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Abstract. The underwater environment is intricate, and light stands as one of the foremost influences. 
When the model trained with fish pictures under ideal conditions is applied to real underwater 
recognition, the influence of light will challenge the recognition accuracy, and it is costly to collect 
new underwater fish datasets. In this paper, Data Augmentation is applied to enhance the model's 
accuracy for underwater fish recognition. This paper begins by introducing the Residual Network 
(ResNet) network and Data Augmentation techniques. It then presents the research idea including 
how to validate underwater effects on the model and the effectiveness of Data Augmentation to 
improve underwater fish identification accuracy, modeling, analyzes data on model performance 
above and underwater and finally draws conclusions of influences of Data Augmentation on 
underwater fish identification based on analysis. According to the experimental results, it is 
concluded that applying Data Augmentation to model training can improve model’s accuracy in 
underwater fish recognition. The significance of this method is that it not only saves the cost of a 
new datasets, but also makes the model better adapted to underwater fish recognition.  

Keywords: Data Augmentation; underwater fish recognition; ResNet; accuracy. 

1. Introduction 

Underwater environments are complex and variable, and illumination is one of the biggest changing 

factors. The variation of illumination has a considerable impact on image recognition, which may 

affect the recognition and detection accuracy of the model trained under ideal conditions for images 

in real situations [1]. In this paper, we would like to incorporate the perturbation of illumination as 

well as fish image samples from real scenes into the model training to improve the accuracy in real 

scenarios (underwater exploration, etc.) [2]. However, collecting new datasets requires a lot of cost, 

and collecting fish image samples under underwater dim conditions requires even more cost and has 

higher difficulty [3]. And the raw data are mostly taken under ideal conditions, which are far from 

the images in the real environment. Therefore, by augmenting the existing datasets and adding it to 

different types of ResNet for training, we can not only save the cost of new datasets, but also better 

adapt to the purpose of image recognition under real conditions.  

This paper firstly analyzes the structural characteristic of different types of ResNet networks, then 

introduces the advantages of Data augmentation technology and application scenarios, then 

introduces the general experimental idea of adding the transforms. RandomGrayscale function to add 

the perturbation of light, then models the fish recognition model with Data augmentation and presents 

and analyzes the results. 

2. Theoretical basis analysis 

2.1. ResNet 

The main forms of ResNet include ResNet18, ResNet34, ResNet50, ResNet101, and ResNet152, as 

depicted in Figure 1, each network consists of three primary sections: the input section, the output 
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section, and the intermediate convolution section. The intermediate convolution section comprises 

four stages, as depicted in the Figure 1. 
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Figure 1. Schematic diagram of different kinds of ResNet structures 

While ResNet variants exhibit a diversity of architectures, they all adhere to the structural 

characteristics outlined above. The distinctions between the networks primarily lie in the parameters 

of the blocks and the quantity of intermediate convolutional sections [4]. 

Network Input Section: In all ResNet networks, the input section features a substantial convolutional 

kernel with specification of 7x7, utilizing 64 filters and a stride of 2, followed by a max pooling 

operation with dimensions of 3x3 and a stride of 2. This initial processing step reduces the storage 

size substantially by transforming a 224x224 input image into a 56x56 feature map [5]. 

Intermediate convolution part of the network: The intermediate convolution section, depicted in the 

curly-bracketed portion in the accompanying figure, is responsible for information extraction by 

stacking various convolutional layers. The specifics of the block parameters and the quantity of 

intermediate convolution sections vary across each network [6]. The notation x2, x3, and so on in the 

figure signify the number of repetitions of the block stacks. 

Residual block: Each residual block contains two or three convolutional layers, and a direct 

connection across the Each residual block consists of either two or three convolutional layers, with a 

direct connection established between these layers. For a two-layer residual block (called a basic 

block), the input is first passed through a convolutional layer (usually a 3x3 convolution), then 

through a ReLU activation function, then through another convolutional layer, and finally added to 

the original input (dimensionally matched by a constant mapping or a 1-by-1 convolution) [7]. In 

three-layer residual networks, an additional 1x1 convolutional layer is incorporated in the middle to 

decrease the channel count and consequently reduce the computational workload. 

2.2. Data Augmentation 

2.2.1. Concept of Data Augmentation 

Data Augmentation is a widely employed method for data processing, which is mainly used to solve 

the issue of insufficient data or data imbalance in machine learning and deep learning. The core idea 

of Data Augmentation is to generate new data samples by transforming the existing data to a certain 

extent, so as to expand the size of the datasets and the diversity of the samples in order to improve 

the generalization ability of the model [8]. 
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2.2.2. The main advantages of Data Augmentation 

Improve the generalization ability of the model by generating more samples, it allows models to better 

grasp the distribution characteristics of the data, thus improving its performance on unseen data [9]. 

Dealing with the problem of insufficient data in practical applications, data collection and labeling is 

a very time-consuming and laborious process, and Data Augmentation has the potential to enhance 

model performance when data is scarce [10]. 

2.2.3. Application in this paper 

this paper applies the Data Augmentation technique to underwater fish identification by simulating 

the underwater dim environment through Data Augmentation and adding perturbations to the model 

training, which not only doesn't need to spend too much cost to collect a new dataset, but also makes 

the trained model more experimental for fish detection in the actual underwater environment. 

3. Experimental Idea Design 

In this paper, the function transforms. Random Grayscale is used as a variable to be added or removed 

in valid set and train set for experimental purposes. See 3.1, 3.2, 3.3, 3.4 for details. The rough 

flowchart is as follows in figure 2. 

 

Figure 2. Flowchart of experimental ideas 
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3.1. Simulates underwater darkness by Data Augmentation 

Data Augmentation using the transforms. Random Grayscale function can simulate dim conditions in 

underwater environments seen in figure 3, and this technique can provide underwater fish data that is 

closer to the real situation for the training of fish detection models. 

 

Figure 3 Image under transforms Random Grayscale processing 

Underwater, light is affected by water refraction and reflection, making it difficult for light to 

effectively penetrate the water surface, resulting in low light intensity and dim underwater 

environments, which will have an impact on the performance of the actual image recognition task. 

By randomly converting the original datasets into a grayscale image through this function, this light 

change can be effectively simulated, making the datasets more relevant to the real underwater 

environment. 

3.2. Differences in the effectiveness of models trained with the original datasets 

Random Grayscale function is added to the valid set, while the train set maintains the original images 

under ideal conditions, on which the model is trained. The method simulates whether the model under 

the training of the original ideal datasets, put into the real environment of the image classification 

situation will appear a decline in accuracy, if the accuracy of the decline, it indicates that the lack of 

the real dim environment of the datasets trained model in the actual image classification, there will 

be a decline in accuracy, resulting in the decline of the detection ability. If there is no change in the 

accuracy, it means that the model trained from the fish datasets under ideal conditions can be directly 

commissioned to the underwater dim environment for fish recognition work. 

3.3. The effect of adding data-augmented images 

This paper first tests the effect of adding data-augmented images under dim conditions in the train set 

for training on the recognition effect under real dim conditions. Random Grayscale function is also 

added to the train set and trained on the basis of the dim underwater environment that has been 

simulated for actual detection in 3.2. This method simulates the performance of the model trained 

under Data Augmentation when it is put into operation to recognize fish in the actual underwater 

environment. If there is an improvement in the accuracy compared to the data in 3.3, it means that 

the model trained with the Data Augmentation has an improvement in recognizing fish in real dim 

conditions, which is conducive to improving the performance of the model when it is put into the real 

recognition work. If there is no change in the accuracy, it means that the model trained with the Data 

Augmented to simulate the underwater dim environment added to the datasets has no improvement 

in the accuracy of underwater fish identification. 

Then the effect of adding data-augmented images under dim conditions in the train set for training on 

the recognition of high-brightness, high-resolution images has been tested. The datasets under ideal 

conditions in the valid set is unprocessed, while the transforms.RandomGrayscale function is added 

to the train set. This method simulates the performance of fish identification under ideal conditions 

(fish identification on the water) for the model trained with the data added under dim conditions. If a 

large difference is obtained from the model trained with the original data in both the train and valid 

sets (in-water fish identification model trained with fish data under ideal conditions), it means that 

the model trained with different data sets under different conditions should be selected according to 



 

115 

different fish identification application scenarios. If there is no large difference, it indicates that 

according to different fish recognition application scenarios, the models trained from datasets under 

different conditions should be selected to have less impact on the recognition accuracy. 

4. Modeling and Experimental Results and Analysis 

4.1. Modeling 

Firstly, build the datasets Train set and valid set, see 4.2 for details, by adding the 

transforms.RandomGrayscale function to the datasets can simulate different scenarios of fish 

recognition applications; import ResNet (18, 34, 50, 101, 152) from models; then initialize the model, 

freeze the parameters of ResNet and change only the model output layer, then set the optimizer and 

create a PT file to record the time elapsed, train loss,valid loss, train acc and valid-acc as well as 

optimizer rate for each Epoch during training; start training the model by placing the data and labels 

into the GPU, followed by 20 Epochs and display the results; finally add training, unfreeze all the 

layers of the model then load the parameters trained in the previous 20 Epochs, and then train for 

another 20 Epochs. The operation flow chart is as follows in figure 4. 

 

Figure 4. Flowchart of modeling code 
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4.2. Introduction to the dataset 

The datasets are from kaggle at https://www.kaggle.com/datasets/markdaniellampa/fish-dataset. The 

total number of images in this datasets is 11,165, of which the train set contains 8,509 and the valid 

set contains 2,656, containing the following 31 species Fish (Bangus, Big Head Carp, and Black 

Spotted Barb,etc.) [11]. 

4.3. Experimental data and analysis 

4.3.1. Performance of the model trained on the original datasets applied in practice 

The transforms.RandomGrayscale function is added to the valid set, while the train set maintains the 

original images under ideal conditions, on which the model is trained. The method simulates the 

performance of the model under the training of the original ideal datasets, put into the real 

environment, and compares it with the model trained with the original datasets (simulated fish 

recognition on water with the ideal condition datasets).The test consisted of 4 scenarios as follows, 

Scenario1: The data set is not processed and only the output layer is changed; Scenario2: Data sets 

are not processed and all layers are unfrozen (training is added on top of changing only the output 

layer); Scenario 3: The valid set randomly reduces the luminance p=0.5 and only changes the output 

layer; Scenario 4: Valid set randomly reduces brightness by p=0.5 and unfreezes all layers (adding 

training on top of changing only the output layer). The test results are presented in Table 1. 

Table 1. Comparison of the accuracy between processed valid set and unprocessed train set 

 Scenario1 Scenario2 Scenario3 Scenario4 

ResNet18 0.404580 0.639040 0.299164 0.464922 

ResNet34 0.430752 0.681934 0.331516 0.541985 

ResNet50 0.513631 0.679389 0.382770 0.565613 

ResNet101 0.503453 0.529262 0.383497 0.476190 

ResNet152 0.521628 0.657943 0.389676 0.502363 

 

And the diagram is shown in figure 5. 

 

Figure 5. Bar chart of Table1 

Based on the information provided in Table 1 and Figure 5, this paper can derive the following 

observations and conclusions: 
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(1) Regardless of whether the datasets are processed or not, or which ResNet network is used, the 

accuracy of the model trained using the unfrozen ResNet surpasses the accuracy achieved before 

unfreezing, particularly when dealing with datasets that have not processed, the accuracy of the model 

trained by the ResNet34 improves most obviously, up to 25%. This suggests that with this fish dataset, 

the models trained by the unfrozen ResNet network are more effective for fish recognition, regardless 

of the environment in which they are located. 

(2) The models trained with ResNet50 gave roughly the best results regardless of whether the datasets 

were processed or not, and regardless of whether the ResNet was unfreezing or not. This suggests 

that with these datasets, model training for fish identification is not positively correlated with the 

number of ResNet network layers, and that using a neural network with too many layers can lead to 

problems such as overfitting and high computational costs, thus allowing the use of ResNet50 with a 

moderate number of layers. 

(3) Regardless of whether ResNet is unfrozen or not, the accuracy of the model trained with the valid 

set processed is significantly less than the accuracy of the model trained without the processed 

datasets. This indicates that when the model trained from the datasets under ideal conditions is applied 

to the actual dim underwater environment, the accuracy will be significantly degraded under the 

interference of the lighting factor. 

4.3.2. The effect of adding data-augmented images in both the train and valid sets 

RandomGrayscale function in both the train and valid sets, this method simulates the performance of 

the model trained by adding fish images under real dark conditions and transporting them underwater, 

and compares the accuracy of the trained model (which simulates fish identification under ideal 

conditions) with that of the model trained by adding only the transforms.RandomGrayscale function 

in the valid set. The test consisted of 4 scenarios as follows, Scenario1:The valid set randomly reduces 

the luminance p=0.5 and only changes the output layer;Scenario2:The valid set randomly reduces 

brightness by p=0.5 and unfreezes all layers (adding training on top of only changing the output 

layer);Scenario3:The train and valid sets are trained with random brightness reduction samples p=0.5 

and only the output layer is changed;Scenario4:Both train and valid sets are trained with random 

brightness reduction samples p=0.5 and all layers are unfrozen. The test results are presented in Table 

2 below. 

Table 2. Comparison of accuracy of simultaneously processed train and valid sets 

 Scenario1 Scenario2 Scenario3 Scenario4 

ResNet18 0.299164 0.464922 0.354417 0.573610 

ResNet34 0.331516 0.541985 0.393312 0.628499 

ResNet50 0.382770 0.565613 0.444202 0.628499 

ResNet101 0.383497 0.476190 0.447110 0.474009 

ResNet152 0.389676 0.502363 0.458379 0.506725 

 

And the diagram is shown in figure 6. 
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Figure 6. Bar chart of Table2 

Based on the information provided in Table 2 and Figure 6, we can derive the following observations 

and conclusions: 

(1) The accuracy of the model trained by adding the transforms.RandomGrayscale function to both 

the train set and the valid set is improved compared to the model trained by adding the 

transforms.RandomGrayscale function to the valid set only. RandomGrayscale function in the valid 

set. This shows that the model trained with the augmented datasets has the effect of improving the 

recognition in real dim conditions, which is conducive to improving the effectiveness of the model to 

be put into the real recognition work. 

(2) On the basis of the conclusion obtained in (1), the Augmentation effects of ResNet18, ResNet34, 

and ResNet50 are more obvious, while the Augmentation effects of ResNet101 and ResNet152 are 

smaller. This indicates that on the basis of this datasets, the Data Augmentation with 

transforms.RandomGrayscale function to simulate the images of real underwater environment has a 

better Augmentation effect for the ResNet network with low number of layers. 

(3) The models trained with ResNet50 give roughly the best results regardless of whether the datasets 

are processed or not, and regardless of whether ResNet is unfrozen or not. This suggests that the 

method of Data Augmentation based on this datasets, using the transforms.RandomGrayscale 

function to simulate images of real underwater environments, is more suitable for ResNet50. 

4.3.3. The effect of adding data-augmented images in the train sets 

The datasets under ideal conditions in the valid set is unprocessed, while the transforms. 

RandomGrayscale function is added to the train set. This method simulates the performance of fish 

recognition under ideal conditions (over-water fish recognition) for the model trained with the Data 

Augmentation under dim conditions. The test consisted of 8 scenarios as follows, Scenario1:No Data 

Augmentation and only the output layer is changed; Scenario2: No Data Augmentation and unfreeze 

all layers;Scenario3:Train set with Data Augmentation (p=0.5) and only changes the output layer of 

network; Scenario4:Train set with Data Augmentation (p=0.5) and unfreezing all layers of network; 

Scenario5: Train set with Data Augmentation (p=0.8) and only changes the output layer of network; 

Scenario6: Train set with Data Augmentation (p=0.8) and unfreezing all layers of network; Scenario7: 

Train set with Data Augmentation (p=0.2) and only changes the output layer of network; Scenario8: 

Train set with Data Augmentation (p=0.2) and unfreezing all layers of network. The test results are 

presented in Table 3. 
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Table 3 Comparison of the accuracy between processed train set and unprocessed valid set 
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And the diagram is shown in figure 7. 

 

Figure 7. Bar chart of Table3 

Based on the information provided in Table 3 and Figure 7, we can derive the following observations 

and conclusions: 

(1) When the probability of transforms.RandomGrayscale function p=0.2, the model trained by 

ResNet network with lower number of layers has a good lifting effect. This indicates that, based on 

this datasets, the over-water fish recognition model can be trained using a ResNet network with a 

lower number of layers and adding Data Augmentation of the transforms.RandomGrayscale function 

to improve the accuracy of over-water fish recognition. 

(2) When the probability of the transforms.RandomGrayscale function is p=0.5 and 0.8, the accuracy 

of the model trained by the ResNet network in the over-water fish identification is generally 

decreasing. This suggests that the model applied to fish recognition on water should choose a smaller 

value of p when using the Data Augmentation of transforms.RandomGrayscale as a way to enhance 

the accuracy of recognition. Although the model trained at p=0.5 has an Augmentation effect on fish 

recognition in underwater dim environment, the fish recognition accuracy on water decreases, 
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therefore, in different fish recognition scenarios, the model trained under different conditions should 

be selected to adapt to the interference of the environment on the fish recognition accuracy. 

5. Conclusion 

Due to the differences in lighting conditions, applying models trained using fish images under ideal 

conditions on water directly to real dim environments underwater can lead to a decrease in recognition 

accuracy. Data Augmentation using the transforms.RandomGrayscale function to simulate fish 

images under underwater dim conditions is an effective strategy. In this way, the model can be 

exposed to more data similar to the real underwater environment in the training phase, thus improving 

its accuracy in recognizing fish in underwater dim environment in real applications. Compared with 

collecting a large number of underwater fish images in real environments, this Data Augmentation 

method is not only less costly, but also achieves similar results, providing a more convenient and 

economical option for practical applications. In addition, when dealing with the fish recognition task 

on water, the transforms.RandomGrayscale function with lower p-value can still be utilized for Data 

Augmentation to improve the accuracy of fish recognition on water. Finally, in different fish 

recognition scenarios, the models trained under different conditions should be selected to adapt to the 

interference of the environment on the fish recognition accuracy. 
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