
International Conference on Multidisciplinary Perspectives in Advanced Computing and Technology (IMPACT 2026) 

G. B. Pant University of Agriculture and Technology, Uttarakhand, India. Jan. 10-11, 2026 

 

© The Author(s), under exclusive license to Digital Manuscriptpedia. 2026 Ashok Kumar et al. (eds.), 

Multidisciplinary Perspectives in Advanced Computing and Technology, DMPedia Lecture Notes in 

Multidisciplinary Research. ISBN: 978-81-993813-5-3 

1034 

 

An Approach Towards Marine Animal Detection and 

Appreciation with Advanced Deep Learning Model Techniques 

Sasidhar Babu Suvanam, Praneeth Venkata Naga Sai Kotha, Sannapareddy Sudarshan Reddy,  

Hemanth Kumar Yeneti, Vijayalakshmi Yellepeddi, Hrishikesh Karthikeya S 

 Computer Engineering (Artificial Intelligence and Machine Learning), Presidency University, Bangalore, India. 

sasidharmails@gmail.com, nagasaikotha783@gmail.com, sudarshanreddy04321@gmail.com, 

hemanthkumar.y123@gmail.com, vijayasasi11@gmail.com, hrishi.karthik11@gmail.com 

 

Abstract 

 
Marine ecosystems are vital components of our planet, housing a diverse array of species. Monitoring and 

understanding these ecosystems are essential for conservation efforts and scientific research. This paper presents 

a novel approach to detecting and recognising marine animals using advanced deep learning models, specifically 

MobileNet and ResNet-50, in the context of underwater image analysis. In recent years, deep learning has made 

significant strides in computer vision, and its application to marine biology offers promising opportunities. 

MobileNet and ResNet-50 are chosen for their efficiency and accuracy, making them suitable for real-time 

deployment in underwater environments. The proposed system employs a two-step process: object detection and 

species recognition. Firstly, Mobile Net is utilized for object detection to locate marine animals in underwater 

images. Next, ResNet-50 is applied for fine-grained species recognition, classifying the detected animals into 

specific categories. The model is trained on a comprehensive dataset comprising diverse marine species to ensure 

robust performance. Our experiments demonstrate the effectiveness of the approach in accurately detecting and 

recognizing marine animals across various underwater conditions, including low visibility and different lighting 

conditions. The system's performance is evaluated based on detection accuracy, species classification accuracy, 

and computational efficiency. This research contributes to the field of marine biology by providing a reliable and 

efficient tool for monitoring and studying marine life. The proposed deep learning-based system can assist 

researchers, conservationists, and marine biologists in cataloguing and understanding marine ecosystems, 

ultimately supporting conservation efforts and advancing our knowledge of these critical environments. 
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I. Introduction 

The detection and recognition of marine animals using advanced deep learning models are 

motivated by the critical need to protect and preserve fragile aquatic ecosystems. These models 

enable automated monitoring of marine life, aiding in species conservation and biodiversity 

research. Additionally, they contribute to maritime safety by identifying potential hazards, such 

as large marine mammals, in shipping routes. Moreover, understanding marine populations and 

their behavior can inform sustainable fisheries management and support ecological balance. 

This technology not only advances our scientific knowledge but also reinforces our 

commitment to responsible stewardship of the oceans, safeguarding these vital resources for 

future generations.  

The problem statement for marine animal detection and recognition employing advanced deep 

learning models involves creating a robust and precise system capable of autonomously 

identifying and recognizing marine animals in underwater environments. This task is to be 

achieved through the application of sophisticated deep learning techniques. This system should 

be capable of processing large volumes of underwater imagery and video data, identifying 

various species of marine animals, and distinguishing them from other objects and background 

noise. The goal is to aid researchers, conservationists, and marine biologists in monitoring and 

studying marine ecosystems, tracking population dynamics, and assessing the health of 
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underwater environments [1-8].  The objective of the project "Marine Animal Detection and 

Recognition with Advanced Deep Learning Models" is to develop a cutting-edge system for 

the automated identification and tracking of marine animals in their natural habitats. Using 

advanced deep learning techniques, this project aims to enhance our understanding of marine 

ecosystems, support conservation efforts, and promote sustainable practices in the maritime 

industry. Key goals include developing a robust, accurate deep learning model capable of 

detecting various marine species from images and videos, enabling real-time monitoring of 

their populations. Additionally, the project seeks to develop a user-friendly interface for 

researchers and conservationists to access and analyze the collected data. Ultimately, this 

project aims to contribute to marine biology research, support the protection of endangered 

species, and facilitate responsible marine resource management by providing a powerful tool 

for detecting and identifying marine animals across diverse aquatic environments [9-15]. The 

scope of Marine Animal Detection and Recognition using Advanced Deep Learning Models is 

vast, encompassing applications in conservation, research, and industry. These models can 

automate the identification of marine species, monitor ecosystems, enhance underwater 

robotics, and contribute to marine biodiversity studies, offering valuable insights for ocean 

protection and sustainable management [16-20]. The world's oceans are teeming with diverse 

and magnificent marine life, from graceful dolphins and majestic whales to vibrant coral reefs 

and intricate schools of fish. Understanding, monitoring, and protecting these ecosystems are 

critical tasks for scientists and conservationists. Efficiently detecting and recognizing marine 

animals in their natural habitat poses a significant challenge in this undertaking. The advent of 

deep learning and artificial intelligence has revolutionized the field of computer vision, 

enabling us to develop advanced tools for the automated detection and recognition of marine 

animals. In this context, Mobile Net ResNet-50, a cutting-edge deep learning model, has 

emerged as a powerful tool for this purpose. This model combines the efficiency of MobileNet 

with the accuracy of ResNet-50, making it an ideal choice for marine animal detection and 

recognition. In this research journey, we explore the depths of deep learning, computer vision, 

and marine biology to create a powerful tool for preserving our oceans. By combining the 

capabilities of MobileNet ResNet-50 with the beauty and complexity of marine life, we hope 

to contribute to a brighter and more sustainable future for our planet's underwater ecosystems 

[21-25]. 

II. Methodology 

A. Mobile Net Architecture 

Convolutional Neural Networks (CNNs) have been widely acclaimed in the field of computer 

vision, but the pursuit of higher accuracy has led to increasingly complex, deeper networks. 

However, the impracticality of deploying such intricate models in real-world applications, such 

as robots and self-driving cars, poses a challenge. To address this issue, MobileNet emerges as 

an efficient and portable CNN architecture. MobileNets utilize depth-wise separable 

convolutions, a strategic replacement for the standard convolutions in earlier architectures, 

enabling the creation of more lightweight models. By introducing two innovative global 

hyperparameters, the width multiplier and the resolution multiplier, MobileNets empower 

model developers to finely tune latency, accuracy, speed, and size to meet their specific 

requirements [26]. 
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Fig. 1 Mobile Net Architecture 

 

B. Standard Convolution Layer 

The composition of an individual standard convolution unit (denoted as Conv) is as outlined 

below: 

 

 

Fig. 2 Standard Convolution Layer 

 

C. Depth Wise Separable Convolution Layer 

 

The configuration of an individual depth-wise separable convolution unit is as follows: 

 

Fig. 3 Depth-wise Separable Convolution Layer 
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D. Width Multiplier 

The width multiplier, represented by α, serves as a global hyperparameter crucial for creating 

more compact and computationally efficient models. Ranging between 0 and 1, α allows the 

adjustment of model size and computational complexity. Given a layer and a specific α value, 

the input channels 'M' are scaled to α * M, and the output channels 'N' are scaled to α * N. This 

scaling effectively reduces the computational cost and overall model size, albeit at the expense 

of performance [27-32]. The decrease in computation cost and parameter count is roughly 

proportional to the square of α.  Frequently employed values for α include 1, 0.75, 0.5, and 

0.25. 

E. Resolution Multiplier 

The second key parameter introduced in Mobile Nets is known as the resolution multiplier, 

denoted by ρ. This hyperparameter controls the reduction in the input image resolution, thereby 

reducing the input size for each layer by a consistent factor. Precisely, with a specified value 

of ρ, the input image resolution is modified to 224 * ρ. This adjustment results in a proportional 

reduction in computational cost by a factor of ρ^2. 

III. System Design 

A. Introduction of Input Design 

Within an information system, raw data serves as input, undergoing processing to yield output. 

When designing input elements, developers need to account for various devices like PCs, 

MICR (Magnetic Ink Character Recognition), OMR (Optical Mark Recognition), etc. 

Therefore, the quality of the system output relies on the quality of the system input. Well-

designed input forms and screens showcase the following characteristics: - 

• It should efficiently serve a distinct purpose, such as storing, recording, and extracting 

information. 

• Ensuring accurate and proper completion is paramount. 

• The form should be straightforward and easy to fill. 

• Attention, consistency, and simplicity should be focal points, capturing the user's focus. 

• Achieving these objectives involves applying fundamental design principles, including: 

▪ Identifying the necessary inputs for the system. 

▪ Gaining insight into how end users engage with different components of forms and 

screens [33-36]. 

B. Objectives for Input Design 

The goals of input design encompass the following: 

 

• Crafting data entry and input procedures. 

• Creating source documents for capturing data or exploring alternative methods for 

data capture. 

• Designing input data records, screens for data entry, user interface screens, and 

similar components [37]. 
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• Implementing validation checks and creating robust controls of input for enhanced 

data accuracy and integrity. 

 

Output Design 

The design of output stands out as the most pivotal task in any system. During the output design 

phase, developers discern the essential output types and consider the required output controls 

and prototype report layouts. 

Objectives for Output Design 

 

• Create an output design that corresponds to the intended purpose while minimizing 

the production of unnecessary output. 

• Develop an output design that meets the requirements of end users. 

• Provide the right amount of output as needed. 

• Format the output appropriately and steer it towards the designated recipient. 

• Ensure timely availability of output to facilitate informed decision-making. 

IV. Results and Discussion 

      

 

Fig. 4  Home Page 

 

 

Fig. 5  Register Page 
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Fig. 6  Upload Page 

 

 

Fig.7  Result 1 

 

 

Fig.8  Result 2 

V. Future Work 

    Future enhancements for marine animal detection       and recognition with advanced deep 

learning models involve improved data collection methods, such as underwater drones and 

satellite imagery, to gather comprehensive and diverse datasets. Incorporating real-time 

environmental data, like ocean currents and temperature, will enhance model accuracy. 

Implementing transfer learning and self-supervised techniques will allow models to generalize 

across species and adapt to new ones. To address ethical concerns, researchers should prioritize 

minimizing disturbance to marine life during data acquisition. Additionally, collaboration 

between marine biologists, AI experts, and conservation organizations will be crucial to 

develop models that aid in species conservation and ecosystem monitoring, ultimately 

contributing to a sustainable future for our oceans. 

Integrate additional sensor modalities, such as underwater acoustics or satellite imagery, to 

provide complementary information for marine animal detection. Combining visual data with 

other sources may enhance the accuracy and reliability of the models, especially in challenging 

underwater environments. Explore ways to involve the broader community in marine animal 

detection efforts through citizen science initiatives. Engaging the public in data collection and 

model validation can contribute to a more comprehensive understanding of marine ecosystems. 

The suggested future work directions aim to address current limitations, broaden the 

applicability of the models, and advance the development of advanced deep learning techniques 

for marine animal detection and recognition. 

VI. Conclusions 

In conclusion, the project for Detecting and Recognizing Marine Animals, employing advanced 

deep learning models, marks a significant leap forward in our efforts to understand and 
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conserve marine ecosystems. By integrating cutting-edge technology, this project not only 

showcases the potential of artificial intelligence in ecological research but also addresses 

critical challenges in marine biology and conservation. The precision achieved in monitoring, 

enabled by advanced deep learning models, provides reliable data on the presence, distribution, 

and behaviour of diverse marine species. This accuracy is instrumental in directing targeted 

conservation strategies and preserving biodiversity in delicate marine ecosystems. Beyond its 

scientific contributions, the project serves as an educational tool, raising awareness about the 

importance of marine conservation. The visualization of marine life and ecosystems captured 

by the system has the potential to engage and educate the public about the beauty and fragility 

of our oceans. Moreover, the interdisciplinary collaboration between computer scientists, 

marine biologists, and technological expertise with ecological insights. The project's ethical 

considerations and adherence to guidelines ensure that the technology aligns with ecological 

goals and minimizes potential negative impacts. As a continuous and iterative endeavor, the 

project allows for ongoing improvement, data collection, and model refinement, ensuring its 

adaptability to the evolving dynamics of marine ecosystems. In essence, the Marine Animal 

Detection and Recognition project signifies not only technological innovation but also a pivotal 

contribution to positive environmental change, reshaping how we perceive, study, and conserve 

the intricate web of life beneath the ocean's surface. The "Marine Animal Detection and 

Recognition with Advanced Deep Learning Models" project stands as a significant leap 

forward in leveraging technology for the betterment of our oceans. It sets the stage for 

continued research and development, encouraging a more comprehensive understanding of 

marine ecosystems and aiding in the conservation and sustainable management of our seas. As 

we continue to refine these technologies, there's a tremendous opportunity to make a lasting 

and positive impact on the world's oceans and the diverse life they support. 

Acknowledgment 

We acknowledge the support and resources provided by Presidency University, Bangalore, 

which have played an essential role in facilitating the research process. The collaborative 

environment and access to cutting-edge technologies have significantly contributed to the 

development and implementation of our deep learning models. We express our gratitude to the 

creators and contributors of Mobile Net and ResNet-50 architectures, whose innovations in 

deep learning have laid the foundation for our research. Their commitment to advancing 

computer vision technologies has been instrumental in shaping the success of our marine 

animal detection and recognition system. Furthermore, we would like to thank the individuals 

who collected and annotated the diverse marine dataset used in our experiments. Their efforts 

have been essential in training and evaluating the models, ensuring the robustness and 

generalization of our approach. Finally, we appreciate the encouragement and guidance 

provided by our mentors, advisors, and colleagues throughout the research process. Their 

expertise and constructive feedback have played a crucial role in refining our methodology and 

interpreting the results. This research would not have been possible without the collective 

contributions and support from the scientific community and various stakeholders. We look 

forward to continued collaboration and advancements in marine biology enabled by the 

integration of deep learning technologies. 

 

References 

 

[1] Cao S, Zhao D, Liu X, Sun Y. Real-Time Robust Detector For Underwater Live Crabs 

Based On Deep Learning. Comput Electron Agric. 2020;172: 105339. 

 



International Conference on Multidisciplinary Perspectives in Advanced Computing and Technology (IMPACT 2026) 

G. B. Pant University of Agriculture and Technology, Uttarakhand, India. Jan. 10-11, 2026 

 

1041 

 

[2] Aguzzi J, Chatzievangelou D, Company J, Thomsen L, Marini S, Bonofiglio F, Juanes F, 

Rountree R, Berry A, Chumbinho R, et al. The potential of video imagery from worldwide 

cabled observatory networks to provide information supporting fish-stock and biodiversity 

assessment. ICES J Mar Sci. 2020;77(7–8):2396–410. 

 

[3] Vanesa Lopez-Vazquez, Jose Manual Lopez-Guede, Damianos Chatzievangelou Deep 

learning based deep-sea automatic image enhancement and animal species classification. 

Springeropen 2023. 

 

[4] Berg, P., Santana Maia, D., Pham, M. T., Lefèvre, S., 2022. Weakly Supervised Detection 

of Marine Animals in High Resolution Aerial Images. Remote Sensing, 14(2), 339. 

 

[5] Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T., 

Dehghani, M., Minderer, M., Heigold, G., Gelly, S., Uszkoreit, J., Houlsby, N. (2020). An 

image is worth 16x16 words:Transformers for image recognition at scale. Arxiv preprint 

arxiv:2010.11929. 

 

[6] Gani, M. O., Kuiry, S., Das, A., Nasipuri, M., Das, N., 2021.      Multispectral object 

detection with deep learning. In International Conference on Computational Intelligence 

in Communications and Business Analytics. Pp. 105-117.  

 

[7] Sultana, F., Sufian, A., Dutta, P., 2020. A review of object   detection models based on 

convolutional neural network. Intelligent computing: image processing based applications, 

1-16 

 

[8] Sheng Guo, Weilin Huang, Limin Wang, Yu Qiao. Locally-Supervised Deep Hybrid Model 

for Scene Recognition. IEEE Transactions on Image Processing 26(2), 808-820. 

 

[9] Limin Wang, Sheng Guo, Weilin Huang, Yuanjun Xiong, Yu Qiao. Knowledge Guided 

Disambiguation for Large-Scale Scene Classification with Multi-Resolution CNNS. IEEE 

Transactions on Image Processing 26(4), 2055-2068. 

 

[10] Yu Hwan Kim and Kang Ryoung Park ”PSS-net: Parallel semantic segmentation network 

for detecting marine animals in underwater scene”2022. 

 

[11] N. Alshdaifat, A. Talib, M. A. Osman: Improved deep learning framework for fish 

segmentation in underwater videos. Published in Ecological Informatics 1 September 2020. 

 

[12] Jalal, A.; Salman, A.; Mian, A.; Shortis, M.; Shafait, F. Fish detection and species 

classification in underwater environments using deep learning with temporal information. 

In Ecological Informatics; Elsevier: Amsterdam, The Netherlands, 2020; Volume 57, p. 

101088, ISSN 1574-9541. 

 



International Conference on Multidisciplinary Perspectives in Advanced Computing and Technology (IMPACT 2026) 

G. B. Pant University of Agriculture and Technology, Uttarakhand, India. Jan. 10-11, 2026 

 

1042 

 

[13] Kennedy, E.V.; Roelfsema, C.M.; Lyons, M.B.; Kovacs, E.M.; Borrego-Acevedo, R.; Roe, 

M.; Phinn, S.R.; Larsen, K.; Murray, N.J.; Yuwono, D.; et al. Reef Cover, a coral reef 

classification for global habitat mapping from remote sensing. Sci. Data 2021, 8, 196. 

 

[14] Ishibashi, S.; Akasaka, M.; Koyanagi, T.F.; Yoshida, K.T.; Soga, M. Recognition of local 

flora and fauna by urban park users: Who notices which species? Urban For. Urban Green. 

2020, 56, 126867. 

 

[15] Naseer, A.; Baro, E.N.; Khan, S.D.; Gordillo, Y.V. Automatic Detection of Nephrops 

norvegicus Burrows in Underwater Images Using Deep Learning. In Proceedings of the 

2020 Global Conference on Wireless and Optical Technologies (GCWOT), Malaga, Spain, 

6–8 October 2020; pp. 1–6. 

 

[16] Soltan, S.; Oleinikov, A.; Demirci, M.F.; Shintemirov, A. Deep Learning-Based Object 

Classification and Position Estimation Pipeline for Potential Use in Robotized Pick-and-

Place Operations. Robotics 2020, 9, 63. 

 

[17] Masubuchi, S.; Watanabe, E.; Seo, Y.; Sasagawa, T.; Watanabe, K.; Taniguchi, T.; 

Machida, T. Deep-learning-based image segmentation integrated with optical microscopy 

for automatically searching for two-dimensional materials. Npj 2D Mater. Appl. 

2020, 4, 3. 

 

[18] Boulais, O.; Alaba, S.Y.; Ball, J.E.; Campbell, M.; Iftekhar, A.T.; Moorehead, R.; 

Primrose, J.; Prior, J.; Wallace, F.; Yu, H.; et al. SEAMAPD21: A large-scale reef fish 

dataset for fine-grained categorization. In Proceedings of the FGVC8: The Eight 

Workshop on Fine-Grained Visual Categorization, Online, 25 June 2021. 

 

[19] Langlois, T.; Goetze, J.; Bond, T.; Monk, J.; Abesamis, R.A.; Asher, J.; Barrett, N.; 

Bernard, A.T.; Bouchet, P.J.; Birt, M.J.; et al. A field and video annotation guide for Baited 

Remote Underwater stereo-video surveys of Demersal Fish Assemblages. Methods Ecol. 

Evol. 2020, 11, 1401–1409. 

 

[20] Nabi, M.M.; Senyurek, V.; Gurbuz, A.C.; Mehmet, K. Deep Learning-Based Soil 

Moisture Retrieval in CONUS Using CYGNSS Delay–Doppler Maps. IEEE J. Sel. Top. 

Appl. Earth Obs. Remote Sens. 2022, 15, 6867–6881. 

 

[21] Yellepeddi, V., Manimegalai, P., & Suvanam, S. B. (2019). Accurate approach towards 

efficiency of searching agents in digital libraries using keywords. Journal of Medical 

Systems, 43(6), 164. 

 

[22] Khari, M., Kumar, P., & Shrivastava, G. (2019). Enhanced approach for test suite 

optimisation using genetic algorithm. International Journal of Computer Aided 

Engineering and Technology, 11(6), 653-668. 

 



International Conference on Multidisciplinary Perspectives in Advanced Computing and Technology (IMPACT 2026) 

G. B. Pant University of Agriculture and Technology, Uttarakhand, India. Jan. 10-11, 2026 

 

1043 

 

[23] Shrivastava, G. (2018). Investigating New Evolutions and Research in Digital Forensic & 

Optimization. Recent Patents on Engineering, 12(1), 3-4. 

 

[24] Jassim, H. S., Al Majizi, R., & Sharef, Z. T. (2024, March). Securing the Digital Frontier: 

A Comprehensive Analysis of Threats and Countermeasures in Digital Forensics. In 2024 

International Conference on Open Innovation and Digital Transformation (OIDT) (pp. 1-

9). IEEE.  

 

[25] Sharma, K., Shrivastava, G., & Kumar, V. (2011, April). Web mining: Today and 

tomorrow. In 2011 3rd International Conference on Electronics Computer 

Technology (Vol. 1, pp. 399-403). IEEE.  

[26] Vijayalakshmi, Y., Natarajan, N., Manimegalai, P., & Babu, S. S. (2017). Study on 

emerging trends in malware variants. for publication in IJPAM International Journal of 

Pure and Applied Mathematics (SCOPUS), 116, 479-489. 

[27] SNGCE, K. (2017). Secret data hiding using image segmentation and least significant bit 

(lsb) insertion steganography. International Journal of Pure and Applied 

Mathematics, 117(15), 527-534.  

[28] Devaraj, H. V., Chandran, A., & Babu, S. S. (2016, March). MANET protocols: Extended 

ECDSR protocol for solving stale route problem and overhearing. In 2016 International 

Conference on Data Mining and Advanced Computing (SAPIENCE) (pp. 268-272). IEEE.  

[29] Chiclana, F., Kumar, R., Mittal, M., Khari, M., Chatterjee, J. M., & Baik, S. W. (2018). 

ARM–AMO: An efficient association rule mining algorithm based on animal migration 

optimization. Knowledge-Based Systems, 154, 68-80.  

[30] Sajay, K. R., & Babu, S. S. (2016, March). A study of cloud computing environments for 

High Performance applications. In 2016 International Conference on Data Mining and 

Advanced Computing (SAPIENCE) (pp. 353-359). IEEE.  

[31] Shrivastava, G., Gupta, D., & Sharma, K. (Eds.). (2021). Cyber crime and forensic 

computing: Modern principles, practices, and algorithms. De Gruyter. 

[32] Singh, P., Khari, M., & Vimal, S. (2022). EESSMT: an energy efficient hybrid scheme 

for securing mobile ad hoc networks using IoT. Wireless Personal 

Communications, 126(3), 2149-2173. 

[33] Sharma, K. (2022). Internet of healthcare things security vulnerabilities and jamming 

attack analysis. Expert Systems, 39(3), e12853. 

[34] Suvanam, S. B., Santhosh, & Benal, G. D. (2024, February). Fatigue detection for drivers 

using face object features based on aspect ratio of eyes and mouth. In AIP Conference 

Proceedings (Vol. 2742, No. 1, p. 020042). AIP Publishing LLC. 

 [35] Keerthana, Suvanam, S. B., & Yellepeddi, V. (2024, February). Radical sound valuation 

of fetal weight with the use of deep learning. In AIP Conference Proceedings (Vol. 2742, 

No. 1, p. 020044). AIP Publishing LLC. 

[36] Shrivastava, G., Peng, S. L., Bansal, H., Sharma, K., & Sharma, M. (Eds.). (2020). New 

age analytics: Transforming the internet through machine learning, IoT, and trust 

modeling. CRC Press. 

 

                                    



International Conference on Multidisciplinary Perspectives in Advanced Computing and Technology (IMPACT 2026) 

G. B. Pant University of Agriculture and Technology, Uttarakhand, India. Jan. 10-11, 2026 

 

1044 

 

 


