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Abstract
Rapid and accurate fish recognition systems require robust recognition mod-
els and deployment systems as support. In recent years, convolutional neural
networks have achieved tremendous success in the field of image recognition. Dif-
ferent convolutional network models possess distinct advantages and disadvan-
tages, and faced with numerous optional model architectures, how to select and
evaluate convolutional neural network models has become an issue that must
be considered. Furthermore, regarding model application, direct deployment
of deep learning models on mobile terminals requires model pruning and com-
pression, which affects accuracy while also increasing installation package size,
making model upgrades and maintenance difficult. To address the aforemen-
tioned issues, this study selected AlexNet, GoogLeNet, ResNet, and DenseNet
pretrained models for comparative experimental research based on the charac-
teristics of underwater fish real-time recognition tasks. Data augmentation was
performed by applying random flipping, rotation, and color jittering to images
from the Ground-Truth public fish dataset. Label smoothing was employed as
the loss function to alleviate model overfitting, and the Ranger optimizer and
Cosine learning rate decay strategy were investigated to further improve model
training effectiveness. The precision and recall of each recognition model on
the training and validation sets were recorded, and model recognition perfor-
mance was finally quantified by integrating precision and recall. Experimental
results demonstrate that the fish recognition model trained based on DenseNet
achieved the highest comprehensive score, with precision and recall on the val-
idation set reaching 99.21% and 96.77%, respectively, and an overall F1 score
of 0.9742, indicating that the model’s theoretical recognition accuracy meets
expectations. A remote real-time underwater fish recognition system was de-
veloped and deployed based on Python. The model was deployed on a remote
server, and mobile terminals invoked the fish recognition model through net-
work requests. Actual testing with validation set images shows that under good
network conditions, mobile terminals can accurately recognize and display fish
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Abstract: Rapid and accurate fish identification systems require robust recog-
nition models and effective deployment infrastructure. In recent years, convolu-
tional neural networks have achieved remarkable success in image recognition,
yet different architectures possess distinct advantages and limitations. Con-
sequently, model selection and evaluation have become critical considerations.
Furthermore, direct deployment of deep learning models on mobile terminals
necessitates pruning and compression, which compromises accuracy while in-
creasing package size, hindering model maintenance and upgrades. To address
these challenges, this study selected several pre-trained models for comparative
experiments based on the characteristics of real-time underwater fish identifica-
tion tasks. Data augmentation was performed on the Fish Recognition Ground-
Truth dataset through random flipping, rotation, and color jittering. Label
smoothing was employed as the loss function to mitigate overfitting, while the
Ranger optimizer and cosine learning rate decay strategy were investigated to
enhance training efficacy. The precision and recall of each model were system-
atically recorded on both training and validation sets, and a composite metric
integrating these measures was used to quantify model performance. Experi-
mental results demonstrated that the DenseNet-based fish identification model
achieved the highest composite score, attaining 99.21% precision and 96.77%
recall on the validation set, with an overall F1-score of 0.9742—meeting theoret-
ical accuracy expectations. A remote underwater fish real-time identification
system was subsequently developed and deployed using Python, with the model
hosted on a remote server. Mobile terminals access the model through network
requests, and validation tests confirmed that under good network conditions, the
mobile application can accurately identify and display fish information within
one second.

Keywords: fish identification model; convolutional neural network; model eval-
uation; Android; Ground-Truth; real-time identification system

chinarxiv.org/items/chinaxiv-202302.00169 Machine Translation

https://chinarxiv.org/items/chinaxiv-202302.00169


1 Introduction
Fish represent one of the most important aquatic products, with over 28,000
known species worldwide. Developing rapid and accurate automated fish iden-
tification systems is crucial for fish knowledge dissemination, mixed aquacul-
ture, marine monitoring, and related applications. A complete automated fish
identification system must encompass both recognition methodology and model
deployment.

Traditional fish identification methods rely on hand-crafted features such as
texture, color, and shape. While techniques like Scale-Invariant Feature Trans-
form (SIFT) and Histogram of Oriented Gradients (HOG) have yielded notable
improvements, these features require expert manual design and must be re-
engineered for different fish species. Such approaches lack generality and suffer
from limited accuracy.

In recent years, Convolutional Neural Networks (CNNs) have made tremendous
progress in image recognition. Krizhevsky et al.’s AlexNet achieved a break-
through in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
2012, winning the competition. Subsequent research has produced numerous
improved CNN architectures, including VGGNet, GoogLeNet, ResNet, and
DenseNet, all demonstrating excellent performance in image classification tasks.
CNN-based algorithms have become one of the best solutions for image recogni-
tion problems. However, different CNN models exhibit distinct characteristics,
and no single architecture dominates across all scenarios. For instance, VG-
GNet can learn more features than AlexNet but substantially increases model
size, while GoogLeNet’s Inception module significantly reduces parameters but
does not address potential degradation issues with increasing depth. ResNet
mitigates gradient vanishing in deep networks but introduces implementation
complexity and numerous manually-tuned hyperparameters. For underwater
fish identification tasks, selecting and evaluating appropriate CNN structures
becomes a critical consideration.

Regarding deployment, direct model implementation on Android mobile ter-
minals represents a viable approach. With mobile internet development and
smart device proliferation, mobile usage has become ubiquitous. According to
the China Internet Network Development Statistics Report, by December 2020,
China’s mobile internet users reached 986 million, accounting for 99.7% of
all internet users. In 2021, Android systems captured nearly 90% of the mo-
bile market share, making Android-based fish identification highly accessible
and user-friendly. However, mobile devices have limited computational capac-
ity compared to servers, requiring deep models to be pruned and compressed
before deployment—processes that degrade accuracy and significantly increase
application package size, complicating maintenance and upgrades.

To address these issues, this study aims to develop a high-precision fish identifi-
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cation system by: (1) investigating multiple mainstream CNN architectures to
select and evaluate models suited for underwater fish tasks through comparative
experiments, and (2) designing a remote fish identification system to achieve a
complete high-precision online solution.

2 System Design and Model Construction
2.1 System Architecture

The overall fish identification system design is illustrated in [Figure 1: see orig-
inal paper]. Users capture fish images through an Android smartphone camera,
upload them via network to a server for recognition, which then queries a fish
information database to retrieve species profiles, distribution, habits, and life
cycle data before returning this information to the Android client for display.

2.2 Data Processing

The Ground-Truth public dataset was used for model training. This dataset con-
tains 27,370 underwater images of 23 fish species manually labeled by marine
biologists. [Figure 2: see original paper] displays sample images and quantities
for each species. The dataset was split into 80% training data (21,819 images)
and 20% validation data (5,474 images). During training, random horizontal
flipping, rotation, and color jittering were applied for data augmentation. Im-
ages were resized to 260$×$260 pixels as model input.

2.3 Theoretical Foundation

2.3.1 Convolutional Neural Network Models Convolutional Neural Net-
works are hierarchical deep learning architectures widely used in image pro-
cessing. Their primary characteristics include convolutional and pooling layers
that progressively extract high-level abstract information from raw input im-
ages through successive operations. The final layer computes prediction errors
against ground truth via a loss function, then propagates corrections backward
through the network until convergence. The convolution operation formula is:

𝑖, 𝑗 + 𝑏𝐿

where L represents the network layer, M_j denotes input feature maps, K_i,j
represents convolution kernels, b_j is the bias term, and f(・) is the activation
function. Convolution and max pooling operations are illustrated in [Figure 3:
see original paper].

AlexNet, VGGNet, GoogLeNet, ResNet, and DenseNet represent classic CNN
architectures. Statistical comparisons reveal their model sizes in .
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2.3.2 Confusion Matrix and Evaluation Metrics A confusion matrix
visually compares predicted versus actual categories. Column totals represent
predicted class counts, while row totals indicate actual class distributions. For
binary classification, the matrix structure is shown in [Figure 4: see original
paper], where TN (True Negative), FN (False Negative), FP (False Positive),
and TP (True Positive) represent correct and incorrect predictions for each class.

From the confusion matrix derive key metrics: - Precision = TP / (TP + FP)
- Recall = TP / (TP + FN) - Accuracy = (TP + TN) / (TP + TN + FP +
FN)

The F1-score, the harmonic mean of precision and recall, provides a balanced
evaluation: - F1-score = 2 × (Precision × Recall) / (Precision + Recall)

Higher F1-scores generally indicate better model performance.

2.4 Model Selection and Construction

CNN models require large datasets for optimal performance, with more complex
tasks demanding larger datasets. Underwater fish images suffer from low resolu-
tion, noise, and limited availability due to challenging acquisition conditions and
species-specific habitats. Since large-scale underwater fish datasets are difficult
to obtain, transfer learning from pre-trained models like AlexNet and ResNet—
trained extensively on massive datasets—effectively reduces data requirements
and is suitable for resource-constrained scenarios. This study employs transfer
learning based on pre-trained models.

As shown in , VGGNet produces the largest model (138 MB), implying greater
computational overhead and slower inference. Given the real-time requirements
of this task, AlexNet, GoogLeNet, ResNet, and DenseNet were selected for fine-
tuning on underwater fish recognition. To mitigate overfitting, Label Smoothing
was adopted as the loss function. The Ranger optimizer, combining RAdam and
Lookahead, was chosen for its superior convergence properties. A learning rate
of 0.0001 with Cosine decay, batch size of 32, and 100 training epochs were used.
Hyperparameter configurations are detailed in .

3 Results and Analysis
Models were trained on AlexNet, GoogLeNet, ResNet50, and DenseNet169 using
the parameters in , then evaluated on the validation set for accuracy, precision,
and recall. Results are presented in .

While accuracy is informative, the Ground-Truth dataset exhibits severe class
imbalance—the smallest class (black-saddle pufferfish) contains only 16 images
versus 12,112 for the largest (damselfish), a 750-fold difference. In such cases,
a model could achieve high accuracy by simply predicting the majority class,
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making accuracy alone insufficient for evaluation. GoogLeNet yields the small-
est parameter count, while AlexNet has the lowest FLOPs but highest param-
eter count. DenseNet169 offers balanced parameters and computational cost.
ResNet50 achieves the highest validation precision (99.26%) but lower recall
than DenseNet169. Since precision and recall typically trade off, the F1-score
provides more comprehensive evaluation.

Overall F1-scores were computed and shown in . DenseNet169 achieves the high-
est F1-score of 0.9742, making it the optimal model for this experiment. Despite
GoogLeNet’s smaller size, the server deployment environment provides suffi-
cient computational resources, prioritizing accuracy over efficiency. Therefore,
DenseNet169 was selected for deployment.

4 System Implementation
4.1 Server Implementation

Development Platform: - OS: Ubuntu 20.04 - Environment: Python 3.8,
CUDA 11.2, PyTorch 1.7.0, Anaconda 2.0.3, Django 3.2.4, Gunicorn 20.0.4 -
IDE: PyCharm Professional 2019.2 - Database: MySQL

Python was chosen for server development. The system was configured on an
Ubuntu machine with NVIDIA GT1650 GPU, installing drivers and creating a
Conda environment with Django, PyTorch, NumPy, and Pandas.

Project Setup: A Django project was created in PyCharm with the virtual en-
vironment configured as the interpreter. Database connections, security policies,
and middleware were configured per Django conventions. A FishInfo model was
created for database mapping and Django Admin integration, with URL routing
established in urls.py. The server project structure is shown in [Figure 5: see
original paper].

Model Integration: Following PyTorch documentation, model weights were
packaged as *.tar files. A classifier class was created to initialize the model
in its __{{{init}}_{}} method using PyTorch APIs, with a predict function
implementing inference logic. This class was imported into Django’s views.py
to handle image data and return predictions. Model initialization code is shown
in [Figure 6: see original paper].

Fish Information Storage: MySQL stores structured fish information in the
FishInfo table, containing species profiles, distribution, habits, and life cycle
data collected from marine databases. The table schema is detailed in .

Service Deployment: Django’s built-in development server offers limited
performance. For higher concurrency, Gunicorn was used to deploy the service
in multi-threaded mode. The server environment and API endpoints are shown
in [Figure 7: see original paper].
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4.2 Android APP Implementation

Development Platform: - OS: macOS 11.2 - Environment: JDK 1.8.0_{211},
Android SDK Platform 30 - IDE: Android Studio 4.1.2

JDK and Android SDK were installed on macOS with environment variables
configured, and development was conducted in Android Studio.

Project Setup: To improve efficiency, the OKHttp lightweight networking
framework was integrated for asynchronous request handling. EventBus was
incorporated for cross-thread event passing, as Android prohibits UI updates
from background threads. Both dependencies are open-source and were added
via build.gradle. The APP project structure is shown in [Figure 8: see original
paper].

Image Capture and Upload: For maximum compatibility, the APP locks
screen orientation to portrait. Android’s Camera API captures image frames
in NV21 format, which are converted to Bitmap, compressed to 640$×$480
pixels, encoded as Base64 strings, and uploaded to the server via OKHttp in a
background thread.

User Interface Implementation: When server-returned confidence exceeds
a threshold, the APP displays fish information. Recognition results are received
in a background thread, distributed via EventBus, and rendered on the main
UI thread. The APP interface is shown in [Figure 9: see original paper].

4.3 System Testing

Test Environment: - Software: Fish Online Recognition System V1.0 - Mobile:
Redmi K40 - Server: Lenovo desktop with Intel i7-8700 and NVIDIA GTX1650 -
Network: Campus wireless LAN - Lighting: Laboratory 40W fluorescent lighting

Test Method: Timing code was inserted to measure model inference latency
and total round-trip time from request to response. As shown in [Figure 10: see
original paper], the APP was installed on the Redmi K40, validation set images
were displayed on a monitor, and the phone’s rear camera captured images for
real-time recognition, with results and timing displayed on-screen.

Test Results: Testing under these conditions yielded the results in . The
APP achieves accurate fish recognition within hundreds of milliseconds, with
network transmission being the primary latency component—satisfying real-time
application requirements.

5 Conclusion and Outlook
This study addresses underwater fish real-time identification by providing a
comprehensive framework for model selection, training, and evaluation, and
proposes a remote recognition solution for Android mobile terminals with good
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extensibility for other image recognition tasks. The system is applicable to fish
education, aquaculture, and other scenarios requiring fish identification.

Key findings: (1) The DenseNet169-based model achieved the highest overall
F1-score of 0.9742, representing the optimal model. (2) The proposed remote
recognition solution demonstrates excellent performance and real-time capabil-
ity.

Future work should explore model compression and pruning techniques to fur-
ther improve inference efficiency while maintaining accuracy.
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