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Abstract 

The environment of Indian Ocean fishing grounds is complex, and it is difficult for 
traditional fishing situation forecasting methods to extract effective features from the 
data of fishing grounds influencing factors. A fusion deep learning model ResNet-BiGRU 
-Attention is proposed to realize the prediction of the CPUE (catch per unit effort) of the 
albacore tuna fishery in the Indian Ocean. First, use ResNet (residual neural network) to 
extract the feature data of influence factors within a single fishing ground to obtain one-
dimensional feature data that matches the CPUE value of the fishing ground, and then 
use BiGRU (bidirectional gating recurrent unit) to predict the CPUE value of the fishing 
ground, and finally use the Attention mechanism to accelerate the model convergence 
using weight distribution. Realize the optimization of the model, and use the same data 
to conduct comparative experiments on different models. The results show that: 
compared with the traditional prediction model multi-layer back -propagatio (BP) 
network, the absolute error decreases by 0.0306 and the root-mean -square error 
decreases by 0.0292. Compared with CNN-GRU-Attention, the absolute error is 0.0065 
lower and the root-mean-square error is 0.025 lower. The experimental results prove 
the effectiveness of the ResNet-BiGRU-Attention model, and provide a new idea for the 
method of prediction of fishery. 

Keywords 

Prediction of Fishery; Deep Learning; CPUE. 

 

1. Introduction 

After long-term continuous development, longline albacore fishery has become one of the most 

important industries in China's oceanic fisheries [1]. In the study of the factors affecting albacore tuna 

fishing grounds, Setiawati et al. combined the statistical methods of geographic information system 

(GIS) and generalized additive models to analyze sea surface temperature (SST), sea surface 

chlorophyll (Chla) and sea surface height deviation (SSHD) Impact on the resources of bigeye tuna 

[2]. Zainuddin et al. studied the relationship between albacore tuna fishing grounds and ocean 

conditions based on a generalized linear mixed model. Sea surface temperature (SST), sea surface 

chlorophyll (Chla) and sea surface height deviation (SSHD) have a greater impact on albacore tuna 

fishing grounds [3]. Secondly, tuna has obvious vertical distribution characteristics [4,5], and the 

catch rate of tuna and the formation of fishing grounds are also affected by vertical space [6]. 

In the use of neural network models for fishery forecast analysis, Aoki et al. [7] built a BP artificial 

neural network model with three hidden layers to predict the catch of sardines in the Far East of Japan; 

Hongchun Yuan proposed the CNN-GRU-Attention model . Using month, longitude, latitude, SSH, 

SST, Chla as input factors, use CNN to extract the characteristic data of influence factors within the 

fishing grounds, and then use GRU to predict the CPUE value of the fishing grounds, and finally use 
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the Attention mechanism to accelerate the model convergence using weight distribution , To achieve 

the optimization of the model [8]. 

Tuna is a highly migratory fish with high nutritional value, small quantity, many factors affecting its 

distribution, wide distribution, and also affected by a wide range of events such as El Nino, Rossby 

Bo, etc. There are many current methods, ranging from traditional statistical methods, to machine 

learning, to deep learning methods that have only recently been proposed. In addition to 

environmental factors, there are also fishing methods and fishing gear materials that affect the amount 

of fishing. Due to the large range of a single fishing ground, if the traditional fishing situation 

prediction method is used to average the environmental data of each point in the fishing ground to 

obtain the environmental data corresponding to the fishing ground, certain environmental data 

characteristics will be lost. At the same time, the changes in the internal environment of the fishing 

ground and the problem of over-fitting should be considered. Therefore, a ResNet-BiGRU-Attention 

model is proposed to achieve an effective prediction of the CPUE of the Indian Ocean albacore fishery.  

2. Data processing 

2.1 Data sources 

The fishery operation data is taken from the Indian Ocean Longline Fishing Data of the Indian Ocean 

Tuna Commission (IOTC). In order to exclude the influence of fishing methods and other technical 

factors, the Indian Ocean albacore fishery data from June 1993 to June 2019, which are basically the 

same fishing methods, are used. The time resolution is monthly. The data includes year, month, 

longitude, latitude, and hook. Number (thousand hooks), albacore tuna catch (tail), spatial resolution 

5°x 5°. Among them, the catch per unit fishing effort (CPUE) is the prediction parameter[9]. The 

calculation formula is as follows: 

Xcpue = A / H                                (1) 

In the formula: Xcpue—catch per unit effort, (ind/khooks); A—Catch, (ind); H—Number of hooks 

(khooks). 

The environmental elements related to the fishing grounds involved are sea surface temperature (SST), 

chlorophyll a concentration (Chla), sea surface height (SSH), and surface salinity (SSS). The data are 

all from the remote sensing data of the Copernicus Maritime Administration, with a resolution of 

1°x1°. 

This paper selected seven environmental factors as sea surface temperature (SST), chlorophyll a 

concentration (Chla), sea surface height (SSH), longitude, latitude, month, and sea surface salinity 

(SSS) as independent variables. 

2.2 Data normalization 

2.2.1 Independent variable 

The influencing factors are normalized to the interval [0.1,1] using formulas, so as to eliminate the 

adverse effects on the training model due to the different magnitudes of the data factors. The 

calculation formula is as follows: 

𝑥𝑛 =
𝑥𝑛−𝑥𝑚𝑖𝑛  

𝑥𝑚𝑎𝑥  −𝑥𝑚𝑖𝑛  
× 0.9 + 0.1                        (2) 

In the formula: 𝑥𝑛 represents the n data of a certain impact factor; 𝑥𝑚𝑎𝑥  represents the maximum 

value of the impact factor; 𝑥𝑚𝑖𝑛  represents the minimum value of the impact factor. 

2.2.2 Independent variable 

The method of calculating the initial value of CPUE: Find the maximum value of the monthly CPUE, 

and divide the monthly CPUE value by the maximum value of CPUE. 
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2.3 Sample set composition 

Due to the inconsistency of the spatial resolution between environmental data and fishery data, the 

average value of all 1x 1 environmental factor data in the 5°x 5° range is taken and then combined 

with the fishery data to obtain data set A, see Table 1.  

 

Table 1. Dataset A 

Year Month Latitude Longitude SSH SSS SST Chla CPUE 

1993 0.1 0.7428 0.388 0.734 0.862 0.878 0.150 0.00147 
: : : : : : : : : 

2019 0.509 0.1642 0.172 0.494 0.803 0.325 0.304 0.00340 

 

Taking 36 pieces of 1°x 1° environmental data in the range of 5°x 5° and CPUE as a sample, we get 

data set B, see Table 2. 

Table 2. Dataset B 

Year Month Latitude Longitude SSH SSS SST Chla CPUE 

1993 0.1 0.7 0.377 0.618 0.914 0.847 0.117 0.00147 

1993 0.1 0.7 0.383 0.618 0.914 0.848 0.116 0.00147 

: : : : : : : : : 

2019 0.509 0.22 0.197 0.505 0.907 0.462 0.168 0.00337 
2019 0.509 0.22 0.204 0.524 0.914 0.505 0.176 0.00337 

 

Month, longitude, latitude, SST, SSH, Chla, SSS are the training parameters, and the monthly CPUE 

is selected as the prediction parameter. Sort data sets A and B according to year, month, longitude, 

and latitude to obtain data sets A1, B1, and A2, B2 according to year, month, latitude, and longitude 

respectively. Use A1, B1 and A2, B2 to train on the model separately, the purpose is to eliminate the 

chance of a single experiment leading to the experimental results. Since the time length of the entire 

data set is 26 years, the 4 data sets are divided into training set, validation set, and test set according 

to the ratio of 8:1:1. 

3. Deep learning model 

3.1 ResNet 

The residual network is a convolutional neural network proposed by 4 scholars from Microsoft 

Research. The characteristic of the residual network is that it is easy to optimize and can increase the 

accuracy by adding considerable depth. The internal residual block uses jump connections to alleviate 

the problem of gradient disappearance caused by increasing depth in the deep neural network [10], 

see Fig. 1.  

 

Fig. 1 ResNet 

3.2 BiGRU 

GRU is a very effective variant of the LSTM network. It has a simpler structure than the LSTM 

network, and the effect is also very good, so it is also a very manifold network at present. Since GRU 

is a variant of LSTM, it can also solve the long dependency problem in RNN networks. Three gate 

functions are introduced in LSTM: input gate, forget gate and output gate to control the input value, 

memory value and output value. In the GRU model, there are only two doors: the update door and 

the reset door. It can better capture long-distance dependencies, and learn what information to 
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remember and what information to forget through the training process. BiGRU is based on the 

positive and negative two-layer GRU neural network. This model can better capture bidirectional 

semantics. Here, BiRGU is used to preserve the bidirectional change characteristics of the data, see 

Fig. 2.  

 

Fig. 2 BiGRU 

3.3 ResNet-BiGRU-Attention 

First, the ResNet-BiGRU-Attentionm model takes all months, longitudes, latitudes, Chla, SSS, SSH, 

and SST within each fishery range as input data. Then the feature vector is extracted through ResNet, 

and then combined with the CPUE corresponding to the fishing ground to synthesize new time series 

data, and the time series prediction is made through the BiGRU model. Finally, the Attention layer is 

used to extract the weight of each hidden layer, and combined with the output of each hidden layer 

of BiGRU as the feature expression of the sample, see Fig. 3. 

 

 

Fig. 3 ResNet-BiGRU-Attention 

4. Test results 

The absolute error (XMAE) and the root-mean-square error (XRMSE) are used as the standard to evaluate 

the performance of each neural network model. The calculation formula is as follows: 

𝑋𝑀𝐴𝐸 =
1

𝑛
× ∑ |𝐶𝑡 − 𝑅𝑡|𝑛

𝑡=1                            (3) 

𝑋𝑅𝑀𝑆𝐸 = √
1

𝑛
× ∑ (𝐶𝑡 − 𝑅𝑡)2𝑛

𝑡=1                          (4) 

Ct is the predicted value; Rt is the true value. The smaller the XMAE, the more accurate the model 

prediction; the smaller the XRMSE, the more stable the model prediction performance. The 

experimental results see Table 3. 
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Table 3. Comparison of error results 

Data set Model MAE RMSE 

A1 BP 0.1774 0.2684 
B1 CNN-GRU-Attention 0.1571 0.2573 
B1 ResNet-GRU-Attention 0.1468 0.2451 
B1 ResNet-BiGRU-Attention 0.1506 0.2323 
A2 BP 0.1833 0.2650 
B2 CNN-GRU-Attention 0.1554 0.2521 

B2 ResNet-GRU-Attention 0.1531 0.2475 
B2 ResNet-BiGRU-Attention 0.1527 0.2358 

 

5. Conclusion 

According to the comparison between ResNet-GRU-Attention and CNN-GRU-Attention, both mae 

and rmse are reduced, indicating that by deepening the depth of CNN, the extracted environmental 

features are more effective in predicting fishing grounds. At the same time, ResNet is used to prevent 

overfitting caused by gradient explosion and too many parameters, and the stability of the model also 

increases. Comparing ResNet-GRU-Attention and ResNet-BiGRU-Attention, it is found that mae is 

basically unchanged, while rmse is reduced. This shows that one-way extraction of environmental 

factor change features at different locations and two-way extraction of environmental factor change 

features do not greatly improve the prediction accuracy of the model, but it can improve the stability 

of the model to a certain extent. 
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