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ABSTRACT  
Object Detection (OD), which aims to extract objects in water such as human divers, reefs/invertebrates, 
fish/vertebrates, plants/sea-grass, wrecks/ruins, robots/objects, and seafloors/rocks/naval sea mine, is one of the 
most important tasks in UW (Under Water) imaging. A proficient technique is expected to break down UW 
pictures to precisely distinguish Articles. Be that as it may, this work presents a programmed OD utilizing 
CUSTOM-CNN (Custom-Convolutional Brain Organization) to recognize different mine classes connecting with 
maritime mine location. This examination work fundamentally focused on camera picture information and 
producing those information artificially for model assessment. Radar filters, sonar outputs, and Lidar point mists 
are not viewed as here for manufactured information age. Because of the inaccessibility of the UW Maritime mine 
picture dataset, test pictures are downloaded from the web. 14 different mine pictures are thought about to make 
14 classes for arrangement. The RVUMR-14(RV School of Designing Submerged Mine Exploration), is a custom 
dataset explicitly intended for the UW mine order. The dataset comprises of fourteen distinct sorts of submerged 
mines, with 150 pictures in each class. The Adam streamlining agent is utilized during preparing, while the 
Differentiation Restricted Versatile Histogram Leveling (CLAHE) procedure is utilized for preprocessing. A 
Custom-CNN model is trained using the RVUMR-14 dataset and the CIFAR-10 dataset, with training and 
validation split 80:20. The model accomplished a precision pace of 91%. RVUMR-14's viability is confirmed by a 
correlation that is made with the benchmarked CIFAR-10 dataset, where RVUMR-14 beat CIFAR-10, getting a 
precision of 91% contrasted with 76% of CIFAR-10. 

Keywords:  Adam optimizer, Contrast-Limited Adaptive Histogram Equalization (CLAHE), Naval sea mine 
image. Custom Convolutional neural network, RVUMR-14 (RV College of Engineering Underwater Mine 
Research), Underwater Object Detection. 

INTRODUCTION 
The world's oceans need to be preserved as a vital source of food, wealth, and life since they are a priceless 
resource and an integral part of the ecosystem. 

Defense operations, undersea exploration, and maritime security all depend heavily on underwater mine detection. 
Ensuring the safety of human divers, marine life, and naval vessels requires accurate mine detection and 
classification. The complexity of underwater habitats, poor visibility, and the variety of mine types present 
difficulties for this endeavor. Since there aren't many publicly available datasets specifically for this area, it's 
essential to create new datasets for underwater mine classification. To build robust machine learning models that 
can accurately classify various mine types, a variety of annotated underwater mine photos is essential. 

In this regard, the current study presents RVUMR-14, a bespoke dataset created especially for the classification of 
underwater mines. The dataset intends to solve the lack of publicly accessible photographs of underwater mines 
and offer a large and varied set of annotated images for training and assessment. Images of 14 different kinds of 
underwater mines that are frequently seen in marine areas are included in the RVUMR-14 dataset. To overcome 
the limitation of a small dataset, various augmentation techniques were applied to increase the number of images 
per class.  

These methods included arbitrary translations, flips, and rotations to mimic changes in the look and location of 
mines. As a preprocessing phase, the Contrast Limited Adaptive Histogram Equalisation (CLAHE) technique was 

mailto:shantharangaswamy@rvce.edu.in


ISSN: 2633-4828  Vol. 5 No.4, December, 2023  

 

International Journal of Applied Engineering & Technology 
 

 
Copyrights @ Roman Science Publications Ins.  Vol. 5 No.4, December, 2023 
 International Journal of Applied Engineering & Technology 
 

 2065 
 

used to increase the quality of the underwater mine photos and the discriminative features. By improving the 
images' contrast and detail, CLAHE makes them better suited for further feature extraction and categorization. 

Because of its prowess at capturing spatial correlations and extracting discriminative characteristics from images, 
the CNN model was selected as the foundational architecture for the underwater mine classification system. The 
model's architecture, which included several convolutional and pooling layers before fully connected layers for 
classification, was thoughtfully created. 

The RVUMR-14 dataset was partitioned into a 80% preparation set and a 20% approval set. During the 
preparation cycle, the Adam streamlining agent, known for its productivity in preparing profound learning 
models, was used to enhance the boundaries in the CNN model. The model was prepared until combination or 
until a predefined halting measure was met. The presentation of the prepared CNN model was assessed on a 
different test set, which included beforehand inconspicuous submerged mine pictures. The model's classification 
accuracy and overall performance were evaluated using a variety of evaluation metrics, such as the F1 score, the 
Mean Squared Error (MSE), the confusion matrix, precision, and recall. To approve the viability of the RVUMR-
14 dataset, a correlation was made with the benchmarked CIFAR-10 dataset, which addresses a general picture 
grouping task. The examination uncovered that the RVUMR-14 dataset beat CIFAR-10, showing its adequacy in 
precisely grouping submerged mines. In outline, this paper presents the RVUMR-14 dataset and presents the nitty 
gritty execution of a CNN. The significant commitments of this examination work are referenced underneath. 

● To distinguish objects connected with submerged applications and recognize the classes of articles inside the 
UW dataset. 

● To procure best execution in PC vision errands like discovery and grouping 

● To present another UW engineered dataset that further develops DL(Deep Learning) model precision. 

● To diminish characterization mistake utilizing 

The fundamental goal of this examination is to produce an engineered submerged maritime mine dataset and 
furthermore exact discovery of maritime ocean mine pictures. The progression of this examination paper is 
organized as follows. Segment 2 talks about the connected work and issue proclamation. Area 4 depicts the 
proposed approach. The analysis and results are provided in Section 4. Area 5 presents the end and future work. 

RELATED WORKS 
ShuboXu et al [1] talked about submerged object discovery methods in view of the momentum research 
difficulties, future advancement patterns, and possible applications. This paper has investigated the inward 
connection between submerged picture upgrade and item identification and dissected the conceivable execution 
habits of submerged picture improvement in the article recognition task to additional improve its advantages. 

Ms Archana et al [2] talked about various following and recognition calculations. The significant strategies for 
distinguishing objects in pictures weretalked about in this paper. Late years have seen great progressions in fields 
like example acknowledgment and AI, the two of which use convolutional brain organizations (CNNs). It is 
generally brought about by designs handling units(GPUs) improved equal handling limit. Ouaknine and Zyl Story 
[3 ]explained different profound learning models like RCNN, Quick RCNN, Quicker RCNN, R-FCN, 
Consequences be damned, and SSD. Assessment measurements are additionally made sense of. 

Meng Joo et al [4]reviewed late advances in submerged marine article location and featured the benefits and 
detriments of existing answers for each test. Likewise, they analyzed the most widely utilized benchmark datasets 
exhaustively and basically. Near investigations with past audits strikingly moves toward that influence man-made 
brainpower, and future patterns on this interesting issue were additionally introduced. 

By overlapping various kinds of mines over a water background, Munteanu, D et al.[5] implemented 
augmentation techniques and generated synthetic datasets. For mine discovery, they have utilized three profound 
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learning models in particular YOLOv5, SSD and EfficientDet. In the end, they compared the accuracy of all three 
models. 

Passah and Alicia [6] zeroed in on concentrating on a few existing procedures that utilization profound learning 
for SAR picture characterization by looking at the designs in question. In light of the review, significant 
perceptions are made, featuring the benefits and negative marks of a few methodologies, permitting scientists to 
more readily comprehend what the techniques can mean for the exhibition of the profound learning models for 
SAR picture order from now on. Possible mixture models for the characterization of SAR pictures are likewise 
introduced in this paper. 

Li and Ronghui[7] proposed an objective recognition innovation for USV based on the EfficientDet calculation. 
The boat highlights combination was performed by Bi-directional Element Pyra-mid Organization (BiFPN), in 
which the pre-prepared EfficientNet by means of ImageNet is taken as the spine organization, then, at that point, 
the discovery speed is expanded by bunch standardization. Contrasted and the Quicker RCNN and Consequences 
be damned V3, the boat target location precision is enormously improved to 87.5% in complex conditions. The 
calculation can be applied to the ID of dynamic focuses on the ocean, which gives a vital reference to the 
independent route of USV and the tactical dangers evaluation on the ocean surface. 

Ning Wang etal [8] investigated on profound learning-based object acknowledgment for both surface and 
submerged targets. To work with an extensive survey, key ideas and ordinary models were summed up in a 
brought together system, first and foremost. As needs be, famous/benchmark datasets for marine article 
acknowledgment were entirely gathered and profound learning philosophies are completely investigated with 
escalated correlations. In addition, a lot of discussion was given to the experimental findings as well as future 
trends in marine object recognition. 

Boris Gašparović et al [9] carried out various item recognitions calculations. Six distinct deep-learning CNN 
detectors were trained and put through their paces: five indicators that were prepared and tried essentially utilized 
the You Just Look Once (Consequences be damned) models (YOLOv4, YOLOv4-Minuscule, CSP-YOLOv4, 
YOLOv4@Resnet, YOLOv4@DenseNet), and one on the Quicker Area based CNN (RCNN) engineering. In this 
creator have taken discovery exactness, mean normal precision(mAP) and handling speed as assessment 
measurements to assess the exhibition of the model on a custom dataset containing submerged pipeline pictures. 
In the review, the YOLOv4 beat different models for submerged pipeline object location bringing about a Guide 
of 94.21% with the capacity to distinguish objects progressively. 

A technique developed by Chanakya Hosamani et al. [10] could automatically label an image dataset and then 
predict whether or not the image contained naval mines. A similar report was completed utilizing 4 unique CNN 
models. ( Resnet50, VGG-16 , Commencement V3 , Xception) 

Manonmani S et al[11]implemented include extraction techniques Histogram of arranged angles and edge-based 
highlight extraction. These strategies were picked as they have shown exceptionally high precision in different 
examinations which utilized different datasets. The information goes through preprocessing-resizing and 
switching over completely to grayscale pictures after which the component extraction technique is applied. To 
group regardless of whether the picture contains a mine, format coordinating and characterization strategies 
highlight vectors are utilized. It was found that this strategy yields high exactness for the identification of mines. 

Silvano and Gilles et al[12] carried out a clever tag inserting philosophy to create more number of tag pictures for 
preparing the model. The results of the experiment showed an average running time of 40 milliseconds and a 
detection accuracy of 95%. 

Abhinu C G et al[13] plans to give a product arrangement that monitors the items so it can deal with object list 
and count. By utilizing Consequences be damned 'You Just Look Once' innovation with the assistance of Pytorch, 
the framework points in object recognition. Additionally dissimilar to the general just go for it object location 
apparatus which distinguishes all articles simultaneously, this Witticism framework likewise recognizes just 
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articles which are required to have been identified by the client and hence helps in working on the presentation of 
the framework 

Gerg, Isaac D. what's more, Vishal Monga [14] proposed SPDRDL, primary earlier determined regularized 
profound learning- - consolidates the recently referenced priors in a perform multiple tasks convolutional brain 
organization (CNN) and requires no extra preparation information when contrasted with customary SAS(synthetic 
opening sonar ) ATR(automatic target acknowledgment (ATR) from SAS symbolism) strategies. Two underlying 
priors are upheld through regularization terms in the learning of the organization: 1) primary closeness earlier - 
improved symbolism (frequently through despeckling) helps human understanding and is semantically like the 
first symbolism and 2) underlying scene setting priors- - learned includes in a perfect world epitomize target 
focusing data; thus learning might be upgraded by means of a regularization that supports loyalty against known 
ground truth target shifts (relative objective situation from scene focus). 

Hożyń and Stanisław[15] explored current and past age methods beginning from traditional picture handling, and 
AI followed by profound learning. 

Dorthy Shaji e tal[16], object location was done by the utilization of the as a matter of some importance PC vision 
Innovation Just go for it for example you Look Just a single time and assessed execution of the model was 
assessed. It tracks down a few applications because of its enormous speed in identifying objects. 

Sinha A. and Shekhawat R.S. [17] provided a synopsis of the most common methods and approaches used to 
identify, quantify, and classify diseases. The review focused on basic holes that exist in accessible methodologies 
and upgrade them for the early expectation of sicknesses. An original methodology of ordering and classification 
of the current strategies in light of microbe types was a huge commitment by the creators in this review. 

Saraf et al [18] is to explore a framework that can give the maritime powers precise information in most limited 
time conceivable. In this paper Cover RCNN model has been utilized for mines recognition. ResNet-50 
engineering has been utilized to carry out Veil RCNN. Picture pre-handling has been done which is trailed by 
Cover RCNN involving FPN for highlight extraction. On effectively executing the framework it was observed 
that mines were recognized with acceptable exactness. This study can be reached out to recognize other marine 
items utilizing quicker RCNN. 

Aditya Agarwal et al [19] executed a model that would identify fishes. The model contained different layers and 
stages for discovery like increase, division, covering and different procedures. This model has huge number of 
uses in area of science, for example, oceanography and concentrating on the fish designs. It is likewise valuable 
for business fishing Industry. The model however ready to identify fish can be improved with more rich quality 
dataset and grouping. 

N Abhishek et al [20] executed the picture grouping model FRCNN (Quick Area Convolutional Brain 
Organization) calculation to characterize the articles as mine or not. The cloud stage was utilized to screen the 
mine and when the progressions were noticed the Android application would mirror the progressions 

Fenglei Han et al[21] have done broad study on different profound learning models like Quick RCNN, Quicker 
RCNN, and the first YOLOV3, to confirm the better exactness to distinguish submerged objects. The mean 
average precision, or mAP, was approximately 90 percent, and the detection speed was approximately 50 frames 
per second. The program was applied in a submerged robot; the constant discovery results showed that the 
location and grouping were precise and quickly enough to help the robot to accomplish submerged working 
activity. 

Manonmani S et al [22] request to oversee green assets and outlining arrangements for practical turn of events, 
districts need accurate and refreshed inventories of metropolitan vegetation. Programmed tree location in 
metropolitan regions utilizing conventional grouping strategies stays an undeniably challenging errand. To order 
metropolitan trees as park, side of the road, and institutional-private trees an original three-level (pixel-object-fix) 
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system for semantic grouping of metropolitan trees has been proposed. The order methodology ought to take 
advantage of article highlights, ghastly reaction, surface, size, math which are utilized to separate between 
vegetation types in light of examples that they have. Semantic characterization is completed by removing green 
channel at first, to recognize vegetation and non-vegetation at the pixel level. Following that, feature extraction is 
used in vegetation-type classification to identify tree and ground vegetation at the object level. 

Jiao and Licheng [23] talked about the principal advancement status of item discovery pipeline completely and 
profoundly. They dissected the strategies for existing common discovery models and portray the benchmark 
datasets from the outset. Creators gave an extensive outline of an assortment of item identification strategies in an 
orderly way, covering the one-stage and two-stage locators. In addition, we list both old and new applications. At 
long last, they examined the engineering of taking advantage of these item location strategies to fabricate a viable 
and productive framework and point out a bunch of improvement patterns to all the more likely follow the cutting 
edge calculations and further examination. 

A novel method for object detection was presented by Mahantesh, N et al.[24]. Earlier work on object discovery 
reuses classifiers to perform discovery. All things being equal, outlining object recognition as a relapse issue to 
spatially isolated bouncing boxes and related class probabilities. A solitary brain network predicts jumping boxes 
and class probabilities straightforwardly from full pictures in a single assessment. Since the entire discovery 
pipeline is a solitary organization, it very well may be upgraded start to finish straightforwardly on identification 
execution. Proposed model cycles pictures progressively at 45 casings each second. It has been characterized as a 
multi-scale deduction methodology which can deliver high-goal object recognitions for a minimal price by a 
couple of organization applications. 

Zhao et al [25] examined different profound learning based object location systems. Survey starts with a short 
presentation on the historical backdrop of profound learning and its delegate device, specifically Convolutional 
Brain Organization (CNN-The district proposition based strategies fundamentally incorporate R-CNN , SPP-net , 
Quick R-CNN, Quicker R-CNN, R-FCN , FPN and Cover R-CNN). Then we center around regular conventional 
item discovery structures alongside certain changes and valuable stunts to further develop identification execution 
further. A brief review of several specific tasks, including pedestrian detection, face detection, and salient object 
detection, as distinct specific detection tasks have distinct characteristics. Exploratory examinations are likewise 
given to analyze different strategies and make a few significant inferences. At last, a few promising headings and 
errands are given to act as rules to future work in both item location and significant brain network based learning 
frameworks. 

Hinterstoisser et al [26] ,were assessed execution of different profound models for object acknowledgment 
(Quicker RCNN, R-FCN, Cover RCNN) and picture highlight extractors (InceptionResnet and Resnet) . 

Zhu et al [27], proposed a clever submerged object pictures characterization technique in view of Convolutional 
Brain Network(CNN) to tackle the issue of submerged object pictures order under the state of deficient 
preparation information. A high level technique for Markov arbitrary field-Grabcut calculation, right off the bat, 
was taken on to section pictures into two areas: shadow and the seafloor Then, taking into account the personality 
of the dataset, a CNN was developed alluding to Alexnet structure, comprising of two sections with various 
capabilities: convolutional part and order part. Using the transfer learning method, the CNN was finally trained to 
classify three distinct underwater object shapes—a cylinder, a truncated cone, and a sphere. The strategy was 
applied to engineered gap sonar(SAS) datasets for approval. Contrasting and Backing Vector Machine(SVM) and 
CNN which just use preliminary dataset, the proposed technique can accomplish a superior precision. 

Manonmani S et al [28] zeroed in on various kinds of sifting calculations in particular Homomorphic, CLAHE 
and Wavelet separating methods for submerged pictures. This multitude of three calculations with all potential 
blends were tried and the exhibitions of these calculations were assessed by utilizing boundaries like MSE, SNR, 
PSNR and SSIM VAL and the best calculation out of these three mixes was acquired for loud submerged pictures. 
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A. Mikołajczyk and M. Grochowski [29] has introduced different instruments and procedures for information 
expansion and information combination. Conventional strategies like relative picture change and variety 
adjustment, technique in view of profound learning like GAN additionally talked about in this paper. They have 
given awesome understanding on two strategies in particular surface exchange and style move that are utilized to 
deliver high perceptual quality orchestrated pictures that are made by joining the substance of the base picture 
with the presence of another. They have involved clinical pictures for investigation and characterization, to give 
determination. At long last, they reasoned that Combining and utilizing every one of the techniques can bring 
colossal potential for further developing information hungry profound learning calculation. 

Kulkarni, An et al[30], zeroed in on a relative investigation of picture upgrade procedures utilized for working on 
the nature of a given picture and considered it in contrast to the nature of a given picture and consider it in 
contrast to SNR, PSNR, MSE, and SSIM as measurements. 

Tellez et al[31], work did at the Illustrious Military Foundation with respect to the ocean mines and mine 
countermeasures is summed up. Three sensors utilized for the recognition and distinguishing proof of ocean 
mines are concentrated on here: gradiometer, infrared camera, and sonar. These sensors can be used to find 
various kinds of sea mines. Some sign and picture handling strategies created to extricate important data for the 
location of submerged objects are introduced in this section. These strategies are approved utilizing information 
gathered in the casing of various European and NATO projects. 

Manonmani S et al [32] , made sense of various kinds of commotions that are available in the advanced pictures., 
debasement and reclamation models. They have given a concise presentation about various sorts of sifting 
calculations, for example, Mean channel, Middle channel and Versatile channels to diminish commotion present 
in the computerized picture. 

2.1 Problem Statement 
In the field of UW, Submerged mine discovery assumes a urgent part in sea security, submerged investigation, 
and guard tasks. Submerged maritime mines have been a significant danger to Maritime resources, these maritime 
mines are fixed and were plotted during war times and presently they have been going about as danger to 
maritime boats, submarines. Sea mines have been an exceptionally high danger for living souls and furthermore 
the security of the vessels that movement in the sea for a long time. Recognizing these mine items has been vital 
for the military and furthermore different vessels. The safety of ports, harbors, and the open sea depends greatly 
on the identification and classification of these mines. Mine fighting, which incorporates the discovery and 
grouping of submerged mines, has become vital to the naval force to create an image processing model that could 
identify underwater mines in oceans and send an alert to naval assets about the danger once mines are found. This 
pre-location of mines utilizing exact picture handling model will give the boats and submarines appropriate 
chance to explore in more secure bearing. 

Submerged mines are generally utilized as a powerful technique to control and hinder the delivery paths, likewise 
confining maritime activities. These are difficult with regards to distinguishing proof, order and balance. These 
mines can likewise assume a negative part on the planet economy and the Naval forces capacity to lead tasks. 
Submerged mines are likewise dangerous to the animals living in the sea, as they can detonate those submerged 
species on contact. 

PROPOSED METHODOLOGY 
Sea mines have been an exceptionally high danger for living souls and furthermore the security of the vessels that 
movement in the sea for a long time. Recognizing these mine items has been vital for the military and furthermore 
different vessels. The safety of ports, harbors, and the open sea depends greatly on the identification and 
classification of these mines. Mine fighting, which incorporates the discovery and grouping of submerged mines, 
has become vital to the naval force.Discovery of these maritime mines has been quite possibly of the most 
difficult errand, with propelling current innovation different procedures have been utilized to distinguish these 
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mines however identification through picture handling has been one of the difficult and proficient one since it can 
tackle the continuous issue with less mistake. 

The significant uses of UW imaging are asset investigation, security of the submerged climate, sea mining , 
minerals , energy assets, benthic territory planning and submerged archaic exploration and so on. 

The proposed framework model engineering is displayed in fig 1. The following features are included in the 
proposed model:  

1. Data Augmentation—Synthetic Naval mine data set generation (RVUMR-14);  

2. Data Preprocessing; 

3. Data Labeling & Masking;  

4. Custom CNN model construction 

 
Fig 1: Over all system architecture 

3.1 Proposed RVUMR-14 DataSet 
We are going to generate a synthetic Naval mine dataset in order to address the lack of publicly available 
underwater mine images and provide a diverse and comprehensive collection of annotated images for training and 
evaluation. 

The selection of an underwater mine, data acquisition, augmentation, and composition of the dataset are the four 
stages of the dataset creation process. Following are the subtleties of these means. 

3.1.1 Selection of Underwater Mine Types: 
Choosing which underwater mines to include was the first step in the RVUMR-14 dataset creation process. This 
cycle included counseling area specialists, concentrating on existing writing on submerged mine order, and taking 
into account the variety of mines experienced in genuine situations. A comprehensive list of 14 different kinds of 
mines, which come in a variety of sizes, shapes, and materials that are frequently found in underwater minefields, 
was compiled and is listed in table 1. 
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Table 1: Mine with name, image and country 
SL.NO MINE NAME Code IMAGE COUNTRY 

1 AMD 2-1000 AR0 

 

RUSSIA 

2 H5AR HF1 

 

FRANCE 

3 MARK 50 MU2 

 

USA 

4 
INFLUENCE 

MINE 
IG3 

 
GERMANY 

5 MOORED MUGF4 

 

USA,GERMANY,FRANCE 

6 MARK 36 MU5 

 

USA 

7 MARK 65 MU6 

 

USA 

8 HERTZ HG7 

 

GERMANY 

9 MARK 3 MU8 

 

USA 

10 M-GOLD MF9 

 

FRANCE 

11 MK 56 MU10 

 

USA 
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12 S MARK 5 SGB11 

 

GREAT BRITAIN 

13 M MARK 1 MGB12 

 

GREAT BRITAIN 

14 TYPE 1 TG13 

 

GERMANY 

3.1.2 Data Acquisition: 
Due to the limited number of publicly accessible datasets, it is difficult to acquire sufficient underwater mine 
images for each type. 14 distinct kinds of mines were collected and given code names to circumvent this 
restriction. The country of origin, a portion of its name, and the grayscale value that corresponds to its labeled 
color index make up the code name. These images were also enhanced. 

3.1.3  Augmentation Techniques:  
Because of the predetermined number of accessible pictures for each mine sort, expansion methods were utilized 
to build the dataset size and present varieties in the pictures. Increase helps improve the model's capacity to sum 
up and perform well on concealed information. The images that were collected were augmented using a variety of 
methods. Irregular turns inside a predefined range were applied to reproduce various directions of the mines. Flips 
(level and vertical) were performed to present perfect representations of the mines. To mimic variations in mine 
position within the image frame, translations were used. These expansion strategies essentially extended the 
dataset, bringing about a greater and more different assortment of submerged mine pictures. 

3.1.4  Annotation and Labeling: 
Once the dataset was collected, the following stage was to clarify and mark the pictures. Each picture was 
painstakingly inspected, and pixel-level division covers were made to show the area of the mine inside the picture. 
These explanations gave ground truth data to preparing and assessing for future examination in the semantic 
division. Area of the mine inside the picture. These explanations gave ground truth data to preparing and 
assessing for future examination in the semantic division. 

3.1.5  Dataset Composition: 
The last RVUMR-14 dataset comprised of 14 different sorts of submerged mines, with 150 pictures for each mine 
sort. This contributed in a sum of 2,100 clarified pictures. The dataset enveloped a different scope of mine shapes, 
sizes, materials, and directions, mirroring the difficulties experienced in certifiable submerged mine grouping 
situations. The dataset was stratified and randomly divided for the training set and validation set in the ratio of 
80:20 to guarantee unbiased model evaluation and prevent data leakage. The delineation guaranteed that each 
mine sort was addressed relatively in both preparation and approval sets, saving the dataset's class dissemination. 

The RVUMR-14 dataset, with its commented on submerged mine pictures and relating names, gives a significant 
asset to preparing and assessing CNN models explicitly intended for submerged mine characterization. The 
dataset's piece, variety, and explanations empower analysts and professionals to create and approve precise and 
vigorous models for submerged mine discovery and characterization errands. 
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3.2  Preprocessing  

The RVUMR-14 dataset was greatly aided by preprocessing in its preparation for efficient feature extraction and 
classification. In this execution, the CLAHE calculation was utilized as a preprocessing strategy to upgrade the 
picture quality and work on the perceivability of submerged mines. 

3.2.1 Image Enhancement with CLAHE: 
Submerged symbolism frequently experiences low perceivability, low difference, and lopsided brightening 
because of elements like water turbidity, light lessening, and dispersing. These difficulties can block the precise 
discovery and recognizable proof of submerged mines. To alleviate these issues, the CLAHE calculation was 
utilized to upgrade the pictures prior to stacking them into the CNN model. 

CLAHE is a versatile difference upgrade calculation that further develops picture quality by reallocating the pixel 
forces to accomplish a more adjusted and improved contrast. The calculation works by partitioning the picture 
into little, covering subregions called tiles. Inside each tile, a histogram leveling process is applied to extend the 
power values to a more extensive territory while safeguarding neighborhood contrast. This adaptive approach 
keeps the images looking natural and prevents over-enhancement. By applying CLAHE, the differentiation and 
perceivability of submerged mine pictures are fundamentally moved along. The algorithm improves the mines' 
textures and details, making them easier to distinguish from one another and making it easier to extract features in 
subsequent classification steps. Fig 2 shows a picture the when applying CLAHE calculation. 

 
(A) 

 
(B) 

Fig 2: (a) Image without pre-processing (b) Image with pre-processing 

3.2.2 Other Preprocessing Steps: 
Depending on the RVUMR-14 dataset's specific characteristics and the CNN model's requirements, other 
preprocessing steps may be used in addition to CLAHE. Some normal preprocessing strategies utilized in 
submerged picture examination include: 
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Variety Space Change: 
Submerged pictures caught in RGB variety space might experience the ill effects of variety mutilations because of 
water retention and dispersing. Switching the pictures over completely to elective variety spaces, for example, 
Lab or HSV can assist with moderating these mutilations and give more dependable variety data to grouping. 

Picture Resizing and Trimming: 
Resizing the images to a consistent resolution can make it easier to train models effectively and cut down on the 
amount of work needed to do. Also, trimming the pictures to zero in on the district of interest (i.e., the mine) can 
additionally upgrade order execution by decreasing unessential foundation data. 

Sound Decrease: 
Submerged pictures are many times impacted by different sorts of commotion, including salt-and-pepper clamor 
and Gaussian clamor. Applying denoising methods, for example, middle separating or Gaussian smoothing can 
assist with diminishing the commotion levels and work on the lucidity of the pictures. It is to take note of that the 
choice and utilization of preprocessing strategies might fluctuate relying upon the particular qualities of the 
RVUMR-14 dataset, the idea of the submerged mine pictures, and the prerequisites of the CNN model. To get the 
best results, the preprocessing steps need to be tried out and tweaked. 

By applying CLAHE and possibly other preprocessing strategies, the RVUMR-14 dataset is preprocessed to 
upgrade picture quality, further develop perceivability, and give a more reasonable contribution to the CNN 
model. These preprocessing steps empower the model to successfully separate important highlights and precisely 
arrange submerged mines during the ensuing phases of preparing and assessment. 

3.3  CNN Model Architecture 
In order to accurately classify the preprocessed underwater mine images and extract meaningful features, the 
architecture of the Convolutional Neural Network is useful. The overall CNN design model is displayed in fig 3. 
In this execution, a painstakingly planned CNN model was used to get high order precision for the RVUMR-14 
dataset. 

The custom CNN model has a sum of 3 convolutional layers, 1 straighten layer, and 2 completely associated 
layers, alongside the information and result layers. 

 
Fig 3: CNN architecture. 

The Custom CNN model consists of the following types of layers: 

3.3.1 Convolutional Layers:  
These layers play out the convolution procedure on the information utilizing channels/parts to extricate highlights. 
In this model, there are three convolutional layers: 

- Layer 1: It has 32 channels with a channel size of 3x3. 
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- Layer 2: It has 32 channels with a channel size of 3x3. 

- Layer 3: It has 64 channels with a channel size of 3x3. 

Each convolutional layer is trailed by a maximum pooling layer to decrease the spatial components of the result. 

3.3.2 Flatten Layer:  
The output is flattened into a vector with just one dimension following the convolutional layers. The multi-
dimensional output is transformed into a single, long vector by this layer. 

3.3.3 Fully-Connected Layers:  
These layers are answerable for learning the connections between the separated highlights and the last result 
classes. In this model, there are two completely associated layers: 

- Layer 1: It uses the ReLU (Rectified Linear Unit) activation function and has 128 neurons. 

- Layer 2: It doesn't use any activation functions and has the same number of neurons as output classes. 

3.3.4 Softmax Layer:  
The last layer applies the softmax initiation capability to deliver the anticipated probabilities for each class. The 
class with the most elevated likelihood is considered as the anticipated class. 

Convolutional layers, pooling layers, completely associated layers, initiation works, and result layers make up 
most of the CNN model design. The precise arrangement of these layers, including the number of layers, filter 
sizes, pooling sizes, and neurons, is determined through experimentation and architectural design considerations. 
The goal is to make a model that can precisely recognize submerged mines in the RVUMR-14 dataset and 
productively extricate relevant highlights from the info photographs. 

RESULT AND ANALYSIS 
When the CNN model engineering is characterized and the RVUMR-14 dataset is preprocessed, the subsequent 
stage is to prepare and approve the model. This includes parting the dataset into preparing and approval sets, 
characterizing preparing boundaries, and checking the model's exhibition during preparing. 

Dataset Split: 
The RVUMR-14 dataset is partitioned into a 80% preparation set and a 20% approval set. The defined examining 
strategy is generally utilized to guarantee that each mine sort is addressed relatively in the two sets. This forestalls 
predisposition in model preparation and assessment, guaranteeing that the model figures out how to sum up across 
the entirety of mine sorts. 

The CNN model's loads can be over and over changed to amplify the model's accuracy in grouping submerged 
mines. This can be accomplished by testing the CNN model on the validation set and training it on the RVUMR-
14 dataset. The model is prepared and approved to ensure it can sum up well and capability well with new 
information. 

4.1 Performance Metrics 
A comprehensive performance evaluation is carried out to assess the model's effectiveness in classifying 
underwater mines after training and validating the CNN model on the RVUMR-14 dataset. A few assessment 
measurements and strategies are used to gauge the model's exhibition and give experiences into its assets and 
shortcomings. 

4.1.1 Test Set: 
A separate test set is prepared to assess the model's performance on unobserved data. This test set includes images 
of underwater mines that can be used to evaluate the model's performance in the real world and its capacity for 
generalization. 
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4.1.2 Forecast on Test Set: 
Expectations are made for each picture utilizing the test set and the prepared model. The model anticipates the 
class label for each image based on its learned features and classification decision boundaries. 

4.1.3 Metrics for Evaluation: 
Various assessment measurements are utilized to check how well the model performed on the test set. The 
accompanying estimations are regularly utilized. 

Note: Genuine Positive (TP), Genuine Negative (TN), Misleading Positive (FP), Bogus Negative (FN). 

4.1.4 Accuracy: 
Exactness is a key metric that actions the level of accurately characterized occasions in the test set. It gives a 
general evaluation of the model's rightness in foreseeing the mine sorts. 

Accuracy=   (1) 

(1)  Precision: 
Accuracy estimates the capacity of the model to accurately distinguish positive occasions (i.e., accurately 
characterize a mine) out of all examples anticipated as sure. It demonstrates the model's dependability in 
arranging mines without misclassifying different articles as mines. 

Precision=   (2)  

(1) Recall (Sensitivity): 
Review, additionally called awareness or genuine positive rate, gauges the capacity of the model to accurately 
distinguish positive occasions out of all real certain cases in the test set. It shows that the model can capture every 
instance of the target class. 

Recall =   (3) 

(2)  F1-Score: 
The F1-score is the consonant mean of accuracy and review. It gives a reasonable proportion of the model's 
presentation by thinking about both accuracy and review. It is valuable while managing imbalan ye ced datasets, 
where the quantity of examples in various classes changes essentially. 

  ( 4) 

(3) Mean Squared Error (MSE): 
MSE is a measurement ordinarily utilized in relapse undertakings to quantify the typical squared contrast between 
the anticipated qualities and the genuine qualities. By treating the predicted probabilities as continuous values and 
the one-hot encoded ground truth labels as the target values, MSE can be applied to classification. 

The distinction between your model's forecasts and the ground truth, square it, and normal it out across the entire 
dataset. 

 (5) 

Where: n = number of items, Actual(input) = original or observed y-value, Forecast(predicted) = y-value from 
regression. 
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4.2 Simulation Results 

Performance Analysis: 
Preparing information is the arrangement of the information on which the real preparation happens. Approval split 
assists with working on the model execution by tweaking the model after every age. The test set advises us about 
the last precision regarding the model subsequent to finishing the preparation stage. Fig 4 shows the block graph 
to tweak the model with test, approve and test dataset by changing hyper boundaries during approval test. 

 
Fig 4: Block Graph To Tweak The Model With Train, Approve And Test Dataset. 

The assessment measurements got from the test set give significant data about the model's presentation. They 
assist in determining one's strengths, weaknesses, and areas for growth. Patterns of misclassifications or 
challenging cases can be identified by examining specific instances and the confusion matrix, guiding subsequent 
model or dataset enhancements. Contrasting the exhibition of the CNN model on the RVUMR-14 dataset with the 
presentation on a benchmark dataset like CIFAR-10 considers an approval of the custom dataset's viability. It is 
possible to ascertain whether the RVUMR-14 dataset outperforms a more generic dataset like CIFAR-10 in 
underwater mine classification by observing the differences in accuracy shoen in table 2 and the corresponding 
graph is shown in figure 5.The CNN model's efficacy and drawbacks in identifying underwater mines can be 
evaluated in depth through a performance review. This examination gives bits of knowledge into the model's 
general presentation and guides future enhancements in model engineering, dataset assortment, and preprocessing 
procedures for submerged mine characterization. 

Table 2: Performance Comparison of RVUMR-14 & CIFAR-10 dataset training with & without CLAHE 
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VA 
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VL 

R 

TA 

C 

C 

VA 

C 

C 

TA 

C 

C 

TA 

C 

VA 

C 

VL 

C 

10 15 9 86.7 73.6 98 86.7 73.3 81.2 57.1 61.9 103.7 76.2 85.7 75.4 

10 21 13 76.2 81 67.6 100 61.9 111.9 57.1 71.4 113 76.2 52.4 112.9 

15 21 19 90.5 95.2 18.1 95.2 85.7 46.4 76.2 61.9 94.4 61.9 52.4 129.4 

20 21 26 100 81 32.3 100 85.7 72.2 53.1 62.5 113.1 56.2 65.6 86 
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TA 

R 

VA 

R 

VL 

R 

TA 

C 

C 

VA 

C 

C 

TA 

C 

C 

TA 

C 

VA 

C 

VL 

C 

10 32 20 93.8 93.8 28.4 84.4 75 56.5 50 62.5 131.8 65.6 68.8 81.6 

15 32 29 100 75 61.9 100 84.4 57.5 71.9 56.2 139.2 71.9 62.5 125.8 

20 32 39 100 71.9 104.7 100 87.5 32.2 66.7 59.5 120.3 66.7 52.4 156.7 

10 42 26 100 76.2 74.8 95.2 73.8 77.4 64.3 57.1 115.4 73.8 64.3 108.4 

15 42 38 95.2 88.1 78.4 100 83.1 57.2 61.9 71.4 38.5 78.6 59.5 112.8 

20 42 51 97.6 78.6 80 100 83.3 51.9 81 69 88.5 66.7 61.9 103 

 
Fig 5 Performance Comparison Graph of RVUMR-14 & CIFAR-10 dataset training with & without CLAHE 

Note: 

Final Iteration-FI 
Batch Size-BS 
Epoch-E 
TA with CLAHE RVUMR14- TA-C-R 
VA with CLAHE RVUMR14- TA-C-R 
VL with CLAHE RVUMR14- TA-C-R 
TA without CLAHE RVUMR14- TA-R 
VA without CLAHE CIFAR-10- TA-R 
VL without CLAHE CIFAR-10- TA-R 
TA with CLAHE CIFAR10- TA-C-C 
VA with CLAHE CIFAR-10- TA-C-C 
VL with CLAHE CIFAR-10- TA-C-C 
TA without CLAHE CIFAR10- TA-R 
VA without CLAHE CIFAR-10- TA-R 
VL without CLAHE CIFAR-10- TA-C 
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Overall approval exactness is lower than preparing precision in light of the fact that the model has never seen the 
approval information. In the above table 3, when you eyewitness both preparation and approval exactness, 
approval precision is something else for a few age, emphasis and clump size. This is a direct result of three 
reasons like information increase, regularization procedures and early halting. In this exploration work we created 
manufactured information utilizing expansion strategies. In this way, approval exactness is more when contrasted 
and preparing precision. This leads us to the conclusion that our model benefits from increased validation 
accuracy, which is used to boost our model's generalization performance. The beneath table 3 shows the dataset 
forecast measurements F1-SCORE,MSE,PRECISION/Review upsides of various classes in RVUMR-14 dataset. 

Table 3: RVUMR-14 Dataset Prediction 

SL.NO IMAGE PREDICT F1_SCORE MSE PRECISION / RECALL 

0 AR0 AR0 1.0 0.0 [1.0,1.0] 
1 HF1 IG3 0.0 0.1428 [0.923,0.0] 
2 HG7 HG7 1.0 0.0 [1.0,1.0] 
3 IG3 HF1 0.0 0.1428 [0.923,0.0] 
4 MF9 MF9 1.0 0.1428 [0.923,0.0] 
5 MGB12 MGB12 1.0 0.0714 [0.923,0.0] 
6 MU2 MU2 1.0 0.1428 [0.923,0.0] 
7 MU5 MU5 1.0 0.1428 [0.923,0.0] 
8 MU6 MU6 1.0 0.1428 [0.923,0.0] 
9 HG7 HG7 0.0 0.1428 [0.923,0.0] 

10 MU10 MU10 1.0 0 [0.923,0.0] 
11 MU6 MU6 0.0 0.1428 [0.923,0.0] 
12 SGB11 SGB11 1.0 0 [1.0,1.0] 
13 TG13 TG13 1.0 0 [1.0,1.0] 

 
Fig 6: Confusion matrix of input images for prediction (RVUMR-14 dataset) 

The above figure 6 shows the disarray lattice for input picture expectation custom CNN model on RVUMR-14 
dataset. At the point when you notice the above figure, the proposed custom CNN model multiple times 
accurately classify(TP) the information test given. once the model erroneously classify(FN) the given info, 
multiple times he model mistakenly classify(FP) a Negative example as Certain and 1 time the model accurately 
classify(FP) a Negative example as Negative. The underneath table 8 shows the dataset forecast measurements 
F1-SCORE,MSE,PRECISION/Review upsides of various classes in CIFAR-10 dataset. 
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Table 8: CIFAR-10 Dataset Prediction 

SL.NO IMAGE PREDICTED F1_SCORE MSE PRECISION / RECALL 

0 AIRPLANE AIRPLANE 1.0 0.0 [1.0,1.0] 
1 AUTOMOBILE AUTOMOBILE 1.0 0.0 [1.0,1.0] 
2 BIRD BIRD 1.0 0.0 [1.0,1.0] 
3 CAT CAT 1.0 0.0 [1.0,1.0] 
4 DEER CAT 0.00 0.2 [0.888,0.0] 
5 DOG DOG 1.0 0.0 [1.0,1.0] 
6 FROG BIRD 0.0 0.2 [0.888,0.0] 
7 HORSE CAT 0.0 0.2 [0.888,0.0] 
8 SHIP SHIP 1.0 0.0 [1.0,1.0] 
9 TRUCK TRUCK 1.0 0.0 [1.0,1.0] 

 
Fig 7: confusion matrix of input images for prediction (CIFAR-10 dataset) 

The above figure 7 shows the disarray network for input picture expectation custom CNN model on the CIFAR-
10 dataset. As shown in the preceding figure, the proposed custom CNN model correctly classified the input 
sample four times (TP), incorrectly classified the input sample zero times (FN), incorrectly classified a negative 
sample five times (FP), and incorrectly classified a negative sample once (FP). 

ANALYSIS  

Comparison with CIFAR-10 
The examination between the CNN model's exhibition on the RVUMR-14 dataset and its presentation on the 
CIFAR-10 dataset is finished to confirm the viability of the RVUMR-14 dataset for submerged mine 
arrangement. The CIFAR-10 dataset, which comprises of 60,000 pictures partitioned into 10 separate 
classes(represent different things and animals, including trucks, vehicles, ponies, frogs, deer, vehicles, birds, 
endlessly felines) is a broadly utilized benchmark dataset in PC vision undertakings. 

Dataset Attributes: 
The RVUMR-14 dataset is explicitly arranged for submerged mine grouping, containing 14 different mine sorts 
with 150 pictures in each class. Interestingly, the CIFAR-10 dataset comprises of more broad article 
classifications, like creatures, vehicles, and family things. 
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Model Preparation: 
The RVUMR-14 dataset and the CIFAR-10 dataset utilize a similar CNN model design, preprocessing strategies, 
and preparing settings. As a similar model is prepared and tried on both datasets, this empowers a fair 
examination between them. 

Metrics for Evaluation: 
The assessment measurements used to look at the presentation on the two datasets incorporate exactness, which 
estimates the level of accurately ordered cases, and some other applicable measurements, for example, accuracy, 
review, F1-score, mean squared mistake (MSE), and the disarray grid. 

Execution Correlation: 
An examination is made between the CNN model's exhibition on the CIFAR-10 dataset and its presentation on the 
RVUMR-14 dataset. The accompanying measurements are considered for assessment. 

Accuracy: 
The model's exactness on the RVUMR-14 dataset is stood out from its precision on the CIFAR-10 dataset. at 
correlation with the more broad CIFAR-10 items, the model performs better at grouping submerged mines, as 
seen by a higher precision on the RVUMR-14 dataset. 

Other Assessment Measurements: 
Extra assessment measurements, for example, accuracy, review, F1-score, MSE, and the disarray lattice, are 
likewise looked at between the two datasets. These measurements give a more definite comprehension of the 
model's presentation and can feature any distinctions in grouping capacities. 

Interpretation: 
The aftereffect of the presentation correlation are deciphered to approve the adequacy of the RVUMR-14 dataset. 
In the event that the CNN model accomplishes a higher exactness, better accuracy, review, and F1-score on the 
RVUMR-14 dataset contrasted with the CIFAR-10 dataset, it shows the dataset's reasonableness for submerged 
mine characterization. On the other hand, assuming that the presentation is essentially lower on the RVUMR-14 
dataset, it might demonstrate difficulties or impediments in the dataset. 

Implications: 
The examination results have suggestions for the pertinence and heartiness of the CNN model and the RVUMR-
14 dataset. If the RVUMR-14 dataset outflanks CIFAR-10, it connotes that the dataset catches the particular 
qualities and varieties of submerged mines really. It likewise proposes that the CNN model prepared on the 
RVUMR-14 dataset has learned discriminative highlights for exact order. This approval can additionally lay out 
the dependability and importance of the RVUMR-14 dataset in true submerged mine arrangement situations. 

The viability of the CNN model on the RVUMR-14 dataset can be assessed and approved by leading an 
exhaustive correlation with the CIFAR-10 dataset. This examination exhibits the dataset's authenticity as a 
specific dataset for this specific reason and offers experiences into its viability for ordering undersea mines. 

CONCLUSION 
In our implementation article, we have provided a comprehensive discussion of the development and evaluation 
of a CNN model for classifying underwater mines using the RVUMR-14 dataset. The principal project steps — 
including dataset creation, preprocessing, model plan, preparing, and execution evaluation — have all been totally 
covered. 

The 14 distinct sorts of submerged mines in the RVUMR-14 dataset, each with 150 photographs, were chosen 
with care. Information expansion methods were utilized to extend the dataset and help the model's generalizability 
to address the absence of pictures. To increment picture quality and the model's ability to extricate appropriate 
elements, the dataset went through preprocessing strategies such Difference Restricted Versatile Histogram 
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Adjustment (CLAHE). The Adam streamlining agent was used to advance the model's loads during preparing, and 
the dataset was parted into 80% for preparing and 20% for approval. 

Convolutional, pooling, and completely associated layers of the CNN model design were utilized during 
preparing to foster various leveled portrayals of the photographs of submerged mines. The preparation set was 
utilized to foster the model, while the approval set was utilized to follow its adequacy. To work on the exhibition 
of the model, preparing included forward and in reverse passes, weight changes, and various ages. The model's 
performance was evaluated using a variety of metrics like accuracy, precision, recall, the F1-score, mean squared 
error (MSE), and confusion matrix. 

The outcomes showed that the CNN model accomplished a precision of 91% on the RVUMR-14 dataset, 
demonstrating its adequacy in characterizing submerged mines. In correlation, the CIFAR-10 dataset yielded an 
exactness of 76% when exposed to a similar model, exhibiting the prevalence of the RVUMR-14 dataset for this 
particular errand. 

The thorough assessment of the CNN model's exhibition on the RVUMR-14 dataset approved its viability in 
precisely arranging submerged mines. The correlation with the CIFAR-10 dataset further supported the 
dependability and significance of the RVUMR-14 dataset for submerged mine grouping. 

The fruitful execution of the CNN model and the approval of the RVUMR-14 dataset have critical ramifications 
for submerged mine identification and arrangement. The prepared model can be used for genuine applications, 
supporting the recognizable proof and order of submerged mines, which is essential for wellbeing and security 
purposes. 

Utilizing the RVUMR-14 dataset, this execution work closes by exhibiting the creation and evaluation of a CNN 
model for submerged mine characterization. The model's adequacy is exhibited by its 91% precision, and its 
uniqueness and appropriateness to the RVUMR-14 dataset are affirmed by correlation with the CIFAR-10 dataset. 
We can therefore conclude that the generated dataset is accurate and that the dataset with masks can be utilized in 
subsequent research. This exploration progresses the field of submerged mine discovery and lays out the basis for 
future improvements in this significant field of study. 
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