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1. Introduction 

High image content databases provide an essential means for the ecological examination of deep-sea organisms since 

they aid in the detailed, prolonged investigation of underwater species. Nevertheless, it may also take an unreasonable 
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Abstract 
 

The amount of marine data is such that it is pointless, and at times infeasible, to attempt training deep learning 

models on personal workstations. In this work, we present the advantages of cloud based distributed learning in 

training of deep learning (DL) model and management of big data. Moreover, large volumes of marine big data are 

classically through wire networks, which are costly, if at all deployable, to maintain. This research propose novel 

technique in marine life analysis based on remote sensing image using edge cloud IoT model and machine learning 

algorithms. Here the edge cloud IoT model has been used for collecting remote sensing image in marine life 

analysis. This remote sensing image has been processed for noise removal as well as normalization. Then this image 

is feature extracted as well as classified utilizing principal Gaussian convolutional fuzzy encoder with Bayesian 

reinforcement Markova algorithm. Experimental analysis has been carried out in terms of classification accuracy, 

average precision, recall, F1 score, AUC for various marine life dataset. proposed technique obtained 97% 

Classification   accuracy, 95% Average precision, 93% Recall, 88% AUC, 94% F1 SCORE. 
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amount of effort in analyzing a collection of images to yield relevant data such as the size or existence of species. This 

is exacerbated by the fact that contrary to rigid upright and stationary aquatic cameras, complex images obtained from 

mobile cameras mounted on rovers or drones (in this case underwater) does not offer clear quality as lighting and 

focus is arbitrary. For this reason, such approaches have gained popularity, often in the contexts of computer and 

marine biology, targeting specific image datasets [1]. Developing and deploying machine learning models can be quite 

a challenge, which might discourage the lay users, as they may not be proficient in scientific programming languages. 

Because of this model-sharing barrier, some image analysis work is becoming obsolete. To some extent, these 

concerns can be addressed through ready-made, user-friendly, and generalized machine learning technologies. Thanks 

to this, it is now possible for non-coders, who do not know how to work with machine learning deeply, to create 

models - by teaching the so-called “base” neural network. The Earth’s surface has vast turbulent oceans that cover 

majority of the surface, yet many volumes and the predicted ocean floor remain a mystery. This is primarily due to 

the distinct characteristics of the ocean setting, which includes factors such as, extreme pressure, frigid temperatures, 

and absence of light that render it oppressive to humans as well as form concrete barriers to exploration [2]. However, 

thanks to advancements in robotic platforms and sensor technology, it has now become possible to penetrate virtually 

any zone of deep marine biosphere and correlate obtained information on numerous ecosystems and the organisms 

inhabiting them. The input and output of many resources contained in oceans can be exhausted due to over-exploitation 

of some of these resources. Hence in order to aid in the implementation of effective and scientifically based 

management regimes, more efforts are required to be oriented towards the baseline understanding of marine ecosystem 

integrity in terms of species and habitat composition. This data acquisition is up to date with framework of UNESCO 

Ocean Decade Initiative [3]. Progress in High Definition (HD) optics, low light technology aided by acoustic multi 

beam cameras that makes vision in water even in darkness, have significantly increased the underwater photography 

technology in the 20 years. In addition, together with cable system observatories and their mobile delevery vehicles 

(crawlers), advanced sensor suites are being integrated that integrate cameras and oceanographic as well as 

geochemistry resources [4]. As a practical approach for evaluating their ecological niche, this new method that allows 

the simultaneous acquisition of images and multiparametric environmental data has begun to enable visual estimates 

of various animal species inhabiting a marine community to be correlated with changes in the quality of the respective 

habitat. This is accompanied by advancement in technology in the use of robotic vessels, like AUVs and ROVs. The 

training process of the models however may vary with the apparatus used; the interfaces are commonly designed to 

hide this intricacy. In discipline of AI, DL is a subdivision of ML that combines advanced techniques in data 

categorization using the activity of the human brain and makes prediction possible through its own training. This 

technology has been of great interest in the computing sector because of its impressive learning skills, and it has been 

applied in many areas text processing, image recognition, medicine, and protection of information, for example. In 

addition, the availability of accessibility by open source sharing facilitates optimizing and improving tools in no time, 

which overall enhances the speed of growth. Recognition technology is a typical part of AI systems that can be 

described as those that identify to an object by means of a photograph [5]. The total size of the global artificial 

intelligence market is expected to increase to $36.8 billion by the year 2025 with image recognition and image tagging 

segment forecasted to be around $8.1 billion. The growing intersection of AI-oriented technology is giving a lot of 

advantage in the progression of marine biotechnology with the bioeconomy, which seeks to solve the issues of the 

future, emerged. Accordingly, Jeju Island announced in June 2023 the "Jeju Bio-Industry Development Strategy" in 

order to enhance the global competitiveness of the marine bio-industry and to facilitate its growth into generating 

more value-added services. Jeju Island, which lies for about three fourths of the coastlines of South Korea and is 

blessed with plentiful diverse marine biological raw materials, is considerable to the bioindustry. However, the growth 

of the bio-industry lags behind that of other regions because of a lack of technology and skilled labor [6]. 

Main contribution for this research is as follows, 

To suggest a new method for analysing marine life from remote sensing images by utilising machine learning 

techniques and edge cloud IoT models. Here, remote sensing images for the investigation of marine life have been 

collected using the edge cloud IoT architecture. This remote sensing image has undergone normalization and noise 

reduction processing. The principal Gaussian convolutional fuzzy encoder with the Bayesian reinforcement Markov 

method was then used to extract features and classify this image. 

2. Related works 

The environment that is below water level is not a good one for photography. The scattering, absorption and 

backscattering of the light rays directed to the camera are caused by the particles dissolved in seawater, resulting in 

poorly contrasted, blurred and pale pictures. In addition, different light spectra are absorbed in different powers by 

seawater due to the frequency dependent power absorption characteristic of the seawater. Other than these and many 
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imaging challenges, the underwater medium presents spatially varying imaging properties [7]. The above-discussed 

nonuniform image degradation processes make underwater picture segmentation challenging. This problem is often 

addressed with the help of statistical models by some researchers. For example, in reference [8], the authors have 

reported recognition of objects in underwater images using optimally weighted Gaussian mixture modelling and 

genetic algorithm. It is now commonly seen that deep learning algorithms far advanced existing techniques in 

realization of underwater images but the classical inner distance form matching techniques have been found to work 

effectively in only a few scenarios. In the work by [9], they argue that the dust particles from tumbling tires are an 

important source of pollution and emphasize the fact that vehicle tire wear contributes to a large number of 

microplastics and fine dust emissions. The study observed that the pollution of microplastics is an emerging crisis that 

is linked to the services meant to control air pollution, justifying a call for more sophisticated monitoring equipment. 

In a related context, the author examines in more detail the methods allowing increasing the efficiency of such large-

scale environmental systems as, for example, watersheds. This research contributes to the understanding of advanced 

management practices in mitigating environmental degradation, along with its sustainability against pollution over 

time, which is directly related to the use of edge computing in the monitoring and controlling of emissions into the 

environment. Some of the marine Internet of Things technologies that are focused on linking maritime robotic agents 

are also presented in Works [11]. Their study investigates use of IoT sensors in real time as well as looks at the IoT 

prospects in the maritime setting. It is of utmost importance in the case of marine IoT systems, among others as well, 

where edge computing can come in handy since data can be processed in real-time from the devices, increasing the 

efficiency of the systems. As an illustration of an IoT smart water quality monitoring system, the author [12] explains 

how it is possible to measure water quality efficiently by the use of IoT technologies. This study, which focuses on 

such an interesting application of IoT, tends to be in line with the works that we are doing on monitoring the 

environment in real-time using edge computing. The compute continuum solution we are explaining can be classified 

under mobile Cloud computing as classified under [13]. The edge device reduces the bandwidth demand and emphasis 

on the detection of parts of photographs underwater for monitoring purposes (e.g., to send out alarms earlier) by 

sending to the cloud only the relevant images for further processes. Reference [14] proposes a four-stage classifier 

that consists of two convolutional layers, followed by a feature-size shrinking pooling layer, then involves Spatial 

Pyramid Pooling SPP structures which get rid of the effect of large angles in information. The last phase of the 

framework is classified using SVM with over 90% classification performance. [15] created a framework for fish 

detection using Fast R-CNN as CNNs yielded high-quality results on general-purpose photos in image datasets like 

ImageNet and VOC. The mean Average Precision (mAP) of 30,000 photos taken from Fish4Knowledge, taking into 

account 12 species, was used to evaluate the experimental findings. [16] offers an additional option that makes use of 

regions such as CNN. The three-stage pipeline they propose uses an underwater image, its Gaussian Mixture Model, 

its Optical Flow (OF) as inputs. At time of publishing, the authors claimed that their accuracy of 87.44% was among 

best on LCF2015. 

3. Edge cloud IoT model in remote sensing image analysis 

To enhance the implementation of NN methods with transfer learning practices, Cloud-Edge Smart IoT Infrastructure, 

method-publishing system is presented in Figure 1. The patterned cloud AI server downloads the weights and layers 

of previously trained NN method, and adjusts local weights of recently trained NN method using the technique known 

as transfer learning. A means to help with the communication of neural network models is afforded by a mechanism 

to publish models. After training, cloud AI server makes use of proposed method publish system as well as encloses 

feature weight updates into a NN method 'patch' file. The received method patch file is then distributed to edge servers. 

After obtaining a new method patch file and caching it, edge server notifies its surrounding smart edge IoT devices of 

need for NN method upgrade. IoT devices transform into model update requests after the nearby smart edge devices 

have sent notifications, and request to download updated model patch file, to change their local ANN methods, if they 

exist. In this method, there is no need for the cloud server to send large-volume NN methods files to the smart edge 

IoT devices because it is only required to send small-sized NN method patch files with help of edge servers. The 

weights can be updated in conjunction with the edge IoT device's current models once the device receives the patch 

file. Neural network model deployment speed can be increased and network bandwidth transmission needs are 

significantly decreased with aid of suggested collaborative edge computing platform. 
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Figure 1. Proposed edge cloud IoT model in remote sensing image analysis 

The cloud AI servers in the suggested system architecture use same basic NN. With aid of the suggested model publish 

system, the preprocessed and trained feature weights are then processed through a difference comparison (diff) and 

stored in a NN method patch file following the training of new NN model. Using edge servers, method publish system 

is able to update each edge IoT device by sending NN method patch file for current neural network method in 

accordance with its weights. To ensure that an image can be traced to a specific source, each node has a jump table 

that has two parts, one for keys and the other for the home addresses for their corresponding values. The key is given 

as the hashcode of the features of an RS image, which are typically its coordinates, capture time, satellite type and so 

forth. Once a node issues a request, fastChord will make use of the well-known Chord protocol and forward the key 

to the node at which value is supposed to be present. The desired outcome is returned if it is present. If not, the image's 

home address is found by searching the node's jump table. After processing, the image is returned to the node that 

made the request. The jump table allows RSpCloud to process RS pictures without requiring the migration of many 

data, in addition to providing the computing function. 

In contrast to sending user data directly to the main cloud, there may be a comparatively lower latency while 

transferring the user data to the edge. At the same time, the processing resources of the edge cloud are very limited, 

equal to a small data centre, meaning that the edge cloud in question consists only of around 20-50 servers. Every 

server possesses physical resources, like CPU, RAM, and ingress bandwidth that are finite. Because each server is 

equipped with its own hard drive, consider that there exists no centralised storage in edge cloud. Once the edge fails 

to satisfy QoS need for competitive process, the task is sent to the core, which contains sufficient computing power. 

The core is described as a federation of data centres that are oftentimes hundreds of miles away from the consumers. 

Although latency is greater in comparison to edge servers, core servers perform just as well if not better than edge 

solutions. In terms of energy expended, the time taken for processing in the core as compared to that at the edge is far 

less. Still, a lot of information has to enter the core for processing, which means that the transmission of data from the 

user to the core through Internet cannot be disregarded. A job is a request that a vehicle submits and that needs to be 

processed using computational resources. It is positioned to edge and core at any time. After the request is approved, 

a Virtual Machine (VM) situated on edge or core where analysis is needed completes request. The fundamental unit 

of resource allocation is a virtual machine (VM). Every virtual machine is built with unique CPU and RAM 

specifications. The virtual machine is destroyed and its reserved resources are returned to server when car leaves this 

section of road. 
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4. Principal Gaussian convolutional fuzzy encoder with Bayesian reinforcement markov algorithm (PGCFE-

BRMA) 

The first principal component has the largest sample variance conceivable, meaning it maximally discriminates among 

the sample individuals. Because PCA was the default process in many software applications, it was once the most 

widely utilized technique for estimating pattern coefficients. The PCA equation (1) is: 

𝑝𝑐𝑙 = 𝑤𝐼𝐼𝑋𝑙 + 𝑤𝑙2𝑋2 + ⋯ … . . . .  𝑤𝑙𝑝𝑋𝑝                                      (1) 

where X are the variables that permit the individuals' PC1 score to vary as much as feasible, and w are the loadings. 

Due to their differences, it is crucial to go over the factor analysis equation and contrast it with the principle 

components equation. The variables are a linear combination in PC, and the factors are a linear combination in FA. 

Additionally, PCA does not distinguish error, whereas EFA does. Despite their mathematical differences, they are too 

frequently treated the same way due to their comparable appearance. It is interesting to note that component analysis 

is rarely applied completely. The following equation provides a mathematical model, where y is output value, I1, I2, 

…, by eqn (2) 

 y = (𝜃) ⋅ ∑  n
l=1   ( W1 − 𝜇)                                     (2) 

Contribution of Ith covariate to log-odds is generalized weight W, which is defined by following equation (3): 

W =
∂log (

o(x)

1−o(x)
)

∂X
                                 (3) 

Network was trained until error measurement became close to (10−4), or for at least 1000 iterations. The training 

dataset was subjected to cross-validation procedure with LOOV technique in order to find number of neurons in hidden 

layer for this model. 

The input images are pre-processed using a Gaussian filter. Sixteen layers are then included, starting with the input 

layer's pre-processed augmented images and continuing with feature selection, downsampling, and convolution 

operations. Overfitting is prevented by employing the dropout layer. Softmax and fully connected layers are later used 

for output prediction; classification layer is added for predicted-class classification. The illustration of each layer is as 

follows: the input layer is used for input size validation and data normalization. A 2D convolution is applied by moving 

the filters on the input BT images and by evaluating dot product of the inputs and weights. The input images undergo 

a stride, which is the sliding of filters or kernels, by adhering to the horizontal and vertical steps. The actual picture is 

padded before the kernel is loaded. These filters are used as feature-identifiers. While the advanced layers are used 

for complicated feature identification, the first layers filter the low-level highlights. 

Acquisition functions, including Gaussian process hyperparameters, rely on prior observations; these dependencies 

are represented as a(x; {xn, yn}; P). There are numerous widely used acquisition functions, however they only use 

predictive mean function of a particular method, μ(x; {xn, yn}, P), in combination with predictive variance function, 

σ2(x; {xn, yn}; P), when using Gaussian process prior. Thus, {𝑋𝑏 = argmax𝑥𝑛
 𝑓(𝑥𝑛), 𝛽(. ) as the standard normal's 

cumulative distribution function, and γ(.) as its standard normal density function are the current best values. 

Maximizing the likelihood of improving the existing best result is a noteworthy intuitive strategy that is referred to as 

probability of improvement (PI). This is calculated analytically as follows (4): 

𝑎𝑃𝐼(; {𝑥𝑛 , 𝑦𝑛}, 𝑃 = 𝛽(𝜑(𝑥)), 

𝜑(𝑥) =
𝑓(𝑥𝑏)−𝜇(𝑥;{𝑥𝑛,𝑦𝑛},𝑃)

𝜎(𝑥;{𝑥𝑛,𝑦𝑛};𝑃)
                                    (4) 

An alternative approach, which is closely associated with Gaussian process, was to increase anticipated improvement 

(EI) of present best result in this work by eqn (5): 

𝑎𝐸𝐼(; {𝑥𝑛, 𝑦𝑛}, 𝑃 = 𝜎(𝑥; {𝑥𝑛 , 𝑦𝑛}; 𝑃)(𝜑(𝑥)𝛾(𝜑(𝑥)) + 𝑁(𝜑(𝑥); 0,1)).        (5) 

In the first layer, there is a max-pooling of (2 x 2) operations, 16 number of filters, 1-stride, and 9 kernel size. Second 

contains parameters that are similar to first, except a dropout layer with 0.15. Third layer has a max pooling of (2×2), 

36 filters, 1-stride, and 9 kernel sizes, and a dropout layer of 0.15. Finally, we perform the neural architectural Search 

operations in the dynamic layer, which is the fourth and final layer. Adam was dyr commercialized while categorical 

cross entropy served as the loss function. A model optimal in every regard with the exception of its parameters was 

finalized for the training, prior to training, 30 epochs of training were scheduled with a batch size of 128, and a model 

with the parameters set at zero was prepared before the training. Eleven calls were made, and expected improvement 

was acquisition function used.  
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Fuzzy clustering contains more data than clear clustering since membership degree characterizes uncertainty of data 

points that belong to cluster centers. f g xi n i¼1 2X is a set of N samples, which corresponds to cluster c in Eq. (6), 

where d is the L2-norm. 

𝑑 = √∑  𝑖=𝑁
𝑖=1  𝑥𝑖

2 = √𝑥1
2 + 𝑥2

2 + ⋯ 𝑥𝑁
2 = √∑  𝑖=𝑁

𝑖=1  𝑥𝑖 ∗ 𝑥𝑖
𝑇                      (6) 

It is possible to determine the likelihood that each data point xi is a member of cluster c by maximizing the objective 

function. That is, the membership degree uic of each xi can be found by measuring the distance between each data 

point xi and cluster center v c by eqn (7) 

min
𝑢,𝑣

 ∑  𝑁
𝑖=1  ∑  𝑐

𝑐=1  𝑢𝑖𝑐
𝑚∥∥𝑥𝑖 − 𝑣𝑐∥∥2

2
                                             (7) 

where  ∑  𝑁
𝑖=1  ∑  𝐶

𝑐=1  𝑢𝑖𝑐 = 1, 𝑢𝑖𝑐 ≥ 0,0 ≤ 𝑖 ≤ 𝑁, and 0 ≤ 𝑐 ≤ 𝐶. 𝐶 is pointed cluster number, vc is cth cluster center, 

m is membership degree. Time-frequency localization and focused features are characteristics of the Wavelet 

transform. In order to address practical issues, it is necessary to combine wavelet transform with a regular auto-

encoder. The "deep wavelet auto-encoder" model, a novel type of enhanced unsupervised neural network that can 

capture non-stationary vibration signals and represent complicated information, was proposed in this study. Wavelet 

auto-encoder method defined several resolutions by using wavelet function as activation function in a conventional 

state. 

Deep auto-encoder's operation, and Equation (8) shows the stages of decoding. 

 𝑋 = 𝜁(𝜅̂′𝑌 + 𝑏′)                                            (8) 

where k is the kernel vector, 𝑏′ is the bias value, 𝑋 ̂ is the result of the reconstructed vector, and ∈ is an error value 

introduced during backpropagation. Think of y as a dependent variable. Let a set of vectors X={x1, …, xK} represent 

the ensemble of various K predictions, and let yT be the training data of length T. In this study, K stands for the eight 

models, and y for ET ensembles. The BMA probabilistic forecast of y's probability density function (PDF) can be 

obtained as eqn (9) 

p(y ∣ 𝑥1, … 𝑥𝐾) = ∑  𝐾
𝑘=1  𝑝(𝑦 ∣ 𝑥𝑘) 𝑝(𝑥𝑘 ∣ 𝑦𝑇)                   (9) 

where p(xk|yT) is the posterior probability of model predictions xk, or the chance that the predictions of xk will be 

accurate given training data yT, and p(y|xk) is the PDF of y obtained from xk independently. Each regressor was given 

an equal prior by the uniform model, with a probability of p (y|xk) = 2−K. Using the formula 𝑝(𝑦 ∣ 𝑥𝑘) = 𝜃𝑖(1 −
𝜃)𝐾−𝑖, the binomial model calculates a fxed prior to each regressor, which is the product of either inclusion and 

exclusion probability.  

An average reward for an infinite horizon (S, A, r, p) can be used to describe the Markov Decision Process (MDP). 

Assumed to be finite sets, S and A have cardinalities of S and A, respectively. Starting from state s, average reward 

for each stage of a deterministic/stationary policy π: S → A is described as eqn (10) 

𝐽𝜋(𝑠): = lim inf
𝑇→∞

 
1

𝑇
𝔼[∑  𝑇

𝑡=1  𝑟(𝑠𝑡 , 𝜋(𝑠𝑡)) ∣ 𝑠1 = 𝑠]                               (10) 

where p(·|st, π(st)) yields st+1. Assume that maxπ∈AS J π (s) = J ∗ (s). If a policy π ∗ satisfies J π ∗ (s) = J ∗ (s) for all 

s ∈ S, it is considered optimal. distinct J ∗ ∈ [0, 1] such that the Bellman equation below holds and J ∗ (s) = J ∗ for all 

s ∈ S by eqn (11) 

 𝐽∗ + 𝑞∗(𝑠, 𝑎) = 𝑟(𝑠, 𝑎) + 𝔼𝑠′∼𝑝(⋅∣𝑠,𝑎)[𝑣∗(𝑠′)]                                (11) 

where maxa∈A q ∗ (s, a) = v ∗ (s). Following that, π ∗ (s) = argmaxa q ∗ (s, a) yields the optimal policy. We examine 

a learning issue in which the agent knows S, A, and the reward function r, but not the transition probability p (i.e., the 

Bellman equation cannot be solved directly). A random state s1 ∈ S is where an agent begins. The agent observes state 

st ∈ S at every time step t = 1, 2, 3, · · ·. Action at ∈ A is determined by history s1, a1, s2, a2, · · ·, st−1, at−1, st. Next, 

environment draws st+1 in accordance with p(·|st, at) to decide next state. The concept of cumulative regret, which is 

difference between algorithm's total reward and optimal policy's, is used to assess a learning algorithm's performance 

by eqn (12) 

𝑅𝑇: = ∑  𝑇
𝑡=1   (𝐽∗ − 𝑟(𝑠𝑡 , 𝑎𝑡))                                         (12) 
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In the worst-case scenario, the regret can increase linearly with T since r ∈ [0, 1]. RT / T goes to zero when a learning 

algorithm reaches sub-linear regret, meaning that the method's average reward converges to the best reward for each 

stage, J ∗. Method based algorithm yielded the best known regret bound, Oe(√ DSAT), which meets the bottom bound. 

5. Results and discussion 

Simulation setup- With a system specification of an Intel(R) Core(TM) i5-1005G1 CPU and 16 GB of RAM, 

development environment is built on top of Windows 10. VScode notebook for Jupyter. Proposed method is built 

utilizing Python as well as Visual Studio. For data preprocessing, NLTK Python model is used. Text is vectorized 

utilizing Keras and Pandas. Data analysis and manipulation are done with NumPy and pydata.org. 

Dataset description: Planktonic communities are largely represented by large, publicly accessible tagged image 

databases for marine themes. These datasets, which include WHOI-Plankton27 and EcoTaxa11 among others, 

necessitate regulated lighting and imaging conditions that make use of darkfield, brightfield, or holographic 

illumination26. Larger organisms and other marine animals present in midwater and benthic settings are necessarily 

excluded from these massive datasets, which are primarily designed for classification tasks, despite the fact that the 

plankton imaging community has made great strides in developing picture data portals. These plankton databases are 

comparable in size to CoralNet28, a portal and platform for dealing with coral pictures, but it is also limited to a certain 

kind of organism. In the CV and AI fields, image sets of higher trophic-level animals29 are usually dispersed in 

separate archives that might be challenging non-subject matter experts to locate; there are no comparable datasets for 

macroscopic ocean species. Therefore, a tagged image dataset that is representative of various biological communities 

in the ocean across spatial scales and is easily accessible in a single, publicly accessible online repository is obviously 

needed. Images and videos of marine life can be found in the SeaCLEF 2017 multimedia dataset. Identifying species 

or persons from pictures or videos is the aim in every situation. 

About 150 marine animal species from throughout the globe will be included in SeaCLEF's tackled species. 

In particular, SeaCLEF datasets contains: 

1) A collection of movies taken on Taiwanese coral reefs for automated fish identification and monitoring; 

2) Recordings made close to a water turbine for automated identification of infrequent salmon-related events; 

3) A collection of poorly labeled photos of 148 sea animal species. 

4) A collection of whale caudal picture pairs. 

Table 1: Processing of input marine life image utilizing proposed technique 

Input marine life 

image 
Noise removed image 

marine life image 

feature extraction 

marine life image 

classification 
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Table 1 above illustrates how various input images from datasets are processed. As part of model-learning phase, 

preprocessing of image data was used to retrain the pretrained image classification model, which was originally 

intended to classify objects in general, to classify specifically marine-life images. In view of these properties, we 

implemented an additional dense layer in the upper parts of each model so that the lower layers could be adjusted in 

their weights. After the model was trained, 20 classification layers were incorporated by transfer learning and fine-

tuning techniques. In other terms, the model that had gone through transfer learning and which had been trained on 

various marine images was optimized for the marine images only in order to improve data efficiency and learning 

loss. Each model was trained ten times, and the accuracies were evaluated to pick the best model for marine life 

recognition. The model that achieved the best results was selected for further training. We calculated categorical cross-

entropy and accuracy, monitoring the learning process by comparing actual values to predicted ones, and subsequently 

to validation data. After the apply step, the trained model was scored on validation data in order to assess its 

generalization potential and the degree of overfitting and accuracy along with cross entropy was used in the curing 

process. When we completed the model re-training phase, we tested the model performance and checked accuracy of 

method with training and testing sets. For re-training of the picture classification model, 81% of the dataset was used 

as training data. Nona of a sample was held for the validation of method in order to test generalizability of the method 

designed. Finally, the test data utilized to calculate performance of image classification model consisted of 10% 

images for each marine species through hierarchical sampling. At this time, data augmentation was not applied to the 

test data; therefore, testing was performed with 93 original images, corresponding to 10% of the total dataset. 

Table 2: Comparative for marine life image dataset 

Dataset Techniques 
Classification   

accuracy 

Average 

precision 
F1 score Recall AUC 

WHOI-

PLANKTON 

CNN 75 70 68 73 70 

RFE 79 78 77 79 75 

PGCFE-BRMA 86 88 85 83 82 

CORALNET28 

CNN 74 75 70 71 73 

RFE 83 82 75 76 79 

PGCFE-BRMA 90 87 92 87 83 

SEACLEF 

CNN 75 78 71 73 77 

RFE 85 86 74 85 80 

PGCFE-BRMA 97 95 94 93 88 

Table-2 shows comparative for various marine life image dataset. Proposed technique analysed for WHOI-

PLANKTON, CORALNET28, SEACLEF multi-modal watermarked image dataset. Parametric analysis has been 

carried out in terms of Classification   accuracy, Average precision, recall, AUC, F1 SCORE. 
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Figure 2. Comparative for marine life image dataset in terms of (a) Classification   accuracy, (b) Average precision, 

(c) Recall, (d) AUC, (e) F1 SCORE 

Figure 2 (a)- (f) shows comparative for marine life image dataset. Here proposed technique Classification   accuracy 

86%, Average precision 88%, Recall 83%, AUC 82%, F1 SCORE 85%. While existing CNN attained Classification   

accuracy 75%, Average precision 70%, Recall of 73%, AUC of 70%, F1 SCORE of 68%; RFE attained Classification   

accuracy of 79%, Average precision 78%, Recall 79%, AUC 75%, F1 SCORE 77% for WHOI-PLANKTON  dataset. 

Proposed technique obtained 90% Classification   accuracy, 87% Average precision, 87% Recall, 83% AUC, 92% F1 

SCORE. existing CNN attained Classification   accuracy 74%, Average precision 75%, Recall 71%, AUC 73%, F1 

SCORE of 70%; RFE attained Classification   accuracy of 83%, Average precision of 82%, Recall 76%, AUC 79%, 

F1 SCORE 75%  for CORALNET28 dataset. For SEACLEF  dataset proposed technique obtained 97% of 

Classification   accuracy, 95% of Average precision, 93% Recall, 88% AUC, 94% F1 SCORE. existing CNN attained 
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Classification   accuracy of 75%, Average precision 78%, Recall 73%, AUC 77%, F1 SCORE 71%; RFE attained 

Classification   accuracy 85%, Average precision 86%, Recall 85%, AUC 80%, F1 SCORE 74%. 

Under typical usage conditions, this model operates favorably from the temporal aspect. However, with respect to the 

growing data size, the performance needs to be evaluated since other frameworks have larger datasets. Evaluation of 

the use cases of different frameworks demonstrates that most of the devices do not have in-built frameworks for 

loading computations; switches for manual loading are absent. There is need to design a smart middleware gateway 

that is able to integrate with the operating system of smart devices for optimal loading. This is mainly because the 

existing ones are either rules-based or logic based, hence the challenge is in coming up with middleware architecture 

that self-learns from sensory data, battery status, and context inferences through and after ML of such data. Semantic 

attention is more suitable for IoT applications where data typically originates from a variety of sources for various 

purposes: 1) effectively integrating external commonsense knowledge graphs with image object attention allows for 

a deeper understanding of the interactions between objects in an image, enhancing the attention given to visual 

elements. This leads to captions that more accurately reflect the content and context of the scene compared to earlier 

methods, which lack semantic context or rely on scene graphs built solely from training data. The use of a semantic 

attention method facilitates this deeper understanding, enabling captions that more precisely capture both the content 

and context of the scene. This approach holds significant potential for a wide range of IoT applications, where data 

often comes from diverse sources, semantic attention mechanisms can more effectively capture the meaningful 

relationships between these different data types, improving the model’s ability to interpret complex, multi-modal 

information. 

6. Conclusion 

This research proposes a novel approach to study marine animals from geospatial images with the help of modern 

methods such as AI and edge cloud IoT architecture. In this case, edge cloud IoT framework has been used for 

acquisition of remote images for marine life analysis. This remote sensing image has gone through normalization as 

well as noise reduction processing. The features were extracted and classification of this image done using a primary 

Gaussian convolution fuzzy encoding with a Bayesian reinforcement Markov approach. The findings confirm that it 

is possible to use edge computing for processing data in real time in order to quickly react to changes in the 

environment and their effects. This research is important in light of the increasing amount of literature on the effective 

deployment of AI and IoT for environmental monitoring along with what might be construed as a shift towards 

integrated application development. By presenting an extensive analysis of the effectiveness of various algorithms 

and the possibilities of their implementation in the environmental context, our research adds to the existing knowledge 

in this area and helps both researchers and practitioners think ahead about the ongoing evolution of this domain. In 

broad terms, the application of these technologies enhances the accuracy and efficiency of pollution detection as well 

as fosters the design of measures aimed at preventing environmental threats. Aiming at improving the environmental 

quality and protecting the existing aquatic fauna from further destruction, this paper rather underlines the constant 

need for evolution in such analytical processing schemes and edge computing in use. 
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