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Abstract––Fish are the central element of nature and are an important component of mankind. They regulate the structure of the ecosystem, act as a source of food, and are economic and cultural pillars. Taxonomy of fish is defining their species and categorizing them according to their form and action. It is one of the key steps in preserving records of biodiversity, preserving animals that are unique, and in assisting scientists with their work. Our research interest in utilizing Resnet with feature pyramid Network for classification of fishes with images. The architecture captures the finest details and the whole body of the fish as an entirety by a sliding-window and layered framework. Because of that, it performs better, even on near indistinguishable species. Previous fish classification methods were sluggish and were followed by a litany of failures. They included hand tuned feature extraction, provided with little finesse for complicated images, and were unable to distinguish easily between similar organisms. They could not also be scaled for real time utilization, and therefore, they failed without the utilization of deep learning ideas. Our answer addresses these problems by promptly and correctly recognizing fish species from photos. It has the ability to be incorporated in real time use within fisheries, marine research, aquaculture, and conservation work, for improving the overall efficiency and reliability of the process.
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I. INTRODUCTION

Aquaculture is a naturally environment friendly method of fulfilling the growing world demand for fish and seafood. It reduces the demand placed on wild aquaculture and prevents excessive fishing. Successful fish farming necessitates constant watching. Fish need to be kept well, regular feeding must be done, and appropriate water quality must be ensured. Traditional observing methods tend to be more time taken and manual process. They are also vulnerable to human mistakes, which can impact fish health and productivity. Technology has evolved, and machine learning (ML) is being increasingly used as a valuable resource because of its promise of delivering enhanced behavioral forecasting and analysis in aquaculture systems. Smart Fishing is the application of ML algorithms with sensor data and computer vision to anticipate fish behavior so that more innovative feeding regimes, stress detection, and environmental compensation can be realized. Based on observation of variation in water quality parameters such as temperature, dissolved oxygen, turbidity, and pH, and fish behavior on subsea video recordings, the machine learning prediction system has predicted fish behavior accurately. The approach is improving fish culture efficiency and assisting in sustainable and longterm aquaculture development. The system separates the species of fish based on noticeable visible characteristics like body, fin location, color and texture of scale, and noticeable points like eyes and mouth. The ResNet is used to outline visible features, while the FPN outlines a small quantity of information and the shape of the fish. The

combination of such features enables the system to accurately classify the species. The intelligent fish processing technologies are increasingly important with the increasing demand for safe food. They enable high quality fish to be supplied with lower natural footprint. Future research and development in such technologies are eagerly anticipated to develop fish farming into smart and mechanized systems. They also provide farmers a chance to make informed, data-driven decisions and implement precision farming practices. This system is developed as web app application and acts as a combined single platform for aquaculture scientists and researchers. They are able to remotely visit aquaculture farms in real time through it and enjoy a smart and cozy one. The system is constructed with a clean and elegant interface that converts unsorted data into valuable insight with ease, allowing one to make a choice without being an algorist in the algorithms applied. With all these parts of architecture combined, the system achieves a very high degree of prediction accuracy at 92.09%. Aquaculture is now one of the most appropriate answers to satisfying the seafood requirement of the world with a more environmentally friendly substitute for conventional fishing. For the fish farm to be efficient, farmers must maintain it day and night and respond instantly whenever anything went wrong. This will make fish healthy, enhance feeding habits, and deliver quality water. The previous monitoring process was more time waste, more labor intensity, and less perfection. Machine learning has been the game changer in the past three years with better forecast, quicker analysis, and more automation.
II. LITERATURE SURVEY

Species recognition in fish is essential in tracking biodiversity, balanced ecosystem management, and upgrade in aquaculture productivity. Recent research on machine learning (ML) and computer vision has enabled us to automatically identify fish from photographs and videos. Scientists have tried various ML frameworks, for example, Convolutional Neural Networks (CNNs)[1], Support Vector Machines (SVMs), and Decision Trees, to enhance species recognition accuracy. Transformer-related frameworks, i.e., the Swin Transformer, were embraced on a large scale in recent years due to their ability to observe detailed information and wide patterns within images. The above methods greatly boosted classification precision by addressing typical issues within underwater environments, i.e., image noises, occlusion, and light changes. Integrating the frameworks into intelligent aquaculture systems enables us to monitor systems in real time, infer species, and manage sustainable fisheries efficiently.

J. Dewan, (2022) developed a machine learning approach which can predict fish activity according to environmental information. In making detection, various problems are being faced, for example, errors in segmenting, noises, and image distortions. The outlined problems, in that work that was presented in the journal IEEE Access, were addressed by different techniques such as K Nearest Neighbour (KNN)[1] and Support Vector Machine.

Similarly, D.Dharashana, B.Natarajan, R.Bhuvaneswari and
S.S. Husain (2023), in their study in the IEEE Sensors Journal, explored the use of YOLO for classifying fish species. YOLO[2] is a neural network-based object detection technique that will only be used once. In the first phase of development the proposed classification system focuses on the variation in fish scale and position and seeks out distinguishing traits to differentiate fish.

J. M. J. Mol and S. Albin Jose (2022), in their work presented at the IEEE Access, developed an an automated approach for identifying and classifying fish species using the deep learning method. AlexNet[3], a popular deep convolutional neural network model, is employed in this proposed study to classify fish species. This research modifies the traditional alexnet design to improve the accuracy of fish classification.

In 2024, L. M. C. Silva, F. C. Flores, R. L. Delariva, G. Z. Felipe and Y. M. G. Da Costa developed a classification of highly fish species using machine learning. They presented their work in IEEE resources, in this paper they proposed a fish species identification in a quite challenging scenario, in which the inter-classes differences are minimal, as the species belong to considering the hierarchy of biological classification (i.e. Characidae). Experiments are performed using the Support Vector Machine (SVM)[4], K the same family nearest neighbours (KNN), random forest and naive bayes classifiers these are the algorithm used for this project.
A more temporally focused approach was adopted by N. Yamsani, P. Nasra and S. Gupta (2025) who employed an automated fish species classification using convolutional neural networks. They published their paper in IEEE portal, this paper introduces a deep learning method for the automatic detection of aquatic species with the help of CNNs [5]. Testing the proposed model on a large scale and diverse fish dataset resulted in impressive classification accuracy, reaching 92%. The study demonstrated evaluation of the model on multiple categories of the fish species and showed that it is precise and reliable in classification.
C. G. Raghavendra and M. Pasha (2024) who proposed a detection and classification of fish using deep learning models. This IEEE proposes a framework for a YOLOv8, YOLOv9, ResNet50, Vgg19, DenseNet201[6] convolutional neural network that is specifically trained on aquatic marine life. This research work reveals that in terms of classification of fish species it was found that ResNet50 has higher efficiency compared to YOLOv8, Vgg19, DenseNet201.
According to M. Singh, S. Gaur, S. Tyagi, U. Sharma, P. Yadav and A. Mishra (2025). They developed a dataset that includes photos of 21 fish species typically captured by Indian fishermen, precisely chosen to ensure clarity and little background noise. The Kotlin developed program has an easyto use interface with catch history, fish nutritional values, and pertinent weather data. Their findings show that the installed models can correctly recognize fish species, with MobileNetV2.
Through the IEEE research, H. Tejaswini, M. M. Manohara Pai and R. M. Pai (2024) who successfully developed an automatic estuarine fish species classification system based on deep learning techniques. They develop a model using the vision transformer (ViT)[8] specifies these limitations by using the transformer model self attention mechanisms. In this study, ViT is used to solve the fish classification problem. This research is used to recognize esturine fish.
In this paper, Mettildha Mary, T. Ragunthar, M. Priyadharsini, and H. Shyam Krishnaa who developed the automatic fish

species identification using convolutional neural networks in 2024. Accurate identification of fish is critical for applications in fisheries management, biodiversity monitoring, and conservation efforts. Automating tasks related to species identification has shown promise in recent breakthroughs in machine learning., especially in deep learning techniques like convolutional neural networks (CNNs) and transfer learning. They also used MobileNetV2[9] model for their project.

A. Suryavanshi, V. Kukreja, A. Dogra P. Aggarwal and M. Manwal, they developed a hybrid deep learning and machine learning framework (2024) for Precise fish species identification. They used CNNs and random forest models to automate fish species identification. The neural network design combines CNN hierarchical feature extraction and random forest interpretable ensemble learning, combining their capabilities. From the matrix of confusion, the class-specific metrics, and future research, the report suggests that automated identification of fish species systems can have real-world impact and be continuously improved.
In their paper, D. F. Mujtaba and N. R. Mahapatra, developed convolutional neural networks for norphologically similar fish species identification (2021). Seafood mislabeling is an increasing problem. Studies show that more than 30% of seafood products in the market are mislabeled. When two species look alike, it's difficult for people to tell them apart just by sight, making mislabeling harder to spot. To tackle this issue, the authors used transfer learning with convolutional neural networks (CNNs). They took advantage of features learned from millions of images to improve classification accuracy. For evaluation, they used the fishNet open image database, which has over 85,000 images collected from electronic monitoring systems in fisheries.
S. Solanki, K. U. Thakur, P. Mhaskar, A. Chavan and N. Koli it is an automated identification of fish species and marine life using CNN (2023) with the growing research on various fish species has resulted in significant efforts in managing data. This includes loading, processing, analyzing, and visualizing it, mainly using traits like color, gill patterns, and mouth anatomy. Their study aims to create an easy to use android application for classifying and identifying fish. It is designed to help fishermen and marine researchers.

In 2023, scientists K. Prabhakaran, F.T. Debebe, and M. Kamalakannan created a smart system for fish species identification and grading in local markets through the use of deep learning. They carried out their work in the Nagapattinam fish market, which is packed, and collected a nice collection of images of fish. Lastly, they applied transfer learning to fine- tune the YOLOv4 model so that it would be more effective at classifying and detecting fish. To ensure safe and accurate results, they applied 80% to train the model and validated it using the other 20%, the way towards more standardized and efficient fish grading in actual circumstance.

A. P, B. V, J. A and L. S it is a CNN Based Underwater Aquatic Exploring System for Real Time Identification of Fish Species (2025). Their application is increasing rapidly, particularly solving challenges within underwater environments. This research paper introduces the machine learning model designed for the detection of underwater species. This research proposes a new approach by utilizing the YOLO algorithm for the detection and classification of underwater image. The system functions by capturing underwater images, which are then pre- processed to improve the features.

P. Prasenan and M. H. Supriya, developed an automated fish species classification using modified neural network and firefly algorithm and its empirical analysis (2023). This paper presents

the simulation of a modified-Neural Network (NN) and Firefly Algorithm (FA) for classification of fish species of five different fish species using two algorithms Pattern net and CNN. Simulation results show that Pattern net exhibits better performance in terms of exactness as compared to CNN which shows good results in terms of execution time.

III. PROPOSED METHODOLOGY

Fish species classification is a systematic process. The first figure depicts the flow of process involves data collection, preprocessing, deep learning, and evaluation. It starts with data acquisition, in which fish pictures and metadata are gathered by various sources. Since raw data may have noise or inconsistencies, data preprocessing cleans, normalizes, and augments the dataset. This is an improvement process that results in improved training performance. Feature extraction is the next step, where models such as ResNet and Feature Pyramid Networks (FPN) extract high and multi-scale features. Classification of fish species includes identifying and classifying the fish according to their physical attributes like the body shape, fin structure, scales texture, and color patterns. After extracting these features, the system moves to model training. Once trained, the model classifies new, unseen images by predicting their species.

The old fashioned manual identification of fish takes time, is highly reliant on specialist knowledge, and is subject to mistakes particularly in identifying species with very close characteristics. In order to counter these limitations, the system in question employs deep learning techniques through employing ReasNet backbone integrated with Feature Pyramid Network (FPN) to provide precise, scalable, and end to end automated fish species identification.
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Figure 1. Flow Diagram

The suggested framework for fish species categorization is presented in the flowchart in a systematic manner. The process starts with Dataset Collection, where images of various fish species are obtained from authenticated and trusted repositories. The images are then processed through Data Preprocessing, involving procedures like resizing, normalization, and augmentation, for standardization and enhancing model generalization. In the feature extraction phase, a Swin Transformer is combined with a Feature Pyramid Network (FPN) to extract discriminative visual features at different scales. These are used in training in a way that the network gets capable of recognizing some patterns to be put as such. After successful training, the model is tested with accuracy and other measures to check if the model is reliable or not. Finally, during prediction time, the model maps each unseen image to its corresponding species category. This sequential process offers scalable, robust, and precise system of classification; each of the steps is described in the subsequent subsections.

A. Data Acquisition

This model used the Kaggle’s fish image dataset, consisting of 13,318 images of different fish species. The dataset offers an taken under varying lighting conditions and backgrounds.
[image: ]
Figure 2. Fish images

This variety serves to assist the classification model in learning to generalize well in any situation. Each image is marked according to its respective species so that it can be readily utilized in supervised learning. Dataset size, diversity, and quality, or the holy trinity, is most important when having a well established and robust model for fish species classification.
B. Data Preprocessing

Since raw image datasets usually contain noisy, inconsistent, or corrupted samples, preprocessing was required. A data cleaning script was written utilizing the Python Imaging Library (PIL) for validating image integrity. Unreadable or corrupted files were automatically trapped and eliminated. In this way, only valid images proceeded into the training pipeline. To preprocess the data for training, TensorFlow Keras ImageDataGenerator class was used. It performed important preprocessing operations and also augmented the data to increase the inconsistency of the dataset. The data augmentation involved random rotation, zooming, invert horizontally and vertically, and adjusting the width or height of the image. These operations made the dataset larger and more inconstant, allowing the model to identify fish in different real world scenarios. This preprocessing procedure provided regular, high quality images and subjected the model to varied training samples. Therefore, the overtrained risk was reduced, and the model classification accuracy was improved.

C. Feature Extraction

Feature extraction utilizes the features of integration between Feature Pyramid Network (FPN) and ResNet. ResNet helps to provide deep residual learning, which is powerful to the network in learning ordered features of fish images. The ResNet backbone can learn low and high level features of an image extremely well. FPN is implemented over ResNet to employ multi-scale feature representation. FPN improves the accuracy of detection by combining information at various feature levels. This makes the system more robust against fish size and orientation variation. Within the ResNet FPN pipeline, multiple various feature types are learned at various levels within the network for proper fish species classification.

Color characteristics are obtained in the initial convolutional layers of ResNet, in which low level pixel intensity, color gradients, and scale coloration features are detected. Texture, spot, stripe, and scale pattern features are obtained in midlevel layers, where precision and repetition are emphasized. ResNet's top level layers identify body shape and total structure, and FPN extends this representation by merging multi scale information to cope with orientation and size differences.
Fins and tail's characteristics are identified in mid to top level layers, and FPN takes care that even the smaller or far away components are considered. In addition, edges and salient points are located at early and midlevel layers to isolate the fish from the background and draw attention to major body part boundaries. By integrating low level, midlevel, and high level features using ResNet and FPN, the model is able to efficiently extract color, texture, shape, fins, and edge features. This enables strong and precise classification of fish species, even in difficult cases such as overlapping, occlusion, or different illumination. This combined method ensures extraction of rich and unique features that are crucial to precise classification.

D. Model Training

The acquired features were utilized for training the model. In this case, the system was trained to map image features to their respective species labels. The FishImgDataset is divided into three sets: training through learning, validation through hyperparameter tuning, and testing through evaluation. This provided equal results and minimized bias.
Training utilized the categorical cross entropy loss function, so that it is good for classifying multi class problems. A stochastic gradient descent (SGD) optimizer adjusted model weights incrementally. A properly adjusted learning rate was utilized to balance the rate at which the model converged and how stable it remained. Training occurred incrementally through numerous epochs so the model could slowly decrease classification errors. To avoid overfitting, techniques such as early stopping and model checkpointing were employed. Training was stopped early when the validation performance no longer showed significant improvement. Checkpointing kept the good model weights. These techniques ensured training was effective and also kept the capability of the model to keep new data intact.


E. Classification
Once trained, the ResNet and FPN model was used to predict fish species. At this stage, the model received unseen test images. The classifier provided a possibility score for each possible species. Each image was then assigned to the class with the highest confidence value. This process sped up fish species identification and made it easier. Manual identification by experts is time and droping, but deep learning eliminates

much of that. The system proved to be accurate, efficient, and able to handle large amounts of data. This approach can be used in aquaculture surveillance, biodiversity research, and fish farms. These fields are probably going to demand largescale and repeatable species recognition.

F. Performance Evaluation

Performance by proposed fish species categorization system was determined the degree of how good it was. The model was previously trained on the retained test set. We calculated performance metrics like accuracy, precision, recall, and F1score. Accuracy indicated the overall percentage of images being classified correctly. Precision indicated the amount of predicted species labels as correct. Recall demonstrated the accuracy with which all the images for a particular species were predicted by the model. F1score provided an even balance that accounted for both precision and recall. It was thus highly efficient in the species with presentation bias within the data set. Performance outcomes showed that the ResNet FPN model was consistent in distinguishing between fish species. All such measures testified to the strength of the system as well as its usability in real-time fish monitoring and management. The system classifies fish species from images through ResNet and Feature Pyramid Network (FPN) together. The model captures important features like color, texture, body shape, fins, and edges. The model is trained in FishImgDataset to detect differences in species. The test is indicating that the system is good, stable, and can be utilized for aquaculture, biodiversity monitoring, and fishery management.


IV. RESULT AND DISCUSSION

The proposed fish species classification system uses a Feature Pyramid Network (FPN) with a ResNet backbone. This setup helps the system capture small texture details as well as the overall shape of the fish. Because of this, it can classify different fish species with high accuracy. To make it easier to use, the model is available as a web application. Users can simply upload a fish image and get the predicted species instantly. The interface is simple and user-friendly. This makes the system more reliable and practical for everyday use.


[image: ]
Figure 3. Validation accuracy graph

The graph shows the system’s validation at each epoch during training. From a low of about 46%, it steadily rises towards the final epoch to a peak of 92.09%. The steady rise is an indication that the model is improving at learning without overfitting, accurately detecting patterns from the validation set. Such performance is strong evidence of the excellence of the synergy between deep residual learning and multi scale feature extraction to allow the network to get detailed traits like colors patterns, edges, and textures and abstract features such as body shape, fin structure, and overall morphology.
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Figure 4. Training Accuracy Graph

The graph indicates the variation in the training accuracy as training proceeds. Following the initial sharp fall, the accuracy keeps improving steadily, eventually reaching a plateau of nearly 0.976. This proves that the model keeps improving and learning day by day during training.
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Figure 5. Fish Species Web Application




The web interface for fish species prediction provides a user friendly interface to make a prediction. A user can upload a picture of the fish and hit the "Predict" button to get the class of the species. The predicted species and the uploaded image are displayed on another page in order to provide clarity. With minimalistic page layouts, pastel gradient background color, and interactive boxes, the interface offers a hassle free experience, enabling quick and efficient identification of fish species.
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Figure 6. Predicted Fish

The model is given the uploaded fish photo and outputs its species, in this instance, Tilapia. The system shows the predicted species along with the original photo. Users can quickly check if the result is correct.

Tests showed that using FPN with ResNet worked better than regular convolutional networks. It was more stable and more accurate. The improvement was most noticeable when the background was busy or fish were overlapping. The network could combine small texture details with the overall shape of the fish. This made it perform well in real situations. The model can also work in real-time monitoring. It can automatically identify species in fisheries and fish farms. It is useful for biodiversity studies and ecological research as well. This approach shows that residual connections and multi-scale features are very effective. They help the model handle differences in species appearance and changing environmental conditions. These are usually tough challenges for classification systems.
V. CONCLUSION
The fish species classification system uses a Feature Pyramid Network (FPN) with a ResNet backbone. This setup gives high accuracy and reliable results in identifying fish species. FPN looks at the image at different scales. ResNet learns from these features step by step. This helps the model find small details like scale patterns, fin shapes, and color changes. It also finds bigger features like body shape and posture. Because of this, the system can recognize fish even when they look very similar. It also works when the fish are different in size or facing in different directions. Tests show that this method works better than normal convolutional neural networks. It performs well even with busy backgrounds. It also works in poor lighting or when fish look almost the same. Precision, recall, and F1-score are balanced for all species. This means the model classifies fish fairly and does not favour one species over another.

Future work will focus on increasing the dataset. More species from different freshwater and marine habitats will be added. This will help the model learn better and make more general predictions. Running the classification on smartphones or small embedded systems can be very useful. It will help researchers and fisheries officers use the system directly in the field. The model can also be linked with underwater cameras, sensor networks, or drones. This will make large-scale fish population monitoring automatic and faster. Future research can look into explainable AI methods. These can give visual explanations of how the model makes decisions. This will add transparency and build trust in automated classification systems. Overall, these improvements will not only increase accuracy but also expand the real-world uses of the system. They can support environmental management, conservation efforts, and better aquaculture practices.
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