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Abstract. Fish cultivation is a vital economic activity for coastal
communities, yet traditional Ffarming methods often Fface
challenges such as environmental instability, feeding inefficiencies,
and water pollution. Effective monitoring of underwater
environments is essential to improve Ffish quality and farming
efficiency. A crucial part of this process is the accurate
classification of Fish and non-fish objects. This study proposes a
method for underwater classification using morphometric Feature
extraction and machine learning techniques. The research process
involves six main steps: (1) preparation of Region of Interest (ROI)
detection data, (2) extraction of morphometric Features—length (L)
and width (W), (3) Feature computation, (4) data partitioning For
training and testing, (5) classification using Support Vector Machine
(SVM), Random Forest (RF), and K-Nearest Neighbor (KNN), and (6)
evaluation using a confusion matrix. Among all models tested, the
Random Forest algorithm yielded the highest accuracy at 93%, with
classification results showing True Positive = 349, False Positive =
28, True Negative = 223, and False Negative = 0. The findings
highlight RF's potential for enhancing automated fish monitoring

in smart aquaculture systems.

Keywords: Ffish classification, underwater image processing,
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1 INTRODUCTION

Fish cultivation is more than just a source of food—it plays a pivotal role in enhancing
the socio-economic fabric of coastal communities. For many Families living near the
ocean, fish farming is not merely a business but a lifeline. Studies show that those
engaged in aquaculture experience an increase in their economic standing by about 26%
to 36% [1]. This is due to the relatively short production cycles in aquaculture, where one
harvest typically takes just three months. The speed and profitability of fish Farming
make it an attractive option for improving livelihoods in areas that depend heavily on

marine resources [2].

As global demand for seafood continues to rise, conventional aquaculture practices are
being scaled to meet the needs of mass consumption. Saltwater Fish production is largely
managed using monoculture systems—where a single species is raised in large pond
structures. These systems are efficient but require intensive monitoring and care, as the
maintenance cycles can range between four to six months depending on species and
environmental factors [3]. Despite the scalability, traditional methods are increasingly

challenged by environmental instability, disease outbreaks, and high operational costs.

To overcome these challenges, the field of smart fish farming has emerged, merging
artificial intelligence (Al), machine learning, and data analytics into traditional aquaculture
systems. This technological evolution allows farmers to make data-driven decisions that
improve productivity, reduce waste, and promote sustainable practices. However,
managing the enormous volume and diversity of data—from sensor readings and video
feeds to breeding logs and environmental inputs—presents its own set of complexities.
The data come in various Forms such as text, image, audio, and video, and originate from
multiple sources, including sensors, cameras, and |oT devices embedded in the

aquaculture environment [4].

In traditional fish farming, critical parameters like water quality, feeding schedules, and
Fish growth are often monitored manually, which is time-consuming and prone to human
error. Smart systems equipped with cameras and sensors have transformed this
landscape by integrating image processing and Al algorithms to automate these

processes. These systems not only track fish size and behavior but also optimize feeding
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and environmental control in real-time [5]. With Al handling the analysis, fish fFarmers can
now access accurate, real-time insights without needing to intervene physically, leading

to better stock management and cost savings.

The digital transformation driven by the Fourth Industrial Revolution is placing intelligent
aquaculture at the forefront of modern farming practices. Monitoring underwater
conditions, particularly identifying and classifying Fish, is a foundational task in these
systems. Digital image processing, especially through deep learning, has significantly
improved the accuracy and efficiency of fish classification. Automated Feature extraction
of high-dimensional image data has enabled machines to recognize species and assess
health conditions more precisely than ever before [6], [7]. This research introduces a novel
approach combining advanced feature extraction and machine learning to elevate the
capability of underwater fish monitoring, paving the way for more intelligent, responsive,

and sustainable aquaculture systems.

2. METHODS

Fish are aquatic animals that reproduce and live entirely in water ecosystems, and they
hold immense nutritional value as a primary source of animal-based protein For millions
of people around the world [8]. As global demand for seafood continues to surge, fish
farming has become a vital industry, offering an efficient way to meet consumption
needs while ensuring food security. Among various seafood options, Fish is often the
most preferred due to its affordability, taste, and rich content of omega-3 fatty acids.
However, as fish production scales globally, ensuring the health and quality of farmed
fish has become an increasingly complex challenge [9]. One critical step before fish are
sent to the market is rigorous quality control, where fish must be accurately classified
and inspected according to industry standards to guarantee both safety and market value
(1.

To support these objectives, digital technologies such as computer vision and machine
learning have been integrated into aquaculture monitoring systems. One of the
Foundational techniques in these systems is image-based feature extraction. This
involves analyzing captured images of fish to extract meaningful visual characteristics.

Specifically, Features related to colour, texture, and shape are used to differentiate
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between species and to assess physical health. Of these, morphometric Features—
quantitative measurements of an organism's form are especially useful for species
identification and size estimation. Common morphometric parameters include fish length
(L), Fish height (H), and fish width (w) [10], [11]. These physical indicators are simple yet
powerful tools for classification tasks, offering a way to objectively describe and

distinguish aquatic species based on their external appearance [12].

Table 1. Morphometric Features of Fish

Feature Symbol
Fish Length L
Fish Height H
Fish width w

In this research, these morphometric features form the core dataset for machine learning
algorithms that classify underwater fish objects. The classification process requires
robust computational models capable of handling variations in Fish size, orientation,
lighting, and environmental noise. To achieve this, four widely used machine learning
techniques were implemented: Support Vector Machine (SVM), Random Forest (RF),
Decision Tree (DT), and K-Nearest Neighbor (KNN).

1) Support Vector Machine (SVM) is a powerful supervised learning algorithm that
finds the optimal decision boundary (hyperplane) separating different classes of
data. It is particularly effective in high-dimensional spaces and works well even
with a limited number of samples. The flexibility of SVM comes from its kernel
Functions—linear, polynomial, and radial basis function (RBF)—which allow it to
model both linear and non-linear relationships between data points [13]. In the
context of this study, SVM helps in identifying subtle differences in Fish
morphology that might otherwise be hard to detect visually.

2) Random Forest (RF) is an ensemble learning method that builds multiple decision
trees during training and merges their outputs to improve classification accuracy.
RF is highly resistant to overfitting and performs well with large datasets
containing noise or missing values. Its effectiveness is directly proportional to
the number of trees used in the Fforest—the more trees, the better the

performance in most cases [14], [15]. This makes RF a reliable choice Ffor
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underwater image data, which can often be noisy due to lighting or water clarity
issues.

3) Decision Tree (DT) is one of the simplest yet most intuitive machine learning
models. It uses a tree-like graph of decisions and possible consequences to arrive
at a final classification. The model splits the dataset based on feature thresholds,
making it ideal For problems where interpretability is crucial. DTs also serve as
the fFoundation For more complex models like RF, and they offer fast training and
prediction times [16], [17].

4) K-Nearest Neighbor (KNN) is a non-parametric algorithm that classifies new data
based on the similarity to its 'K' closest points in the training set. It's particularly
useful in recognizing patterns based on visual proximity and works well when
class distributions are distinguishable by distance metrics. Although
computationally intensive during prediction, KNN delivers strong performance in

environments where object shapes and sizes—like those of Fish—are distinct [18].

The overall research workflow is broken down into six key stages, as shown in Figure 1.
The process begins with the preparation of raw image data obtained from Region of
Interest (ROI) detection, where areas containing potential Fish objects are identified. Next,
the morphometric feature extraction phase involves isolating and measuring the Fish's
length and height from the detected ROls. After that, the values of these features are
calculated and normalized to ensure consistency across the dataset. The dataset is then
split into training and testing sets, allowing the algorithms to learn patterns from one

portion and validate them on another.

Once the datasets are ready, machine learning models—SVM, RF, DT, and KNN—are trained
using the training data. The model creation phase involves hyperparameter tuning,
training iterations, and model validation to ensure optimal performance. In the final stage,
the classification performance is evaluated using a confusion matrix, which provides a
detailed breakdown of true positives, false positives, true negatives, and false negatives.
This evaluation metric is crucial in understanding the accuracy, precision, recall, and F1-
score of each algorithm in the Ffish classification task. The research flow, outlined in
Figure 1, presents a comprehensive pipeline from raw data to intelligent decision-making

for Fish classification in underwater environments.

5 | Classification of Aquatic Species in Cultivation Ponds via Image Processing and ..
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Figure 1. Research flow diagram

RESULTS AND DISCUSSION

This research marks the fifth phase in a broader investigation aimed at enhancing

intelligent systems in aquaculture environments. Specifically, this phase focuses on

developing and evaluating machine learning models that can accurately differentiate

between fish and non-fish underwater objects using digital image analysis and

morphometric data. The central goal is to establish a reliable, automated method of

classification that can support various aquaculture applications—such as stock

monitoring, Feeding automation, and environmental control. Four prominent machine

learning algorithms—Support Vector Machine (SVM), Random Forest (RF), Decision Tree

(DT), and K-Nearest Neighbor (KNN)—were employed in this study due to their strong

track records in classification tasks involving visual and biometric data [19], [20].
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3.1. Morphometric Feature Extraction from Underwater Object

The process of fish identification in this study is based on extracting morphometric
features from underwater digital images—specifically, the length (L) and height (H) of
each object. These features were selected due to their simplicity, computational
efficiency, and proven effectiveness in differentiating aquatic species. The
measurements were derived using the Euclidean Distance formula, applied to points
defined along the contours of the fish or object detected in the image. The dataset used
consisted of 2,000 labeled image samples, evenly split between fish and non-fish
categories. The non-fish category included various marine elements such as coral
Fragments, floating debris, aquatic plants, and underwater equipment parts that could be
mistakenly classified as Ffish in low-resolution or noisy environments. The image

processing pipeline was essential in isolating these objects effectively.

The workflow for morphometric extraction began with the acquisition of RGB images,
which were then converted to grayscale to simplify edge detection. Edge detection
algorithms such as Sobel or Canny were applied to identify the object boundaries.
Following this, Region of Interest (ROI) detection techniques were used to crop the
precise object area for analysis. Finally, the morphometric Features (L and H) were
extracted by measuring the bounding box dimensions around the detected ROI. Figure 2
illustrates this step-by-step image processing and feature extraction sequence for both
Fish and non-fish samples. This rigorous preprocessing ensured that the dataset fed into
the machine learning models was clean, structured, and uniform in format, which is

critical for consistent training and classification outcomes.

3.2. Data Preparation, Training, and Testing

with the morphometric Features successfully extracted, the next phase involved
organizing the data for machine learning model development. The total of 2,000 samples
was split into two subsets: 70% (1,400 samples) For training and 30% (600 samples) For
testing. This split ratio balances the need for sufficient data to train the models
effectively while also reserving enough samples for a Ffair evaluation of model

performance.
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Figure 2. Analysis of digital images of fish and non-fish objects underwater
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The models were implemented using the Python programming language with support
from the Scikit-learn library. The Ffollowing functions were used Ffor training the
classifiers:

1) SVM: SVCFit(x, y)

2) Random Forest: RandomForestClassifier.Fit(x, y)

3) Decision Tree: DecisionTreeClassifier.Fit(x, y)

4) KNN: KNeighborsClassifier.Fit(x, y)

Each Feature vector, consisting of (L, H), was normalized to eliminate scale bias and
improve convergence during model training. The training process involved multiple
iterations with hyperparameter tuning to optimize model performance. Figure 3
visualizes the distribution of the training and testing datasets along the two
morphometric dimensions. This step helped to confirm that the data was balanced across
both classes and that there was sufficient variance to challenge and validate the learning

capacity of the models.

Data Training and Testing

20
15
10
5
0

mLmH

Figure 3. Morphometric Features data for classification training and testing
3.3. Classification Performance and Accuracy Results
After completing the training process for each machine learning model, the next critical

step was evaluating their performance in correctly classifying underwater objects as

either fFish or non-fish. The evaluation involved a two-pronged approach. First, confusion
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matrices were used to provide a detailed breakdown of each model's prediction
outcomes. This included four key metrics: True Positives (TP), False Positives (FP), True
Negatives (TN), and False Negatives (FN). These Figures offer granular insights into not
just how often a model makes correct predictions, but also the types of errors it tends
to make. Second, overall accuracy scores were calculated fFor a high-level comparison of

the models' classification efficiency.

precision  recall fl-score support precision recall fl-score  support

fish 0.69 0.60 0.64 251 fish 1.00 0.89 0.94 251

non-fish 0.73 0.80 0.76 349 non-fish 0.89 1.00 0.96 349

accuracy 0.71 600 accuracy 0.95 600

macro avg 0.71 0.70 0.70 600 macro avg 0.96 0.94 0.95 600

weighted avg 0.71 0.71 0.71 600 weighted avg 0.96 0.95 0.95 600
KNN RF

precision recall fil-score support precision recall fl-score support

fish 1.00 0.37 0.53 251 fish 0.49 1.00 0.54 251

non-fish 0.68 1.00 0.81 349 non-fish 1.00 0.38 0.81 349

accuracy 0.73 600 accuracy 0.61 600

macro avg 0.84 0.68 0.67 600 macro avg 0.75 0.69 0.60 600

weighted avg 0.82 0.73 0.69 600 || weighted avg 0.81 0.61 0.59 600
SVM DT

Figure 4. Confusion matrix every classification method

The results For all Four classifiers—Support Vector Machine (SVM), Random Forest (RF),
Decision Tree (DT), and K-Nearest Neighbor (KNN)—were visually represented using Figure
4, which shows their respective confusion matrices. These matrices illustrate how each
model performed when tested on the unseen data, derived from the 30% testing subset
of the original 2,000-image dataset. Figure 5 complements this by showing the

comparative accuracy of each model, helping to visualize performance disparities clearly.

Result of Classification
0.8

1
0.6
0.4
0.2

0

accuracy precision Sensitivity F1 Score

BKNN EmRF mSVM mDT

Figure 5. Accuracy results for Fish and non-fish classification
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Among all the classifiers tested, Random Forest (RF) emerged as the top performer. It
achieved a remarkable accuracy score of 93%, indicating that it was able to correctly
classify a vast majority of the fish and non-fish objects. This result underscores the
algorithm’s strong generalization ability and robustness in handling the variability often
encountered in underwater image data, such as differences in lighting, orientation, and
object shape. Delving deeper into RF's performance, Figure 6 presents its confusion
matrix in detail. Out of the 600 test samples:
1) True Positives (TP) were 349, meaning 349 fish images were accurately identified
as fish.
2) False Positives (FP) totalled 28, which refers to non-fish objects that were
incorrectly classified as fish.
3) True Negatives (TN) accounted for 223 samples correctly recognized as non-Ffish.

4) False Negatives (FN) were 0, meaning no fish images were mistakenly classified

300
250
200
150
319 100
50
T 0
Tue

Figure 6. Confusion matrix of Random Forest in the classification process

as non-fish.

True label

False
True

False
Predicted label

This absence of Ffalse negatives is especially significant. In real-world aquaculture
scenarios, missing a fish during automated monitoring could result in that individual
being left unfed or unmonitored, leading to growth issues, health decline, or even
mortality. The RF model's ability to detect all fish instances without missing any
showcases its reliability for high-stakes aquaculture tasks where precision is essential.

The confusion matrix not only confirms RF's overall accuracy but also reflects a well-
balanced performance in both sensitivity (ability to detect fish) and specificity (ability to
detect non-Ffish). While 28 False positives represent minor misclassifications, they are far

less critical in the context of aquaculture than False negatives. These results validate RF
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as a powerful and dependable model For underwater object classification, making it an
excellent candidate for deployment in smart aquaculture systems where consistent,

automated Ffish detection is vital.

3.4. Discussion

The results obtained from this study underscore the remarkable performance of the
Random Forest (RF) algorithm in classifying underwater objects, particularly in
distinguishing between fish and non-fish entities. Among the machine learning models
tested—Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Decision Tree (DT), and
RF—Random Forest delivered the highest accuracy and the most balanced results across
all performance metrics. This outcome can be largely attributed to RF's unique approach
to learning through ensemble modeling. Rather than relying on a single decision boundary
or structure, RF builds multiple decision trees during training and aggregates their
predictions using a majority voting mechanism. This strategy significantly reduces the
risk of overfitting and makes the model more resilient to noisy or inconsistent data,

which are common in underwater imaging scenarios.

A notable strength of Random Forest lies in its use of bagging (bootstrap aggregating).
By training each tree on a randomly selected subset of the training data chosen with
replacement—RF introduces essential diversity into the learning process. This technique
ensures that no single feature or data point dominates the overall model, leading to more
generalized and robust predictive behavior. In the context of underwater environments,
where image quality can be affected by factors like turbidity, lighting variations, and
object occlusion, such robustness is invaluable. RF's ability to adapt to these conditions
without significant manual tuning enhances its practical applicability in real-time

intelligent aquaculture systems [23], [24].

Furthermore, Random Forest excels at modeling non-linear relationships and high-
dimensional Feature interactions—an essential capability when dealing with the complex
variability Found in marine environments. Fish and non-fish objects may share similar
shapes or sizes, and only subtle differences in morphology may differentiate them. RF's
ability to capture these nuanced patterns, without requiring elaborate Ffeature
engineering or complex mathematical transformations, gives it a competitive edge over

other algorithms in this application space.
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When evaluating the performance of the other models, several limitations became
apparent. Support Vector Machine (SVM), while known for high accuracy in structured
environments, demonstrated sensitivity to outliers and noisy data. It also required precise
tuning of kernel parameters to handle non-linear separability, making it less suitable for
dynamic or unstructured environments such as underwater classification. K-Nearest
Neighbor (KNN), though effective in recognizing local patterns, suffered Ffrom
computational inefficiency during prediction—particularly with larger datasets—and
struggled in cases where class boundaries were not well defined. Decision Tree (DT), while
easy to interpret and fast to execute, was prone to overfitting, especially when applied
to training data with limited diversity or noise. Without proper pruning, a single decision
tree can overly tailor its structure to the training data, leading to diminished performance

on unseen samples.

In contrast, Random Forest bridges these gaps by integrating the interpretability of DTs,
the pattern recognition strengths of SVM, and the simplicity of KNN—all while addressing
their weaknesses. It effectively manages the bias-variance trade-off through its
ensemble structure and performs well even when faced with imbalanced datasets,
missing values, or inconsistent feature distributions. Another advantage of RF is its ability
to rank Feature importance, which is especially beneficial in scientific applications. In this
study, for instance, understanding the impact of morphometric features like Fish length
and height on classification decisions provides actionable insights for aquaculture

monitoring systems.

Given these advantages, it becomes evident that Random Forest is the most suitable
model for deployment in intelligent Fish farming systems. Its superior accuracy,
adaptability, and resistance to real-world challenges make it a compelling choice for
applications requiring continuous monitoring, autonomous decision-making, and minimal
human intervention. In conclusion, RF not only achieved the best performance in this
research but also demonstrated qualities that align with the operational demands of

modern smart aquaculture environments.
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4. CONCLUSION

This study successfully implemented a machine learning-based approach for classifying
underwater objects into fish and non-fish categories, using morphometric feature
extraction techniques. The Features analyzed—length (L), height (H), and width (w)—proved
effective in capturing the physical characteristics necessary for accurate classification.
These simple yet informative measurements formed the foundation of the dataset,
allowing For efficient model training and analysis. Among the four machine learning
algorithms evaluated—Support Vector Machine (SVM), Random Forest (RF), Decision Tree
(DT), and K-Nearest Neighbor (KNN)—the Random Forest method achieved the highest
performance. It recorded a True Positive (TP) count of 349, a True Negative (TN) of 223,
and a relatively low False Positive (FP) rate of 28, with zero False Negatives (FN)—
highlighting its exceptional reliability in correctly identifying all fish objects in the

dataset.

The ensemble learning capabilities of RF, combined with its robustness against noise and
variability in underwater imagery, make it a strong candidate for future applications in
intelligent aquaculture. However, to further improve accuracy, scalability, and adaptability
in more complex underwater environments, future research should explore the
integration of deep learning techniques. Approaches such as Convolutional Neural
Networks (CNNs) may offer enhanced feature representation and enable even more
precise classification, especially in real-time monitoring systems where automation and

accuracy are paramount.
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