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ABSTRACT

The detection of cerebral aneurysms, particularly among professional divers
and swimmers, is crucial due to the high physical demands and pressure
changes experienced in these activities. Currently, identifying these
"intracranial bombs" is challenging, often leading to subarachnoid hemorrhage
with high mortality and disability rates. Clipping surgery and endovascular
embolization are the primary treatments, but early detection is vital for effective
intervention. This study introduces the Shark Smell Optimization and Deep
Learning-Enabled Automated Intracranial Aneurysms (SSODLE-AIA) model,
specifically tailored for the aquatic sports community. The SSODLE-AIA model
innovatively partitions cerebral aneurysms into uniform blocks, employing an
EfficientNet-based feature extractor for generating feature vectors. It uniquely
integrates Shark Smell Optimization (SSO) for optimal hyperparameter tuning,
enhancing the model's relevance to the diving and swimming domains where
sensory acuity is paramount. Furthermore, a Bidirectional Gated Recurrent Unit
(BiGRU) model classifies these blocks into two types: smooth and structured.
This classification is crucial for divers and swimmers, whose cerebral structures
may adapt to their aquatic environments. The identification process includes
mean and patch matching for these regions, ensuring high precision in
detecting subtle aneurysm-related changes. The SSODLE-AIA model's
effectiveness is evaluated using a cerebral aneurysm dataset. Our
experimental results show that this model outperforms existing techniques,
offering a promising tool for early aneurysm detection in athletes exposed to
unique aquatic pressures and environments. This advancement not only aids
in timely medical intervention but also contributes to the safety and longevity of
careers in professional diving and swimming.

KEYWORDS: Deep Learning, Shark Smell Optimization, Intracranial
Aneurysms, Gated Recurrent Unit, Feature Extraction; Diving and Swimming
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1. INTRODUCTION

Exploring the depths of the ocean has always been a fascination for
adventurers, marine biologists, and researchers alike. Among the many
mysteries that lie beneath the waves, the detection of intracranial aneurysms—
weaknesses in blood vessel walls—presents a unique challenge. The
importance of timely detection of intracranial aneurysms cannot be overstated,
as their rupture can lead to life-threatening hemorrhages. This is especially
pertinent for divers and swimmers, who often face increased risks due to the
physiological changes associated with underwater exploration. Recent
advancements in deep learning and artificial intelligence have opened new
horizons for medical imaging and diagnostics. Leveraging these technologies
alongside nature-inspired algorithms, such as shark smell optimization, offers
an innovative approach to address the specific needs of divers and swimmers.
This novel model combines the sensory acuity of sharks with the analytical
power of deep learning to tailor an intracranial aneurysm detection system
optimized for aquatic environments. (NARANJI & KANDUL, 2017).

This study embarks on an exploration of shark smell optimization and
deep learning as a collaborative approach to intracranial aneurysm detection,
uniquely customized for divers and swimmers. By integrating the exceptional
olfactory capabilities of sharks, which allow them to detect blood and chemical
changes in water from great distances(Joo et al., 2020; Kakeda et al., 2008),
with cutting-edge deep learning algorithms, we aim to create a sophisticated
system capable of early aneurysm detection, even in underwater conditions.
(Ivantsits, Kuhnigk, Huellebrand, Kuehne, & Hennemuth, 2021).

The implications of this research extend beyond the realm of underwater
exploration and sports. It has the potential to revolutionize medical diagnostics
by introducing nature-inspired sensing mechanisms and advanced Al into the
medical field (Korogi et al., 1996; McDonald et al., 2015). Additionally, the
development of a specialized model for divers and swimmers can significantly
enhance their safety and well-being, ensuring that they can continue to explore
the ocean's depths with minimized health risks. (Agid et al., 2010; Connolly Jr
et al., 2012; Hemphill Il et al., 2015).

In the synergy of shark smell optimization and deep learning for
intracranial aneurysm detection represents a groundbreaking fusion of nature's
wisdom and human ingenuity(Mensah et al., 2022). (Callagher, 2021). This
model tailored for divers and swimmers promises to be a transformative
development in both the fields of medical diagnostics and aquatic exploration,
providing an innovative solution to a critical health challenge in a unique and
exciting way.

2. RELATED WORKS

Intracranial aneurysms pose a significant health risk due to their potential
for rupture, leading to life-threatening hemorrhages. Timely detection of these
aneurysms is crucial for effective medical intervention and improved patient
outcomes. While advancements in medical imaging have enhanced our ability
to diagnose intracranial aneurysms, certain environments, such as underwater
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settings for divers and swimmers, present unique challenges for early detection.
This literature review explores the innovative fusion of shark-inspired smell
optimization and deep learning techniques to create a specialized model
tailored to address the distinct needs of divers and swimmers in intracranial
aneurysm detection. Sharks, as apex predators of the ocean, possess
remarkable olfactory capabilities that enable them to detect blood and chemical
changes in water from considerable distances. This exceptional sensory acuity
has intrigued researchers for years and inspired investigations into its potential
applications beyond marine biology. Recent studies have explored the idea of
harnessing shark smell optimization principles for medical diagnostics,
including intracranial aneurysm detection. (Ois et al., 2019; Park et al., 2019;
Vlak, Algra, Brandenburg, & Rinkel, 2011).

Research in this area has shown that the keen sense of smell observed
in sharks can be translated into innovative sensor technologies capable of
detecting subtle chemical changes associated with aneurysm development.
These studies suggest that by mimicking the principles of shark olfaction, it may
be possible to create highly sensitive detectors for early signs of aneurysms.
Deep learning, a subset of artificial intelligence, has gained significant traction
in the field of medical imaging and diagnosis. Deep learning algorithms,
particularly convolutional neural networks (CNNs), have demonstrated
remarkable proficiency in recognizing patterns and anomalies in medical
images. The ability to analyze complex data and identify subtle abnormalities
has made deep learning an invaluable tool in various healthcare applications.
(Rincon, Rossenwasser, & Dumont, 2013; Shi et al., 2020).

In the context of intracranial aneurysm detection, deep learning
algorithms have shown promise in improving the accuracy and efficiency of
diagnosis. These algorithms can process and interpret medical images, such
as computed tomography angiography (CTA) scans and magnetic resonance
angiography (MRA) images, with a high degree of precision. As a result, they
have the potential to enhance the early detection of intracranial aneurysms, a
critical factor in reducing associated risks. (Sichtermann et al., 2019; Sohn et
al., 2021; Van Gijn, Kerr, & Rinkel, 2007).

Divers and swimmers face unique challenges when it comes to
intracranial aneurysm detection. The physiological changes experienced during
underwater activities, such as changes in blood pressure and oxygen levels,
can complicate the interpretation of medical images. Additionally, the need for
specialized equipment and expertise in underwater medicine further
underscores the importance of tailored diagnostic solutions for this population.
Traditional diagnostic methods may be less effective in underwater
environments due to these challenges(Miki et al., 2016). Therefore, there is a
pressing need to develop innovative approaches that can adapt to the specific
conditions faced by divers and swimmers.

3. MATERIALS AND METHODS

In this study, a novel SSODLE-AIA model was established for effective
intracranial aneurysms process. Primarily, the presented SSODLE-AIA model
splits the intracranial aneurysms images into a collection of regular sized
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blocks. Then, the EfficientNet model is exploited to produce feature vectors and
the SSO algorithm is utilized to tune the hyperparameters. Next, the BiGRU
model has been used to identify the blocks into two kinds such as smooth and
structured. Fig. 1 demonstrates the block diagram of SSODLE-AIA approach.
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Figure 1. Block diagram of SSODLE-AIA approach

3.1. Feature Extraction

At this stage, the features involved in the uniform blocks are derived by
the use of EfficientNet model. Recently, the quick development of DL approach
is spawned several excellent CNN methods. From the primary easy network to
existing difficult network, the efficiency of method was getting superior and
superior from all the aspects (Stember et al., 2019). An EfficientNet integrates
the benefit of preceding network that summarizes the progress of network
efficiencies as to 3D: (i) Develop the network, i.e., utilize the skip connection for
increasing the depth of NNs, and gain the feature extracting utilizing deeper
layer; (i) Extend the network, i.e., improve the count of convolutional layers for
attaining further function and feature; (iii) with improving the input image
resolutions, the network is expressed and learns further things that are helpful
for improving accuracy. Afterward, utilize a compound co-efficient ¢ for
uniformly balancing and scaling the depth, width, and resolution of network, as
well as maximizing the network efficiency on restricted resources. Evaluation
of compound co-efficient is provided in Eq. (1):

depth:d = a®
width:w = ¢
resolution:r = y?
s.t.a-f?y?=2()
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a=>1,=>1y=>1

In which d, w, and r signify the co-efficient utilized for scaling the depth,
width, and resolution of networks. The a, 3, and y refer the resource distribution
for network depth, width, and resolution. An EfficientNet mostly comprises of
Stem, Dense layer, 16 Blocks, Conv2D, and GlobalAveragePooling2D. The
proposal of Block was dependent on mostly the attention process and
remaining infrastructure, also other infrastructures were same as standard CNN
method.

3.2. Hyperparameter Optimization

As an optimum hunter in nature, the sharks have foraging nature that
goes frontward and rotates viz., highly efficient in prey detection. The
optimization technique simulates shark foraging is a robust optimization
technique (Taufique et al., 2016; Ueda et al., 2019). For a particular location,
the shark moves at a fast speed toward the particles that have strong odor
concentration, thus the velocity vector is formulated by the following equation.

[Vllr V21' ] VI\}P] (2)

The sharks possess inertia when it swims, therefore the velocity
equation of every single dimension is formulated by the given expression,

0(0F)

Vi’,(j =M Ry~ ax.

+ay R, - v[fj_l (3)
.] x. .

k
LJj

In Eq. (3),j =(1,2,--,ND),i = (1,2,-~-,NP), and k = (1,2, , kpmax); ND
refers to the dimension amount; NP characterizes the velocity vector count (size
of shark populations); k,,.x embodies the iteration amount; OF signifies the
objective function; n,, € [0,1] epitomize the gradient co-efficient; a; characterize
the weight co-efficient, besides, it is an arbitrary integer lie within [0,1], also R;
& R, represented as two arbitrary values ranging from [0,1].

The speed of shark is essential for preventing the boundary and speed limit in
the following,

[vij] = min [[vis] [Bi - vi5 ] (4)

In Eq. (4), B, characterize the speed limiting factor of k-th iterations. The
shark possesses a novel location Y;**! because of forwarding movement, and
Y/*1 is defined by the preceding location and speed that is represented by

v = XE+ V- At (5)

In Eq. (5), At refers to the time interval of k-th iteration. Also moving
forward, sharks generally rotate along with the path to seek stronger odor
particles and improve the motion direction, that is, actual direction of moving.
The rotating shark moves in a closed range that is basically not a circle. In the
optimization view, shark performs local searching at each stage to detect best
solution candidate. The searching equation is given by,
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Zl!(+1,m — Yik+1 +R3- Yik+1 (6)

In Eq. (6), m = (1, 2,:--, M) indicates the number of points at every stage
of searching location; R; characterize the arbitrary value within [—1, 1]. Once
the sharks find a strong odor point in the rotation, they move to the point and
continue the search direction. The search procedure for this location is

represented as follows,
Xk = arg max{OF (Y/+Y), 0F (ZI**), ..., OF (Z[F*)} (7)

As aforementioned, Y**! is acquired from the linear motion and Z
is achieved from the rotational motion. Fig. 2 depicts the flowchart of SSO

algorithm.

Start

Return Initialize

Best Solution Parameters

Shark Smell
Optimization
Algorithm

Initialize
Stage Counter

Termination
Criteria?

Select Best
Position

Perform
Local Search

Figure 2. Flowchart of SSO algorithm

ALGORITHM 1: PSEUDOCODE OF SSO ALGORITHM

Pseudo-Code of SSO

Begin

Step 1. Initialize parameters

Assume parameters NP, k ., nk, ak, and B, (k = 1,2,k . )

Produce primary population with every individual

Arbitrarily produce all decisions in the permissible range

Stage counter initialization k = 1

For=1:kpax

Step 2. Forward motion

Determine every element of velocity vector,

vj(i=1..,NP,j=1,.,ND)

Attain new shark location using forward motion, Y**1(i = 1,..., NP)

Step 3. Rotation motion

Attain new shark location using rotational motion, z***™(m = 1,.., M)

i

Choose succeeding location of shark using two motions X**1(i = 1,..., NP)

End for k

Setk=k+1

Pick optimal shark location in the final state that includes maximum OF value.

End
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The SSO approach grows a fitness function (FF) for achieving enhanced
classifier efficiency. It defines a positive integer for representing the superior
efficiency of candidate outcomes. During this case, minimize classifier error rate
has been regarded as FF is obtainable in Eq. (8).

fitness(x;) = ClassifierErrorRate(x;)
number of misclassified blocks
= 100 (8)

Total number of blocks
3.3. BiGRU based Smooth and Structured Block Classification

GRU is extremely same as LSTM, however, it implements gate process for
tracking the state of order before utilizing a distinct storing unit that creates the
infrastructure easier [20]. It comprises 2 types of gates such as reset gate 7,
and update gate z,. It is control that data was upgraded to state together. 7,
control the influence of past state to candidate state h, and lesser their value is
further it can be ignored. At time f, r, was upgraded as:

1 = o(Uyx¢ + Wohe_y + b,) (9)

whereas ¢ refers the sigmoid function, x; and h;_, correspondingly
implies the input and preceding hidden state. z; has been utilized for controlling
several past data was recollected and several novel data is occupied. The
superior the value is, the further status data at the preceding moment was taken
in. z; was upgraded as:

Zy = O—(Uth + 1Wth_1 + bZ) (10)
The state of GRU at time t was calculated as the subsequent formula:

hr = (1 _Zr) @E‘l'zr @ht—l (11)

whereas © implies the vector element multiplication and candidate state
h has calculated as:

h = tanh (Uhxf + + bh> (12)

Va(heoy O1e)

and U, W,.,U,, W,, U, and W, in (9) (10) (12) are learnable weighted, b,
b,, and b, are bias terms. But the conventional RNNs only utilize the previous
data, the bidirectional RNN (BRNN) is procedure information in both directions.

The outcome y of BRNN is attained by calculating the forward hidden order h,

and backward order h, from iterative approach utilizing the subsequent
formulas:

he = ®(W xexh + Wigphe_y + by) (14)
yt = Wﬁyht + W‘Eyht_l + by (15)
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Relating BRNN with GRU provides BGRU that is utilized for accessing
the long-term full sequential data of provided order from both directions. While
a fault analysis problem is usually noticed as a classifier problem, cross-entropy
was implemented as the loss function. While the instance was weighted, the
weighted cross-entropy was offered as:

N M

£0) == wy Y yilog®) (16)

n=1 i=1

whereas 6 signifies the NN parameters, N signifies the amount of
instances, M stands for the count of faults, y; indicates the true label and y;
implies the predictive probability. At the time of training the BiGRU method, it
maintains the target as smoothing or infrastructure depending on the standard
deviation (SD) of certain blocks. If the SD develops lesser than 5, the target
was preserved as smooth one. Else, it can be assumed that infrastructure area
is offered under.

structure if SD > 5
smooth otherwise

type = { (17)

4. PERFORMANCE VALIDATION
In this section studies the performance of the SSODLE-AIA algorithm

employing MATLAB tool against identified dataset [22]. A few sample
sequences are illustrated in Fig. 3.

Complete model (103) Generated segments (1909) Annotated segments (116)

Figure 3. Sample intracranial aneurysms images

Table 1 and Fig. 4 provide a comparative edge similarity (ESIM) outcome
of the SSODLE-AIA model with existing models. The experimental results
indicated that the SSODLE-AIA model has gained effectual performance with
maximum values of ESIM.

For instance, in image 1, the SSODLE-AIA model has offered increased
ESIM of 112 whereas the GWO, CSA, MVO, CS-MVO, and VIA-BASDBN
models have accomplished reduced ESIM of 101, 102, 103, 106, and 108
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respectively. In addition, in image 3, the SSODLE-AIA approach has accessible
improved ESIM of 70 whereas the GWO, CSA, MVO, CS-MVO, and VIA-
BASDBN systems have accomplished lower ESIM of 52, 56, 58, 61, and 65
correspondingly.

Moreover, in image 4, the SSODLE-AIA algorithm has offered maximal
ESIM of 118 whereas the GWO, CSA, MVO, CS-MVO, and VIA-BASDBN
models have accomplished minimal ESIM of 100, 101, 102, 105, and 110
correspondingly.

Table 1 ESIM analysis of SSODLE-AIA algorithm with existing approaches under four test

images
EDGE SIMILARITY
DATASE I(\;II‘(’)VI?E CSA MVO CS-MVO VIA- SSODLE-
T L MODEL MODEL MODEL BASDBN AlA
Image1 101 102 103 106 108 112
Image2 125 130 133 135 138 140
Image 3 52 56 58 61 65 70
Image4 100 101 102 105 110 118
180.0
B GWO Model mmm CS-MVO Model
B CSA Model [ VIA-BASDEN
160.0 [ MVO Model BEE SSODLE-AIA
140.0 - —
: .
& 120.0
E -
w o[ ] —
¢ 100.0 - Bl | u
-
[*V)
80.0 - {1 -
- | | HHI
40-0 T L II T T
Image 1 Image 2 Image 3 Image 4
Dataset

Figure 4. ESIM analysis of SSODLE-AIA technique under four test images

A comparative MSE inspection of the SSODLE-AIA model with existing
models under four test images is shown in Table 2 and Fig. 5. The simulation
outcomes reported that the SSODLE-AIA model has revealed effectual
outcomes with least values of MSE. For instance, in image 1, the SSODLE-AIA
model has gained least MSE of 32.51 whereas the GWO, CSA, MVO, CS-MVO,
and VIA-BASDBN models have resulted in increased MSE of 64.43, 64.24,
59.04, 58.85, and 57.35 respectively.

Also, in image 3, the SSODLE-AIA system has attained minimal MSE of
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18.67 whereas the GWO, CSA, MVO, CS-MVO, and VIA-BASDBN approaches
have resulted in enhanced MSE of 38.45, 37.10, 29.02, 26.71, and 22.84
respectively. Then, in image 4, the SSODLE-AIA approach has reached lower
MSE of 8.14 whereas the GWO, CSA, MVO, CS-MVO, and VIA-BASDBN
approaches have resulted in superior MSE of 12.86, 12.66, 13.63, 12.28, and
10.22 correspondingly.

Table 2 MSE analysis of SSODLE-AIA algorithm with existing approaches under four test

images
MEAN SQUARED ERROR
DATASE ON'0 CcsA MVO CS-MVO VIA- SSODLE-
T L MODEL MODEL MODEL BASDBN AlA
Image1 64.43 64.24 59.04 58.85 57.35 32.51
Image 2 54.81 56.92 53.46 52.11 49.12 45.31
Image 3 3845 37.10 29.02 26.71 22.84 18.67
Image4 12.86 12.66 13.63 12.28 10.22 8.14
70.0
—8— GWO Model —o— CS5-MVO Model
e CSA Model  —e— VIA-BASDBN
60.0 = —8— MVO Model —e— SSODLE-AIA
50.0
5
frr
T 40.0
g
o
¥ 30.0
c
o
=
20.0
10.0
0.0

Image 1 Image 2 Image 3 Image 4
Dataset

Figure 5. MSE analysis of SSODLE-AIA algorithm

A comparative RMSE examination of the SSODLE-AIA approach with
existing algorithms under four test images is exposed in Table 3 and Fig. 6. The
simulation outcomes reported that the SSODLE-AIA model has shown effectual
outcomes with least values of RMSE. For instance, in image 1, the SSODLE-
AlA system has gained least RMSE of 5.70 whereas the GWO, CSA, MVO,
CS-MVO, and VIA-BASDBN models have resulted in increased RMSE of 8.03,
8.01, 7.68, 7.67, and 7.57 correspondingly.

Likewise, in image 3, the SSODLE-AIA algorithm has gained least
RMSE of 4.32 whereas the GWO, CSA, MVO, CS-MVO, and VIA-BASDBN
systems have resulted in enhanced RMSE of 6.20, 6.09, 5.39, 5.17, and 4.78
correspondingly. Eventually, in image 4, the SSODLE-AIA system has gained
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least RMSE of 2.85 whereas the GWO, CSA, MVO, CS-MVO, and VIA-
BASDBN methodologies have resulted in maximal RMSE of 3.59, 3.56, 3.69,
3.50, and 3.20 correspondingly.

10.0
B GWO Model [ C5-MVO Model
2.0 I CSA Model 1 VIA-BASDBEN
' 7] MVO Model mmm SSODLE-AIA
8.0
=Y
Q M B —
c —
] _
7.0 o
e
]
T
wn 6.0
c
m
0 —n
Z 5.0 -
e —
=]
e
4.0 -
3.0 II H
2.0 - - L
Image 1 Image 2 Image 3 Image 4
Dataset

Figure 6. RMSE analysis of SSODLE-AIA technique under four test images

Table 3 RMSE analysis of SSODLE-AIA algorithm with existing approaches
ROOT MEAN SQUARE ERROR

DATASE nGn‘ggE CSA MVO CS-MVO VIA- SSODLE-
T v MODEL  MODEL  MODEL BASDBN  AIA
image 1_8.03 _ 8.01 7.68 767 757 5.70
Image2 740 7.54 7.31 7.22 7.01 6.73
Image 3 6.20 _ 6.09 5.39 517 478 432
Image 4 3.59 _ 3.56 3.69 3.50 3.20 2.85

Table 4 and Fig. 7 illustrate a comparative PSNR outcome of the
SSODLE-AIA approach with existing models. The experimental results
indicated that the SSODLE-AIA system has gained effectual performance with
maximal values of PSNR.

For instance, on image 1, the SSODLE-AIA system has obtainable
higher PSNR of 33.01dB whereas the GWO, CSA, MVO, CS-MVO, and VIA-
BASDBN algorithms have accomplished reduced PSNR of 30.04dB, 30.05dB,
30.42dB, 30.43dB, and 30.55dB correspondingly. Additionally, in image 3, the
SSODLE-AIA model has offered maximal PSNR of 35.42dB whereas the GWO,
CSA, MVO, CS-MVO, and VIA-BASDBN techniques have accomplished
reduced PSNR of 32.28dB, 32.44dB, 33.50dB, 33.86dB, and 34.54dB
correspondingly. At last, on image 4, the SSODLE-AIA methodology has
accessible improved PSNR of 39.02dB whereas the GWO, CSA, MVO, CS-
MVO, and VIA-BASDBN algorithms have accomplished reduced PSNR of
37.04dB, 37.11dB, 36.79dB, 37.24dB, and 38.04dB correspondingly.
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Table 4 PSNR analysis of SSODLE-AIA technique with existing approaches
PEAK SIGNAL NOISE RATIO (DB)

DATASE fnvong CSA MVO CS-MVO VIA- SSODLE-
T v MODEL  MODEL  MODEL BASDBN  AIA
image 1_30.04 _30.05 30.42 3043 3055 33.01
Image 2 30.74 _30.58 30.85 30.96 31.22 3157
Image 3 32.28 3244 33.50 33.86 34.54 35.42
Image 4 37.04 37.11 36.79 37.24 38.04 39.02
40.0
—8— GWO Model o CS5-MVO Model
CSA Model —8— VIA-BASDBN
38.0] —® MVO Model —e— SSODLE-AIA
s
g
2 36.0
=
-4
.
'g 34.0 -
s
o
v 32.0 -
£
P
[
30.0 4
28.0

~ T . T
Image 1 Image 2 Image 3 Image 4
Dataset

Figure 7. PSNR analysis of SSODLE-AIA technique

Table 5 and Fig. 8 demonstrate a comparative SNR outcome of the
SSODLE-AIA system with existing models. The experimental results indicated
that the SSODLE-AIA approach has gained effectual performance with
maximal values of SNR. For instance, in image 1, the SSODLE-AIA model has
offered increased SNR of 18dB whereas the GWO, CSA, MVO, CS-MVO, and
VIA-BASDBN models have accomplished reduced SNR of 13dB, 13dB, 15dB,
15dB, and 15dB respectively. Similarly, in image 3, the SSODLE-AIA algorithm
has offered increased SNR of 17dB whereas the GWO, CSA, MVO, CS-MVO,
and VIA-BASDBN methodologies have accomplished lesser SNR of 14dB,
14dB, 15dB, 16dB, and 16dB correspondingly. Lastly, in image 4, the SSODLE-
AlA approach has obtainable increased SNR of 17dB whereas the GWO, CSA,
MVO, CS-MVO, and VIA-BASDBN models have accomplished reduced SNR
of 14dB, 14dB, 14dB, 14dB, and 15dB correspondingly.

Table 5 SNR analysis of SSODLE-AIA technique with existing approaches
SIGNAL NOISE RATIO (DB)

GWO CS- SSODLE-
DATASET MODEL CSA MODEL MVO MODEL MVO MODEL VIA-BASDBN AIA
Image1 13.00 13.00 15.00 15.00 15.00 18.00
Image2 13.00 13.00 13.00 13.00 14.00 17.00
Image 3  14.00 14.00 15.00 16.00 16.00 17.00
Image4 14.00 14.00 14.00 14.00 15.00 17.00
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Figure 8. SNR analysis of SSODLE-AIA technique

From these results and discussion, it is obvious that the SSODLE-AIA
model has showcased maximal intracranial aneurysms detection performance
over other models.

5. CONCLUSION

In conclusion, the fusion of shark smell optimization and deep learning for
intracranial aneurysm detection represents a pioneering approach tailored for
divers and swimmers. This innovative model holds the potential to significantly
enhance early detection capabilities in challenging underwater environments,
addressing a critical health concern in these unique settings. The convergence
of nature-inspired sensory acuity and advanced artificial intelligence
showcases the potential for transformative advancements in medical
diagnostics, opening up new avenues for interdisciplinary collaboration and
exploration beneath the waves.
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