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Abstract

In recent times, artificial intelligence has become an essential part of our lives, particularly in tasks involving object
recognition. This paper explores the use of convolutional neural networks (CNNs) for enhancing underwater search and
rescue operations by classifying images of humans, fish, and plants. Leveraging the OpenCYV library for preprocessing
and the Keras library with a TensorFlow backend for recognition, this study utilizes a dataset captured through field
experiments. The methodology involved preprocessing the images for segmentation, followed by training a CNN model
to classify these images with high accuracy. The CNN model demonstrated a remarkable classification accuracy of 99.6
%, significantly outperforming other modern machine-learning methods. This work suggests that CNNs can greatly
improve the speed and effectiveness of underwater search and rescue operations by accurately identifying and locating
submerged persons, which is critical for timely rescue missions.
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I. INTRODUCTION

Image processing significantly enhances operational efficiency
by reducing workload and time requirements without com-
promising the classification accuracy of the objects in ques-
tion [1,2]. The advent of deep learning, a sophisticated branch
of machine learning, offers unparalleled capabilities for auto-
matically monitoring and analyzing underwater digital data,
presenting new opportunities for addressing complex under-
water challenges [3]. Unlike traditional machine learning,
which relies on human-classified images with pre-defined la-
bels for model training, deep learning methods, particularly
convolutional neural networks (CNNs), excel in directly ex-
tracting features from images. CNNs are at the forefront of
deep learning techniques, known for their enhanced predictive
capabilities and, in some applications, accuracy surpassing
human performance [4]. The unique challenges of underwater

object detection, such as water turbidity and limited light-
ing conditions, necessitate robust computer vision techniques.
This paper proposes the use of CNNSs to enhance the detection
and classification of underwater objects, aiming to signifi-
cantly contribute to rescue operations by locating drowned
individuals more effectively. The choice of CNNs over other
models is motivated by their proven strength in handling spa-
tial hierarchies in images, which is critical in the dynamic and
visually complex in underwater environment. A dataset com-
prising images categorized into humans, fish, and plants was
collected using a webcam, and subsequently divided into train-
ing and testing sets. This structured approach not only tests
the efficacy of CNNss in underwater conditions but also sets
a foundational methodology for future researchers to extend
and refine. This study aims to:

* Demonstrate the effectiveness of CNNs in the context
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of underwater object classification, detailing the techni-
cal process and the model’s performance compared to
existing methods.

* Offer insights into why CNNs are preferable for this
specific application, discussing their advantages over
other deep learning models in handling the visual chal-
lenges presented by underwater environments.

* Provide a reproducible model and dataset that can serve
as a basis for further research, encouraging advance-
ments in the field of underwater image processing.

A. Real life commentary

The ability to detect and classify underwater objects has real-
life important implications. For example, it can be used to
search for people lost in water. Looking for bodies in the wa-
ter soon after an accident is very important. However, extreme
conditions on land, such as high currents, poor visibility, or
formidable obstacles in the water do not guarantee the safety
of rescuers If roads based on CNN can help detect and classify
underwater objects, including humans, . plants and fish, safely
and effectively [5, 6]. Moreover, despite the efforts made
to enhance image resolution and collect extensive real-time
data, the process remains tedious and often problematic. The
challenge persists in creating a model capable of providing
high accuracy and effectively detecting objects in images af-
fected by distortion, low-light conditions, and segmentation
errors [7,8]. Additionally, existing models, despite employing
various image processing and recognition approaches, tend
to overlook the significant impact of each feature and adapt
a limited number of features [9, 10]. Addressing these issues
requires a system with feature variability. Several researchers
have proposed diverse models for this problem, utilizing var-
ious data mining techniques within the realm of machine
learning.

B. Related Work

This section discusses all known machine learning methods,
especially those utilizing deep neural networks, in the analy-
sis of marine digital data, image annotation, object detection,
and classification. The methods are categorized based on the
detection subject. Emphasis is also placed on the features
and classifiers employed. In the field of machine learning,
various techniques have been used to achieve high accuracy
rates in different domains. For instance, Andrew Rova et
al. [10] explored fish classification by pre-processing the im-
ages through a warping technique before classification. Utiliz-
ing Support Vector Machines (SVM) on a dataset consisting
of 320 images, they achieved an accuracy rate of 90% [11].
Similarly, Raine et al. developed a multi-species seagrass
detector and classifier using a deep convolutional neural net-
work (CNN), achieving an impressive 92.4% accuracy. Their

method also introduced a semi-automated process for label-
ing image patches, significantly reducing manual effort in
underwater image analysis. The study’s dataset, code, and
pre-trained models were made publicly available to facili-
tate reproducibility [12]. Han et al. utilized Convolutional
Neural Networks (CNN) to enhance and detect underwater
images, achieving 90% mAP and 50 FPS in object detec-
tion. Their method combined max-RGB and shades of gray
techniques for image enhancement, outperforming traditional
models in real-time underwater robotics [13]. Rismiyati et al,
successfully utilized transfer learning and Artificial Neural
Network models to classify food/nonfood images, yielding
impressive accuracy results of 95.83% [14]. IBRAHIM et
al. explored the classification of tea leaf shoot maturity lev-
els using two CNN architectures, namely VGGNET 19 and
ResNet50. The VGGNET19 architecture demonstrated the
highest accuracy value, reaching 97.5% in test results [15]. In
addition, Kratzert et al., proposed a system for categorizing
fish into distinct classes, utilizing Singular Value Decomposi-
tion (SVD) and feature extraction. The model is trained using
Artificial Neural Networks (ANN), achieving an impressive
accuracy of 94 percent on the testing dataset [16]. Salman
et al., employed innovative techniques to develop a method
for accurate fish detection in videos. Their approach involved
training the model with regional CNN, followed by applying
background subtraction and optical flow to raw images to
identify fish movement regions. This method demonstrated
accuracy rates of 87.44 percent and 80.02 percent on two
different dataset repositories [17]. Almero et al. utilized an
artificial neural network along with a feature selection algo-
rithm to address the fish classification problem. They applied
a classification tree algorithm for feature selection, and the
selected features were input into a 100-hidden-layer ANN
model, resulting in a testing accuracy of 78.0 percent [18].
Villon et al. researched accurately identifying fishes using
Convolutional Neural Networks (CNN) and compared it to
human identification. The results revealed that CNN achieved
an accuracy of 94.9 percent, surpassing human identification
accuracy, which stood at 84.9 percent [19]. It can be noted
that all previous works, focused on the classification of objects
in the water such as fish or plant types without addressing the
subject of discovering drowned people. therefore this paper
presents multiclass detection and classification of underwater
objects.

II. RESEARCH METHOD

The research method used is experimental research, which is
a systematic scientific approach to understanding cause-and-
effect relationships between variables in a particular context
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Fig. 1. Research stages.

A. Materials and Tools

The techniques used in this study included obtaining images
of different fish, plants, and people through video record-
ings. Subsequently, a collection of photographic photographs
turned into fashion. The information acquisition technique
utilized an Acer 5742G computer prepared with an Intel Core
15 processor, 4 gigabytes of Random Access Memory (RAM),
and a 500-gigabyte Solid State Drive (SSD). The research also
employed OpenCYV, Keras, and TensorFlow Python libraries
within a Jupyter Notebook environment.

B. Time and Place of the Search

This research was conducted during the various periods from
September to December 2023 AD in the computer laboratory
of the University of Mosul campus. In September, fish and
plant image data were collected from multiple locations in
the city of Mosul, including the Tigris River and some vis-
ible water ponds. During this period, an innovative central
processing process was performed, represented by chang-
ing its dimensions to 200 x 200 pixels. The blocking pro-
cess uses the Python language, and the website was also
used.https://www.kaggle.com/datasets/alirasheed2020/human-
fish-and-plant/settings for the best trained Convolutional Net-
work (CNN) model.

C. Search Process

The conducted research process included data acquisition,
data preprocessing, classification using the Convolutional
Neural Network (CNN) method, analysis of classification
results, and model evaluation has been illustrated in Fig. 1

1) Data Acquisition:

The dataset consists of 6071 samples. Fig. 2 include some
images of fish, plants, and humans Fig. 3. The dataset is
divided into 1691 fish, 1448 plants, and 2932 humans. The
images were collected from various locations in Mosul city,
including the Tigris River, several water ponds with reduced
visibility, and closed swimming pools. Please note that the
data collection was done personally by the authors through
videos.

2) Data Preprocessing:
The preprocessing stage is implemented to prepare the images
before segmentation. In this stage, image resizing is carried

Fig. 2. Illustration of some underwater samples: (a)Plants,
(b)Humans, and, (c) Fish.

out by proportionally changing its dimensions. Upon com-
pleting the image resizing, the image samples are divided into
three classes: fish, plants, and humans 70 % of the data is
allocated for training the model using the CNN method, while
the remaining 30% is designated for testing the CNN model.
This approach follows the CNN method.

3) Convolutional Neural Network:

The Convolutional Neural Network (CNN) is one type of ar-
chitecture in artificial deep learning specifically designed for
processing structured data such as images and videos [20].
CNN has become one of the most widely used techniques in
the field of pattern recognition and com puter vision. (CNN),
also known as ConvNet, is a deep learning approach com-
posed of multiple layers. CNN boasts versatile applications,
including segmentation [21], object detection [22], and face
recognition [23]. The classification of CNN involves the mod-
eling process of the CNN method Fig. 2. The CNN method
consists of two steps. The first step involves training using
the backpropagation method, which is one of the approaches
constituting the CNN method. It aims to later train the data
during the modeling process, specifically in this case, the
image data of fish [24]. The second step involves image clas-
sification using the feedforward method. This approach is one
of the techniques constituting the CNN method, which, during
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modeling, focuses on the classification of data. In this stage,
the machine classifies fish image data, determining whether
the image belongs to a specific genus or another type [25].
The first step entails configuring the optimizer type (utilizing
stochastic gradient descent), specifying the number of epochs,
and determining the batch size. Subsequently, the second step
employs the feedforward method with updated weights and bi-
ases. In some instances, dropout parameters are incorporated
during the model design to mitigate overfitting and underfit-
ting issues. Following that, the images that have undergone
the preprocessing stage will be tested on the created model.
The image computation process is depicted by the following
equation [26]:

Ei,j:{1,...,n2}><{1,...,n3} (1)

This is an image of an object n; which possesses features with
dimensional size n; x ny. If the CONV layer, e, contains an

input feature equal to the output of the previous layer, nge_l),

with each size nge_l) X née_l), the output e is as large as n

the feature with size n§ x n§. Feature (i) in layer e, W/’ can be
calculated using the following equation [26]:

ple=1)
we =M+ Y (pg=wi ) @)

J=1

My is the bias of the matrix, Df is the filter for the j th feature
in the layer (e-1), and the i — th feature in layer e, the filter

size (2g‘i_)) x (257", then D can be written in the following
equation [26]:

Dy, g5
Koo : 3)
Dg, e5

Dg17g3
D=
D81*g3

Calculating the output feature size of layer e can use the
following equation [26]:

ns =g~ =2 @)

ng=n5"' —2g5 ©)
CNN employs a Rectified Linear Unit (ReLU) activation func-
tion to accelerate the convergence of the training process. This
is achieved by amplifying the loss of the network through the
utilization of the gain coefficient z;. This approach simplifies
the correlation, as expressed by the following equation [26]:

W¢ =zf(We ) (6)

128x128x 1 128x 128x16 64x64x16 65536x1

CLASS 1
CLASS &
CLASS 3

convolution Maxpooling  Fully Connected
+Relu +softmax

input image image label

Fig. 3. Illustration of CNN architecture [26].

Wi = max(0, W) (7

The input image undergoes convolution in the CONV layer us-
ing a specific kernel to generate multiple output features. The
training process aims to optimize these features, ensuring the
model can produce the most relevant features during the image
classification process. The max-polling algorithm was added
to the CNN architectural structure to reduce computational
complexity [27]. The function of this algorithm is to improve
translation invariance so that the size of the feature map can
be reduced. After that, a normalization process is carried out
so that calculations are simplified, robustness is increased, and
errors are avoided when carrying out the weighting process,
by following the following equation [26,27].

W_e—l
‘/Vie — i (8)

"Tl e—1 2
c+/.t):j:1 (Wj )

The Fully Connected layer is the final layer in CNN, responsi-
ble for classification based on the number of features gener-
ated in the preceding layer’s calculations. The activation func-
tion in the fully connected layer is the softmax function [28].
The softmax function is employed to minimize the error value
of the cross-entropyfunction, commonly used in solving clas-
sification problems. For instance, nei_l in a fully connected
layer e with a specific number of input features Wf = f(p$),
p¢ the calculation for the i — ¢h unit in layer eis determined by
the following equation [26, 28].

Y oi(w), o ©)

e
n3
s=1

nTilngfl
=Y X
oy |

Oj'.,r,s by showing the weight connecting the jt/ unit at position
(r,s) in layer (e — 1) and the ith unit in layer e .

D. Proposed system

The proposed Convolutional Neural Network (CNN) model is
crafted to identify individual photographs after the completion
of the segmentation process and isolate each image The ar-
chitecture of the proposed CNN model is illustrated in Fig. 4.
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Fig. 4. The proposed CNN model.

TABLE 1.
THE ARCHITECTURE PARAMETERS OF THE PROPOSED CNN

Layer No. | Layer (type) No. Kernel | Kernel size | Output shape | No. parameters
1 Input - - (200, 200, 3) 0
2 conv2d 64 3x3 (198, 198, 64) 1792
3 max_pooling2d - 2x2 (99, 99, 64) 0
4 batch_normalization - - (99, 99, 64) 256
5 conv2d 32 3x3 (97,917, 32) 18464
6 max_pooling2d - 2x2 (48, 48, 32) 0
7 flatten - - (73728) 0
8 dense - - (512) 37749248
9 Activation - - (512) 0
10 dropout - - (512) 0
11 dense - - (256) 131328
12 activation - - (256) 0
13 dense - - 3) 771
14 activation - - 3) 0

The model architecture encompasses fourteen primary layers,

with layers (L1) to (L7) dedicated to feature extraction, and
the final three layers (L9), (L12), and (L14) serving as hidden

layers responsible for feature classification. Input Layer (L1):

This initial layer receives images of a standardized size, with
all training images set to 200 x 200 pixels and three color

channels (RGB). There are no trainable parameters at this
level. Convolution Layer (L2): Applying 64 filters, each mea-
suring 3 x 3, this layer conducts the convolution operation
by convolving filters with the input image. The result is 64
output feature maps sized at 198 x 198. It encompasses 1,792
trainable parameters. Max Pooling Layer (L3): Utilizing non-
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overlapping max pooling and a kernel size of 2 x 2, this layer
generates 32 feature maps, each measuring 99 x 99. There
are no trainable parameters in this layer. Batch Normalization
Layer (L4): Expediting learning and stabilizing the neural
network, this layer normalizes the output from the preceding
layer. Comprising 64 feature maps, each with dimensions of
99 x 99, it contains 256 trainable parameters. Convolution
Layer (L5): Similar to L2 but utilizing 32 filters, this layer
produces 32 feature maps measuring 97 x 97. It incorporates
18,464 trainable parameters. Max Pooling Layer (L6): Simi-
lar to L3, this layer further reduces the size of output feature
maps to 48 x 48. There are no trainable parameters in this
layer. Flatten Layer (L7): Flattening the 2D arrays from the
preceding layer into a 1D array, results in 73,728 trainable
parameters. Dense Layer (L8): As the initial hidden layer
with 512 neurons, it involves 37,749,248 trainable parameters.
Activation Layer (L9): Applying an activation function to the
previous layer’s output, it contains no trainable parameters.
Dropout Layer (L10): Randomly setting a fraction of input
units to 0 during training prevents overfitting, and this layer
has no trainable parameters. Dense Layer (L.11): Serving as
the second hidden layer with 256 neurons, it includes 131,328
trainable parameters. Activation Layer (L12): Applying an
activation function to the previous layer’s output, it contains
no trainable parameters. Dense Layer (L13): Representing
the third hidden layer with 3 neurons, corresponding to the
number of classes in the input images, it has 771 trainable
parameters. Activation Layer (L14): Applying an activation
function to the output of the previous layer, it contains no
trainable parameters. The final three layers in the architecture
are designated for feature classification. The initial hidden
layer consists of 512 neurons, followed by the second hidden
layer with 256 neurons. The third layer comprises 3 neu-
rons, representing the number of classes corresponding to the
input images. The CNN model’s architecture encompasses
37,901,731 trainable parameters. The training process of the
proposed system employs the Adam optimizer with a learning
rate of 0.001 and an optimal batch size of 16. Categorical
cross-entropy is utilized to compute the loss function, guiding
the adjustment of trainable parameters to minimize predic-
tion loss. Table I provides a comprehensive overview of all
parameters inherent in the proposed network.

E. Results Analysis

In this stage, CNN classification analysis will be conducted
using the best model selected based on the smallest loss and
highest accuracy. The model was tested using both training
and testing data.

F. Model evaluation
This stage involves evaluating the selected model. The evalu-
ation was performed using the confusion matrix in the CNN

classification results based on identifying human identity
through various objects such as fish and underwater plants.
The objective is to determine the extent of error occurring in
the classification. According to Santra et al. [29], The con-
fusion matrix serves as a Table II, providing an overview of
the classification model’s performance on a set of test data.
It facilitates a comparison between the predicted labels and
the actual labels, enabling the calculation of correct and incor-
rect predictions for each class. This stage involves evaluating
the selected model. The evaluation was performed using the
confusion matrix in the CNN classification results based on
identifying human identity through various objects such as
fish and underwater plants. The objective is to determine
the extent of error occurring in the classification. According
to Santra et al [29], The confusion matrix serves as a table
II, providing an overview of the classification model’s per-
formance on a set of test data. It facilitates a comparison
between the predicted labels and the actual labels, enabling
the calculation of correct and incorrect predictions for each
class. This stage involves evaluating the selected model. The
evaluation was performed using the confusion matrix in the
CNN classification results based on identifying human iden-
tity through various objects such as fish and underwater plants.
The objective is to determine the extent of error occurring in
the classification. According to Santra et al [29], The con-
fusion matrix serves as a Table II, providing an overview of
the classification model’s performance on a set of test data.
It facilitates a comparison between the predicted labels and
the actual labels, enabling the calculation of correct and incor-
rect predictions for each class. This stage involves evaluating
the selected model. The evaluation was performed using the
confusion matrix in the CNN classification results based on
identifying human identity through various objects such as
fish and underwater plants. The objective is to determine
the extent of error occurring in the classification. According
to Santra et al [29], The confusion matrix serves as a Table
II, providing an overview of the classification model’s per-
formance on a set of test data. It facilitates a comparison
between the predicted labels and the actual labels, enabling
the calculation of correct and incorrect predictions for each
class. In the context of a three-class set, where O represents
plants, 1 corresponds to humans, and 2 pertains to fish, the
confusion matrix takes the following form:

Here,TPy, TP;, and TP, denote the True positives for
each class, indicating the Number Of Times (NOT) the model
correctly predicted plants, humans, and fish, respectively. Sim-
ilarly, F Py, F P»o, FPy1, F Py, FPj2, and F P> are the False
positives for each class, representing the instances where the
model incorrectly predicted plants, humans, and fish, respec-
tively. For instance, F'Tp; signifies the Number Of Times
(NOT) of the model predicted plants when the actual O class
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A CONFUSION MATRIX IS A TOOL TO EVALUATE THE
PERFORMANCE OF A CLASSIFICATION MODEL OF THE
PROPOSED CNN

Predicted 0 | Predicted 1 | Predicted 2
Actual 0 T Py FPy; FPy
Actual 1 FP|0 TPy FPp
Actual 2 FP20 FP21 TP22

was human. The confusion matrix proves valuable in comput-
ing various metrics for model evaluation, including accuracy,
precision, recall, and F1 score. The model accuracy, for in-
stance, is expressed as the ratio of the total True Positives for
each class to the overall number of predictions:

TP +TP +TP %
TPy+TP +TP,+FPio+FPyy+FPy +FPyp+FPiy+FPy

(10)

Accuracy = 100

The model precision & recall same law, for instance, is ex-
pressed as the ratio of the total True Positives for each class
to the overall number of predictions:

. True Positives
(precision) or (recall) = — —
True Positives + False Positives
x 100
(11)

The model FI score, is the harmonic mean of precision &
recall is a measure that seeks to achieve a balance of measures
of precision and recall, giving an overall score that reflects the
performance of the model. Its formula is:

12)

.. 1
F1 score =2 x (precmon X reca >

precision + recall

Additionally, the confusion matrix aids in pinpointing areas
where the model makes the most errors, offering insights into
potential enhancements. For instance, a high FPy; suggests
confusion between plants and humans prompting the need
for adjustment to feature or the model hyperparameters to
mitigate this error [30].

II1. RESULTS AND DISCUSSION

A. Data Preprocessing

The initial step in data preprocessing involves assigning a
label to each plant, human, and fish image data for easy dif-
ferentiation between those images that are not processed and
those that are processed. This labeling aims to streamline the

Training and Validation accuracy
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>
o
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Fig. 5. The training and validation accuracy of the proposed
model.

subsequent stages. The following step in data preprocessing
encompasses the scaling and standardization of all catego-
rized images, specifically resizing them to 200 x 200 pixels.
This is done to reduce the image size for processing, thereby
minimizing the memory load in subsequent operations. The
concluding phase in data preprocessing involves the segmen-
tation of the dataset into training, testing, and validation data
Table II. The training data is employed to assess the algorithm,
the test data is used to evaluate the algorithm’s performance,
and the validation data aids in assessing the model’s effective-
ness.

B. Data Preprocessing

The analysis of CNN classification results entails the meticu-
lous utilization of a randomly shuffled dataset, bifurcated into
a two-part training set comprising 6071 images and a valida-
tion set encompassing 1822 images. Throughout the iterative
training process, the model has consistently demonstrated re-
markable validation accuracy, reaching an impressive 99.6%.
This accuracy is precisely computed using Equation 10.

Fig. 5 visually depicts the dynamic evolution of accuracy
throughout both the training and validation phases. Notably,
the training model’s accuracy initiates at approximately 70%
and exhibits consistent improvement with each successive
epoch.

Fig. 6 provides a comprehensive view of the loss incurred at
the culmination of each epoch. The proposed model exhibits a
substantial classification rate coupled with a minimal loss rate.
In the CNN classification stage, careful consideration is given
to optimizing the model by fine-tuning parameters, specif-
ically the combination of epoch size and batch size. Here,
the epoch symbolizes the entire dataset’s traversal through a
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Training and Validation loss

—— Training loss
—— validation loss

o] 5 10 15 20 25
Epochs

Fig. 6. The training and validation loss of the proposed
model.

series of training sessions on the neural network until it com-
pletes a single round. Concurrently, the batch size denotes the
quantity of samples processed through the neural network at
any given moment [31].

1) Optimization of CNN Parameters

The CNN parameter optimization stage involves selecting the
CNN model based on the values assigned to the epoch and
batch parameters. The tested values for the epoch parameter
were [5, 15, 25], and for the batch parameter, the values tested
were [16, 32, 64], resulting in a total of 9 combinations of
epoch and batch parameter values. The parameter combina-
tion was chosen based on achieving the lowest loss value and
the highest accuracy in Table III.

2) Classification

The classification stage is a classification process for testing
data, using a confusion matrix. The detailed test results have
been obtained from 1822 testing data (434 plants, 849 humans,
539 fish), as depicted in Fig. 7

C. Model Evaluation

The model evaluation phase is a vital process to measure the
accuracy of the classification model using 1822 validation
data see Table Table I'V. Note that the average accuracy of the
test results for each class may differ from the model accuracy
when using test data. This is because the accuracy of test
results in test data depends on the discriminant classification
function, while the accuracy of testing each class in validation
data depends on the probability value of the classifier’s pre-
diction results. The Tabel IV shows that the average accuracy
obtained from the test results for each class of classification

is 99.6%. This is a significant improvement, showing the
best class with 99.6% accuracy. Apart from calculations of
precision values, the performance of a classification model
can be measured by calculations of precision, recall, and F1-
score values (see Equations 10, 11, and 12). In addition, the
averages of the obtained accuracy values show a rate of up
t0 99.652%, as well as a recall of 99.584%. In addition, the
fl-score was up to 99.618It is observed that the difference
between these values is not very large, which shows that the
performance of the built classification model is good. Based
on these results, it can be concluded that the CNN classifi-
cation model used is effective, as the results show excellent
quality in terms of precision, recall, and f1-score.

IV. DISCUSSION

The results derived from the experiments, as summarized in
Table III, indicate an inverse relationship between the batch
size used in the CNN algorithm and the accuracy obtained.
This aligns with the findings of Kandel and Castelli [32], who
noted that larger batch sizes generally do not result in higher
accuracy. On the other hand, the number of epochs in a CNN
algorithm exhibits a positive correlation with accuracy; as
the number of epochs increases, accuracy tends to improve
over time. This observation is consistent with Nasrallah et
al.’s research [33], which highlighted an increase in the ac-
curacy of the classification system with a higher number of
epochs. However, [33] warned about the potential of over-
fitting when combining increased resolution with a higher
number of epochs. Overfitting occurs when an algorithm is
trained to model the training data so precisely that its accu-
racy diminishes significantly when tested with new, unseen

Confusion Matrix
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- 500
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i -0
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Fig. 7. Confusion matrix for a set of 3 classes, 0
corresponding to plants, 1 corresponding to humans, and 2
corresponding to fish.
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TABLE III. ACCURACY AND LOSS VALUES FOR EACH PAIR OF EPOCH AND BATCH PARAMETERS

Batch 5 Epochs 15 Epochs 25 Epochs
Accuracy Loss | Accuracy Loss | Accuracy Loss
16 97.08%  0.1514 | 98.25%  0.0728 98.6% 0.0604
32 90.08%  0.2701 95.48%  0.0901 97.5% 0.0685
64 80.58%  0.4701 | 91.45%  0.2421 96.2% 0.0697
TABLEIV. V. CONCLUSION

CLASSIFICATION REPORT OF MODEL

precision | recall | fl-score | support
0 0.99309 | 0.99309 | 0.99309 434
1 0.99648 | 1.00000 | 0.99824 849
2 1.00000 | 0.99443 | 0.99721 539
accuracy 0.99671 1822
macro avg. 0.99652 | 0.99584 | 0.99618 1822
weighted avg. | 0.99671 | 0.99671 | 0.99671 1822

data. To assess whether our model is prone to overfitting, an
evaluation was conducted by testing the model with validation
data, the details of which are outlined in Tablell. (represent-
ing new data not used during model training) [34] . Table
IV illustrates that the accuracy achieved using the validation
data is exceptionally high, reaching 99.6%. This substantial
accuracy on validation data provides a strong indication that
the CNN model created for classifying plant, human, and fish
species is robust and does not suffer from overfitting issues.
Table IIcompares the proposed CNN model’s performance
with other state-of-the-art systems for underwater recognition
tasks. The table below summarizes the comparison: Table V

TABLE V.

COMPARES THE PROPOSED CNN MODEL’S
PERFORMANCE WITH OTHER STATE-OF-THE-ART
SYSTEMS FOR UNDERWATER RECOGNITION TASKS. THE
TABLE BELOW SUMMARIZES THE COMPARISON

ref Model Use | dataset | accuracy
[11] SVM 320 90%
[35] KNN 200 94.65%
[36] Deep CNN 1525 88%
[37] MobileNetV2 | 2000 93.5%
Proposed Model CNN 6071 99.6%

SVM (Support Vector Machine), KNN (K-Nearest

Neighbors).

underscores the superior performance of the proposed CNN
model, showcasing its capacity to handle a larger dataset ef-
fectively while achieving the highest accuracy among the
compared methods

This research has demonstrated the effectiveness of using
a Convolutional Neural Network (CNN) for classifying un-
derwater images into humans, fish, and plants. The dataset
used has 6071 samples, these samples are divided into two
parts, 70% (4249) of samples are used for the training model,
and 30% (1828) are used for testing. The proposed CNN
model achieved an impressive accuracy of 99.6% on the test-
ing dataset, outperforming other modern machine-learning
approaches. The high accuracy highlights CNN’s strength
in extracting relevant features from image data for accurate
classification. The findings have significant implications for
enhancing underwater search and rescue operations. By accu-
rately distinguishing humans from other underwater objects
like fish and plants, rescue teams can pinpoint the location of
potential drowning victims more efficiently. This capability
can lead to faster response times and improved chances of
survival in emergencies. Moreover, the research contributes to
the broader field of underwater image analysis and computer
vision. The CNN model’s robustness to challenges and lim-
itations in underwater conditions, such as water movement,
low visibility, and distortions, showcases its applicability in
various marine environments and scenarios. Future work
could explore integrating the CNN model into real-time un-
derwater monitoring systems or expanding the classification to
include additional classes of interest. Additionally, investigat-
ing techniques to further improve the model’s generalization
capabilities across diverse underwater environments would be
valuable. Overall, this study highlights the potential of deep
learning, particularly CNNss, in tackling complex underwater
image classification tasks. The proposed approach paves the
way for more effective and innovative solutions in marine
research, exploration, and emergency response operations.
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