in classifying the presence of small pelagic fish in Banten waters and can be
used as a reference for developing a decision support system for fishermen.
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INTRODUCTION men still rely heavily on intuition to find fishing ar-
Indonesia has enormous maritime potential, eas. This often results in uncertain catches and in-
but its utilization rate has only reached 58.80% (Da- creased costs, time, and energy ( Ali 2020, Simbolon
huri, 2003 in Arif ef al., 2018). One of the strategic 2017 in Tarigan et al., 2020).
water areas with strong potential is the Banten Wa- The Presence of small pelagic fish is esti-
ters which is the meeting point of the water masses mated to have the greatest potential compared to
of the Java Strait, the Indian Ocean, and the Sunda other fish groups, such as large pelagic, demersal,
Strait (Irnawati et al., 2020). According to the De- reef fish, and commodities like shrimp and squid.
partment of Maritime Affairs and Fisheries (DKP), Their distribution itself is highly dependent on the
The total fish catch production of Banten Province dynamics of marine environmental parameters, in-
reached 71,846.71 tons in 2023 with small pelagic cluding currents, food availability, and sea surface
fish (anchovies, lemuru, and mackerel) being one of temperature (Khatami et al., 2019). Furthermore,
the dominant groups. However, the lack of technol- seasonal dynamics also significantly influence
ogy adoption means that conventional Banten fisher- oceanographic conditions in marine waters, one of

which is the east monsoon. The east monsoon (June—
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September) is one of the seasons that affects aquatic
productivity due to upwelling in several parts of In-
donesian waters. Factors such as upwelling, temper-
ature, and chlorophyll-a distribution can influence
the presence and Presence of fish in the waters so that
many fish are caught while searching for food
(Takwir et al., 2021). During the east monsoon,
winds show an increase in their distribution and
speed, which directly changes the direction of cur-
rents in the ocean's surface layer and this indicates
that wind movement is a major variable that influ-
ences the physical properties of seawater masses in
the region (Banjarnahor et al., 2020). The influence
of winds that create upwelling phenomena such as
the southeast monsoon, namely the rise of nutrients
from the deep sea to the surface causes increased
phytoplankton growth so that the availability of food
for small pelagic fish becomes more abundant
(Nufus et al., 2026). According to Nurkhairani et al.
(2018) the east monsoon, it is a good season for
catching pelagic fish, because the water temperature
is relatively warm and the nutrient levels are high.
The presence of pelagic fish in the waters is influ-
enced by the presence of nutrients in the waters
(Siringoringo et al., 2024). To identify the presence
of fish, two main oceanographic parameters are sea
surface temperature (SST) and chlorophyll-a. These
two parameters facilitate the analysis of fishing ar-
eas, especially small pelagic fish (Sarianto, 2018 in
the journal Fofied et al., 2024). One of the Artificial
Intelligence technologies to solve this problem is
Machine Learning. The K-Nearest Neighbors algo-
rithm (KNN) including an algorithm that is easy to
understand, efficient, and has simple data training.
(Simbolon et al., 2024). The KNN algorithm will
predict SST and chlorophyll-a data as x variables,
then evaluate fish Presence data as y variables.

To overcome the inefficiency of capture, a
Machine Learning approach is essential. Several pre-
vious studies have attempted to predict fishing
grounds. Lubis et al. (2024) used the K-Nearest
Neighbors (KNN) algorithm to predict fish abun-
dance based on SST and rainfall with 83% accuracy.
The results showed a positive correlation between
SST and tuna abundance but did not use key produc-
tivity parameters such as chlorophyll-a. Another
study in the coastal waters of Central Java by Sarwati
et al. (2025) used chlorophyll-a and SST variables to
estimate small pelagic fishing areas. This study also
found that SST was positively correlated with small
pelagic fish catches. The approach was still descrip-
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tive through regression analysis and spatial model-
ing. According to research by Fitrianah ef al. (2016),
the K-Nearest Neighbors (KNN) algorithm, which is
based on spatial and temporal data, can identify po-
tential fishing zones using SST and chlorophyll pa-
rameters with an accuracy of up to 87.11%. This
study did not yet focus on discussing the KNN algo-
rithm.

Based on the limitations of previous research,
this study focuses more on analyzing the perfor-
mance of the K-Nearest Neighbors algorithm for
classifying the presence of small pelagic fish using
oceanographic parameters such as sea surface tem-
perature and chlorophyll-a during the peak fishing
season, namely the east season. The purpose of this
study is to analyze the performance of the K-Nearest
Neighbors algorithm in classifying the presence of
small pelagic fish during the east season in Banten
Waters.

MATERIAL AND METHOD
Time and Place of Research

This research was carried out in Banten wa-
ters which are astronomically located between 5°7'—
6°8' South Latitude and 105°1'-106°7' East Longi-
tude. This location was chosen because it has signif-
icant fishery resource potential, with dynamic ocean-
ographic characteristics influenced by the confluence
of water masses from the Java Sea, the Indian Ocean,
and the Sunda Strait.
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Figure 1. Research Location

Tools and Materials

For data processing, the Kaggle platform is
used for the pre-processing stage of data, such as
cropping according to the research area and Combin-
ing the dataset between SST and chlorophyll so that



the data is ready for use. Next, Google Colab is used
to implement and analyze the K-Nearest Neighbors
(KNN) algorithm. The ArcGIS application is used to
cut the water boundaries according to the research
area and create a map layout. Microsoft Word and
Excel software to support data pre-processing. The
materials used include oceanographic parameters in
the form of Sea Surface Temperature (SST) and
Chlorophyll-a concentration sourced from the Aqua
MODIS satellite, which are officially downloaded
through the NASA OceanColor website.

Methods

This study employed a quantitative research
approach supported by qualitative data. Data for this
study were obtained through the official NASA
Ocean Color Web (https.//ocean-
color.gsfc.nasa.gov/) downloaded on April 1, 2026
and is included in the secondary data collection
method. The collected data consists of SST and
Chlorophyll-a derived from satellite sensors with rel-
evant spatial resolution, such as MODIS imagery.
Spatial data on water boundaries were obtained from
the Marine Regions website (Attps://www.marinere-
gions.org/) which provides geographic information
about marine areas around the world, including the
boundaries of water areas, seas, straits, and estab-
lished oceanographic zones.

As supporting validation, the authors also
conducted interviews with fishermen at the Ka-
rangantu Fishing Port, fishermen at Lelean Beach,
and the Bojonegara Fishing Port who fish around
Banten waters. Information from these interviews
was used to validate the model results with fisher-
men's empirical knowledge regarding indicators of
the potential presence of small pelagic fish.

Research Flow
The research flow is presented in the follow-
ing figure.
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Figure 2. Research Flow

The research flow in Figure 2 starts from the
collection of satellite image data downloaded from
2021 to 2025 with a resolution of 4 km and seasonal
temporal resolution taken during the east monsoon
season (June-September). The image data includes
spatial data of sea surface temperature (SST) and
chlorophyll-a image data to determine areas sus-
pected of having many small pelagic fish that like the
area. The pre-processing stage where the SST and
chlorophyll data that have been download and then
crop according to the research area to convert the for-
mat so that the data is ready to be processed. The
downloaded file format in Nc format is converted to
CSV using Kaggle software. After data prepro-
cessing, the SST and chlorophyll datasets are then
combined to produce a new dataset with features,
year, latitude, longitude, Chlorophyll, SST, and out-
put attributes, namely Potential. Label 1 is included
in the potential class with an SST range of 28 °C and
29°C, while chlorophyll-a is 0.5 -2.5 mg /m3 while
outside these criteria is classified as Label 0 (Not Po-
tential).

Table 1. Determination of Fish Presence Potential Class Labels

Potential (Class) SST(°C) Chlorophyll-a (mg/m?)
1
(Potential) 28 °C—-29 °C 0.5 - 2.5 mg/m3
0
(No Potential) <28°C or > 29°C < 0.5 or>2.5 mg /m3

Source: (Syamsuddin et al., 2018; Kurniawati et al., 2015)

The dataset was then tested with several data
SST ratios, starting with 60:40, 70:30, and 80:20.
Several train-test SST ratios were employed to eval-
uate the stability of model performance under differ-
ent training data proportions. It was then the dataset

is implemented into the K-Nearest Neighbors algo-
rithm using the Euclidean Distance calculation to
classify new data with training data based on its near-
est neighbors, the smaller the distance, the higher the
level of similarity between the data. The final stage
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of the research was evaluating the model's perfor-
mance using a Confusion Matrix.

Feature standardization is also performed us-
ing the StandardScaler method during the data pro-
cessing stage. Standardization is performed to ensure
that the original data has uniform values. The K-
Nearest Neighbors (KNN) algorithm is a distance-
based classification method that is sensitive to fea-
ture scaling and parameter configuration. Mis-
matched feature scales and suboptimal selection of
the k value can lead to a decline in model perfor-
mance if the optimization process is unstructured
(Manurung et al., 2025). Variables that influence the
model performance results are identified using the
permutation importance approach.

Data analysis
a. K-Nearest Neighbors Model Construction
This modeling stage of data that has gone
through the data preprocessing stage will be imple-
mented in the KNN algorithm. The K-Nearest
Neighbors (KNN) method is a classification tech-
nique that groups new objects into K groups based
on the distance between the training data (Juniati et
al., 2018). K-Nearest Neighbors as algorithm KNN
was chosen in this study because it is a classification
algorithm that uses the K value to determine the class
of new data to be classified (Simbolon et al., 2024).
This algorithm works by searching for data that has
similarities or differences with the data to be classi-
fied. KNN is also an algorithm that is easy to under-
stand, efficient, and its data training is simple, so this
can be a distinct advantage. The steps of the KNN
algorithm include (Arsyad, 2020 in the journal
(Hasdyna & Dinata, 2020):
1) Split training data and test data from prepared
data
2) Determining the number of K as many data
as possible with the closest distance
3) Calculation of the distance between training
data and test data
4) Sorting distances from smallest to largest
5) Determining the Y variable (model classifi-
cation)
6) Model evaluation

Distance calculation techniques in KNN
which is used to determine the proximity of training
data namely Euclidean Distance. To calculate the
square of the distance using the Euclidean method,
use the following mathematical formula:
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d= 2L —yi)?

Information:

d = Euclidean distance

Xi = Testing Data

Yi = Training Data

I = Data Dimension

n = Total Data Dimensions

The K value in KNN is usually chosen as an
odd number. This is because even values often lead
to classification failure (Kusuma et al., 2023). The
following mathematical formula is used to determine
the ideal k value:

b. Model Evaluation

Accuracy testing in the model evaluation
stage is conducted to test and evaluate the model that
has been created. Model accuracy analysis uses a
Confusion Matrix. This method can be used to assess
accuracy. At this stage, the information analyzed us-
ing the Confusion Matrix is checked to see whether
it shows correct information according to the previ-
ous hypothesis. The Confusion Matrix produces a ta-
ble used in Machine Learning to improve the perfor-
mance of the classification model (Simbolon et al.,
2024). This table shows the number of data that can
be predicted correctly or incorrectly and consists of
the following four main variables:

e True Positive (TP): Positively labeled data
that is accurately predicted as positive by the
algorithm.

e False Positive (FP): Negatively labeled data
that is incorrectly identified as positive.

e False Negative (FN): Data that is actually
positive but is instead predicted as belonging
to the negative class.

e True Negative (TN): Data that is actually
negative and is successfully predicted as neg-
ative.

From these main variables, various metrics
can be evaluated, such as accuracy, precision, recall,
and F-Score. The formula for evaluating various met-
rics according to Powers (2020) in the journal (Kur-
nianto et al., 2024) namely as follows



TP+TN
accuracy = ———————
TP+TN+FP+FN
recision = i
p " TP+FP
TP
recall =
TP+FN
recision-recall
F1 score = 2 - 2 =
precision+recall
RESULT AND DISCUSSION
Result

Data Processin

g

Data preprocessing produced a structured da-
taset with attributes of year, latitude, longitude, chlo-
rophyll-a, SST, and the output variable, Potential.
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Figure 3. Data Preprocessing Result

The number of datasets in Figure 3 consisted
of 3,382 data points, with a fairly balanced class dis-
tribution of 1,700 for class 1 data and 1,682 for class
0 data. StandardScaler is also used to ensure that the
distance calculation in the KNN algorithm is not bi-
ased due to the difference in units between coordi-

nates (degrees) and chlorophyll (mg/m3).

Model Testing Results
K-Nearest Neighbors Method with K Value =3

1.

Table 2. Accuracy of KNN Model Testing K Value =3

Data distribution ratio 60% training data and
40% testing data

The first trial utilized 3,382 data
points partitioned into a 60:40 ratio, 2,029
training samples and 1,353 testing samples
with k set to 3. The system demonstrated an
accuracy of 95.49%, translating to 1,292 ac-
curate predictions and 61 errors. Evaluating
the individual categories, class 0 achieved
precision, recall, and F1-scores of 95%, 96%,
and 96%, respectively. Meanwhile, class 1
yielded 96% precision, 95% recall, and a
95% F1-score.
Data distribution ratio 70% training data and
30% testing data

The next test uses a 70:30 data shar-
ing scheme at a value of k = 3 with a total of
3382 data. The training data is 2367 and the
testing data is 1015, resulting in an accuracy
0f 94.97% with the number of correct predic-
tions of 964 and 51 incorrect predictions.
With the precision, recall, and fl-score val-
ues for each class, namely class 0 has a pre-
cision score of 95%, recall 95%, and f1 score
95% while class 1 has a precision score of
95%, recall 95%, and f1 score 95%.
Data distribution ratio 80% training data and
20% testing data

The experiment processed 3,382 data
points using an 80:20 SST ratio and a k-value
of 3. By allocating 2,705 records to training
and 677 to testing, the algorithm produced an
accuracy of 94.38%, successfully predicting
639 instances while misclassifying 38. Eval-
uation shows class 0 scoring 93%, 95%, and
94% across precision, recall, and F1-score,
respectively. Conversely, class 1 reached
95%, 94%, and 95% for the same metrics.

Ratio Accuracy (%) Class Precision (%) Recall (%) F1-Score (%)
60:40 95.49 Not Potential 95 96 96
Potential 96 95 95
70:30 94.97 Not Potential 95 95 95
Potential 95 95 95
80:20 94.38 Not Potential 93 95 94
Potential 95 94 95
K-Nearest Neighbors Method with K Value =5 1. Data distribution ratio 60% training data and
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40% testing data



For the first run with k=5, the 3,382
data points were split using a 60:40 ratio.
This means 2,029 data were used for training
and 1,353 for testing. The model reached a
95.26% accuracy, getting 1,289 predictions
right and only missing 64. Looking at the de-
tails per class, class 0 scored 95% for preci-
sion, 96% for recall, and 95% for the F1-
score. Meanwhile, class 1 got 96% for preci-
sion, 95% for recall, and a 95% F1-score.

. Data distribution ratio 70% training data

and 30% testing data

In the subsequent trial for k=5, the
3,382 total data were split 70:30, giving us
2,367 training data and 1,015 testing data.
Out of these, 967 predictions were spot on
and 48 were off, resulting in an overall accu-

Table 3. Accuracy of KNN Model Testing K Value =5

racy of 95.27%. Breaking down the perfor-
mance metrics, class 0 recorded a solid 95%
for precision, recall, and F1-score. On the flip
side, class 1 showed 96% precision, along
with 95% for both recall and F1-score.

. Data distribution ratio 80% training data

and 20% testing data

Testing for the value of k = 5 uses a
data sharing scheme of 80:20 with a total of
3382 data. The training data is 2705 and the
testing data is 677, resulting in an accuracy of
94.97% with the number of correct predic
tions of 643 and 34 incorrect predictions.
With the precision, recall, and fl-score val
ues of each class, namely class 0 has a preci
sion score of 94%, recall 95%, and fl score
95% while class 1 has a precision score of
96%, recall 95%, and f1 score 95%

Ratio Accuracy (%) Class Precision (%) Recall (%) F1-Score (%)
60:40 95.26 Not Potential 95 96 95
Potential 96 95 95
70:30 95.27 Not Potential 95 95 95
Potential 96 95 95
80:20 94.97 Not Potential 94 95 95
Potential 96 95 95

K-Nearest Neighbors Method with K Value =7

I.

Data distribution ratio 60% training data and
40% testing data

The k=7 scenario, the system pro-
cessed 3,382 data points partitioned 60:40
into 2,029 training and 1,353 testing data.
Out of the test set, 1,286 predictions were ac-
curate and 67 were incorrect, capping the ac-
curacy at 95.04%. Breaking down the met-
rics, class 0 generated 94% precision, 96%
recall, and a 95% F1-score, whereas class 1
secured 96% precision, 94% recall, and a
95% F1-score.

2. Data distribution ratio 70% training data

and 30% testing data

In the next evaluation with k = 7, the
model utilized a 70:30 distribution out of the
3,382 data points. Out of the 2,367 training
and 1,015 testing samples, the algorithm
nailed 971 predictions correctly and stumbled
on just 41, bumping the accuracy to 95.66%.

Table 4. Accuracy of KNN Model Testing K Value =7

A closer look at the breakdown shows class 0
obtaining a 95% precision and 96% for recall
and Fl-score. Class 1 matched this con-
sistency, securing 96% in precision, recall,
and the F1-score.
Data distribution ratio 80% training data
and 20% testing data

Testing for the value of k = 7 uses a
data sharing scheme of 80:20 with a total of
3382 data. The training data is 2705 and the
testing data is 677, resulting in an accuracy of
95.12% with the number of correct predic-
tions of 644 and 33 incorrect predictions.
With the precision, recall, and fl-score val-
ues of each class, namely class 0 has a preci-
sion score of 95%, recall 95%, and f1 score
95% while class 1 has a precision score of
96%, recall 95%, and f1 score 95%.



Ratio Accuracy (%) Class Precision (%) Recall (%) F1-Score (%)
60:40 95.04 Not Potential 94 96 95
Potential 96 94 95
70:30 95.66 Not Potential 95 96 96
Potential 96 96 96
80:20 95.12 Not Potential 95 95 95
Potential 96 95 95

K-Nearest Neighbors Method with K Value =9

1.

Data distribution ratio 60% training data and
40% testing data

Shifting the focus to k = 9 with a
60:40 distribution, the algorithm processed
2,029 training samples and evaluated 1,353
test samples. Out of these 3,382 total in-
stances, the system made 1,283 accurate pre-
dictions and 70 incorrect ones, landing at an
accuracy rate of 94.82%. On the performance
side, class 0 hit 93%, 96%, and 95% for pre-
cision, recall, and Fl-score respectively.
Meanwhile, class 1 logged a 96% precision,
93% recall, and 95% F1-score.
Data distribution ratio 70% training data
and 30% testing data

Continuing to the k=9 test with a
70:30 ratio, the 3,382 data points were di-
vided into 2,367 for training and 1,015 for

Table 5. Accuracy of KNN Model Testing K Value =9

testing. The model posted a 95.36% accu-
racy, getting 968 predictions right and slip-
ping up on just 47. Looking closely at the
classes, class 0 scored 95% in precision, 96%
in recall, and 95% in F1l-score. Meanwhile,
class 1 wrapped up with 96% precision, 95%
recall, and a 95% F1-score.
Data distribution ratio 80% training data
and 20% testing data

Testing for the value of k = 9 uses a
data sharing scheme of 80:20 with a total of
3382 data. The training data is 2705 and the
testing data is 677, resulting in an accuracy of
94.68% with the number of correct predic-
tions of 641 and 36 incorrect predictions.
With the precision, recall, and f1-score val-
ues for each class, namely class 0 has a pre-
cision score of 94%, recall 95%, and f1 score
95% while class 1 has a precision score of
96%, recall 94%, and f1 score 95%.

Ratio Accuracy (%) Class Precision (%) Recall (%) F1-Score (%)
60:40 94.82 Not Potential 93 96 95
Potential 96 93 95
70:30 95.36 Not Potential 95 96 95
Potential 96 95 95
80:20 94.68 Not Potential 94 95 95
Potential 96 94 95

Evaluation of K Value at Highest Accuracy

The graph shows an increasing trend as the K

value increases
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Figure 4. Graph of K Value at 70:30 Ratio

30

As shown in Figure 4 above, at K=3, the ac-

curacy is approximately 94.97% and continues to in-
crease until it reaches its highest value at K=7, with
an accuracy of approximately 95.66%. At K=9, the
accuracy drops to approximately 95.36%.

The excellent and balanced performance of

the model in classifying both classes is shown
through the visualization of the Confusion Matrix at
the k value with the highest accuracy, namely K=7.
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In figure 5 show the model performance on
the test data of 1,015, the model predicted 480 True
Negative (TN) points as non-potential, 491 True Pos-
itive (TP) points as potential, 21 False Positive (FP)
points, and 23 False Negative (FN) points.

The parameters that have the most influence
on fish Presence in Banten waters, which are calcu-
lated using Permutation Importance.

Contribution of Variables to the Accuracy of the KNN Model

Latitude r 6.52%
Longitude . 3.99%
Years ]v{ 2.34%

o 3 10 15 20 25 30 35
Level of iImportance (%)

Research Variables

Figure 6. Permutation Importance Graph

The influence of each variable is shown in
Figure 6. If this variable is removed, the model will
be affected by chlorophyll-a reaching 25.66%, SST
reaching 23.58%, 6.52% for latitude, 3.99% longi-
tude, and 2.34% for year.

K-Nearest Neighbors Modeling Results at Best
Accuracy

Evaluation of the classification model perfor-
mance using the KNN algorithm on 1,015 test points
successfully predicted potential and non-potential ar-
eas.
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Figure 7. KNN Modeling Results

Overall, the model demonstrated high con-
sistency, with a total of 971 correct predictions and
only 44 incorrect predictions, supported by a stable
fl-score of 0.96 for both categories. The visualiza-
tion of the KNN model can be seen in Figure 7 above,
the green dots depict potential classes that were suc-
cessfully predicted correctly by the model, while the
gray dots depict non-potential classes that were suc-
cessfully predicted as non-potential by the model,
and the red dots are classes that were predicted incor-
rectly by the model.

Discussion
The Effect of Data Sharing Ratio on Accuracy

The results of tests conducted at various K
values (3, 5, 7, and 9) with three data sharing
schemes (60:40, 70:30, and 80:20) show that the data
sharing ratio has an impact on the performance of the
K-Nearest Neighbors algorithm. Overall, the data
sharing scheme with 70% training data and 30% test-
ing data has the most stable accuracy, the highest ac-
curacy level is 95.66% at a value of K = 7. In con-
trast, the 60:40 scheme with a value of k =3 produces
results with an accuracy of 95.49%. However, the ac-
curacy trend in this ratio decreases as the K value in-
creases. This occurs even though there is more test
data (1,353 data), the limited training data (2,029
data) makes it difficult for the model to generalize
when the K value increases. The quality of a model's
predictions is highly dependent on the amount of
training data available. When a shortage of training
data prevents an algorithm from learning diverse pat-
terns, the resulting poor performance is known as un-
derfitting. Because the model's architecture is exces-
sively simple, it struggles to grasp the complex rela-
tionships present in the data (Sivakumar et al., 2024).

The 80:20 test results show that this ratio has
the lowest accuracy compared to other schemes but
is still considered good. This indicates that the test



data with an 80:20 ratio shows greater variability or
contains more complex outliers, this can make the
model difficult to generalize, especially if the test
and training data patterns are different (An et al.,
2021). Research shows that the 70:30 ratio more of-
ten produces better accuracy than other ratio
schemes, this is due to the less risk of overfitting due
to a more balanced representation of training and
testing (Sivakumar et al., 2024).

Selection and Evaluation of K Value at the Best
Ratio

KNN classification heavily depends on how
accurately the value of K is chosen. This is due to the
fact that a big K number may lead to classification
mistakes, making the prediction results erroneous,
whereas a small K value is sensitive to outliers
(Ujianto et al., 2025). The best accuracy occurs in the
70:30 ratio scheme with a value of k = 7, this indi-
cates that adding more k values helps the model in
generalizing more stable data patterns.

The results of the KNN algorithm testing
show that the value of k = 7 has better accuracy com-
pared to other k values. This indicates that, when
compared to other k values depending on the dataset,
the value of k = 7 provides a better balance of bias
and variance. The model is more sensitive to changes
in pixel values and noise in MODIS image data when
k is smaller, namely k = 3 and k = 5. This is due to
the fact that MODIS images with a spatial resolution
of 4 km represent a fairly large area of about 16 km?
in one pixel so that the values of sea surface temper-
ature (SST) and chlorophyll-a are only average val-
ues and are unable to describe environmental varia-
tions at a smaller scale. This resolution is relatively
coarse so it is difficult to identify changes in water
conditions on a small scale, such as significant tem-
perature differences between areas or upwelling
zones that often occur in water areas (Drozd et al.,
2025). Conversely, a large value of k, such as k=9
makes the model consider more of its nearest neigh-
bors including neighbors or points with different ac-
tual environmental conditions. Consequently, over-
smoothing blurs the boundaries between potential
and non-potential areas, reducing the classification
rate. This aligns with the bias-variance principle in
KNN a small k value tends to make the model highly
sensitive to noise but has low bias, conversely a high
k value improves generalization ability but can po-
tentially lead to high bias (Mladenova & Valova,
2023).
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A k=7 value results in more neighbors and
successfully mitigates the influence of inaccurate
data, meaning the model does not lose its sensitivity
to patterns around the location. Conversely, at k=9,
too many neighbors are included, including data
from various sea conditions, reducing accuracy from
95.66% to 95.36% (Figure 4). Therefore, a k=7 value
provides the best balance in reducing the impact of
inaccurate data at 4 km resolution while maintaining
the model's ability to identify patterns in Banten wa-
ters.

As a form of validation, the evaluation was
carried out using a Confusion Matrix, which is a ta-
ble that compares predicted labels with actual labels
to calculate the level of classification accuracy. The
Confusion Matrix has Precision, Recall, and F1-
score values. The precision metric defines how many
positive classifications are actually correct, divided
by the total number of positive predictions. Pratiwi
et al. (2020) state that recall demonstrates the sys-
tem's ability to capture the percentage of genuinely
positive data. To provide a balanced assessment of
the model, the F1-Score combines both of these
measurements.

Based on the confusion matrix results, the
model only experienced a classification error of 4.3%
(44 of 1,015 test data). This small and balanced error
proportion between FN and FP indicates that there is
no systematic bias in the model, but is caused by the
uncertainty of KNN voting on border data due to the
application of hard thresholds and the effect of pixel
mixtures in coastal areas due to the resolution of
MODIS 4 km imagery which shows the average
value and is reinforced by cloud cover interference
on satellite image sensors which can cause spatial
data to be lost at certain points so that the interpola-
tion results at the data processing stage may not rep-
resent the actual conditions at that point.

The model evaluation succeeded in achieving
the best accuracy, namely 95.66 %. Al Iman et al.
(2023) used KNN to classify various types of fish
based on 2-Dimensional Linear Discriminant Analy-
sis (2D-LDA), which showed that by using the ideal
nearest neighbor parameter at k=9, the KNN algo-
rithm can detect fish species with a very high accu-
racy of 93.12%. Similarly, Wiastopo & Imelda,
(2024) using KNN to detect the freshness of macke-
rel based on color and texture features with an accu-
racy of 96%.

The model's success in accurately predicting
potential classes demonstrates a strong linear corre-
lation between SST and chlorophyll-a variables and



fish distribution. These results align with research
showing that Bhavan et al. (2025) abiotic parameters
such as Sea Surface Temperature (SST) and biotic
variables such as chlorophyll-a, as indicators of wa-
ter fertility, can be effectively used to estimate fish
Presence.

The Most Influential Variables on Fish Presence

The results of the tests conducted using the
Permutation Feature Importance method identified
the chlorophyll-a variable as the most important fea-
ture with an importance level of 25.66%. This im-
portance level indicates a significant decrease in
model accuracy if the chlorophyll-a variable is re-
moved from the classification process. This is in line
with the statement of Sayad (2023) that two crucial
indicators of aquatic productivity and fish Presence
are sea surface temperature and chlorophyll-a.

The relationship between chlorophyll-a and
SST influences the distribution of marine biota. Bio-
logically, environmental changes affect the lives of
small pelagic fish, which are highly sensitive to en-
vironmental changes. Therefore, the existence of
small pelagic fish depends on changes in water tem-
perature and food availability. The upwelling phe-
nomenon, which produces high nutrient levels in the
waters, acts as a primary trigger for phytoplankton
growth because small pelagic fish are predominantly
phytoplankton-feeders. According to Kurniawati et
al. (2017), the chlorophyll-a range of 0.5-2.5 mg/m?
is the threshold for fertile waters without experienc-
ing excessive algal blooms. If chlorophyll-a concen-
trations are high, the distribution of small pelagic fish
is also high, but if chlorophyll-a levels are very high,
there is concern that algal blooms will occur, which
will negatively impact aquatic ecosystems (Prayitno
et al., 2021). Small pelagic fish also tend to prefer
relatively warm waters, with temperatures ranging
from 28°C to 29°C for small pelagic fish survival
(Syamsuddin et al., 2018). Prayitno et al. (2021) also
stated that catches will increase when sea surface
temperatures decrease, and when temperatures rise
above the ideal limit, catches will relatively decrease.
Small pelagic fish can adapt to temperatures between
28°C and 30°C in waters because temperature affects
fish metabolism, and pelagic fish tend to move ac-
cording to warmer temperatures (Rasyid, 2010 in the
journal Sarwati et al., 2025). However, due to the dy-
namic nature of ocean waters, where water condi-
tions can change and the constant movement of fish
will adapt to water conditions, fishing activities can
still occur outside of ideal fish conditions. This
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shows that all waters have the potential to catch fish,
especially small pelagic fish.

An analysis conducted using the Generalized
Additive Model (GAM) showed that the combina-
tion of chlorophyll-a and SST was the most suitable
variable to explain the distribution pattern of macke-
rel in Banten Bay (Putri et al., 2025). This condition
confirms the reason why these two variables were
ranked highest in feature importance in the KNN
model built. The study found Dewi et al. (2023) that
chlorophyll- a had a stronger influence on fish
catches than SST, further highlighting the im-
portance of this variable in predicting fish Presence.
The high contribution chlorophyll-a in this study
proves that the KNN algorithm relies heavily on this
primary productivity parameter to identify fishing
ground patterns in Banten waters.

The results of interviews with local fisher-
men also stated that to determine the presence or ab-
sence of fish can be seen from the dark green color
of the water which indicates the amount of chloro-
phyll and warm water temperature, this is done in a
traditional way without tools which further high-
lights that the parameters of sea surface temperature
and chlorophyll-a are important parameters in deter-
mining the presence of small pelagic fish. However,
habitat selection also depends on the fish species,
small pelagic fish have a lower tendency to prefer ex-
cessive chlorophyll content compared to large pe-
lagic fish (Sarifah et al., 2024).

CONCLUSION

The K-Nearest Neighbors algorithm per-
formed very well in estimating the Presence of small
pelagic fish during the east monsoon in Banten Wa-
ters, achieving an optimal accuracy of 95.66% at a
data sharing ratio of 70:30 and a K value of 7. This
modeling confirmed that primary productivity pa-
rameters, namely chlorophyll-a and Sea Surface
Temperature, were influential variables in estimating
fish Presence. Evaluation using a Confusion Matrix
showed that the KNN model with K=7 at a ratio of
70:30 had balanced and precise classification capa-
bilities. The use of the Euclidean Distance metric
successfully confirmed that fishing grounds in Ban-
ten Waters tended to cluster, where water masses
with similar temperatures (SST) and chlorophyll-a
within a certain radius had the same potential proba-
bility level. Overall, the use of Machine Learning
through the KNN method was able to provide good



classification regarding the estimation of the Pres-
ence of small pelagic fish. However, this study has
limitations in its labeling scheme, which risks imbal-
anced data, which can directly degrade model perfor-
mance. In data collection instruments, satellite im-
agery sensors are highly susceptible to cloud cover
interference, potentially leading to missing data at
certain water points.
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  k ≈   n 2


  accuracy =   TP + TN  TP + TN + FP + FN


  precision =  TP  TP + FP


  recall =  TP  TP + FN


  F 1  score = 2 ⋅   precision ⋅ recall  precision + recall

