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Abstract  41 

Fish school feeding behavior analysis based on images can provide important information for 42 

aquaculture managers to make effective feeding decision. However, it is a challenging task due 43 

to intra-class variation, cross-occlusion, and unbalanced image categories in real high-density 44 

industrial farming. At present, most of the existing works on fish school feeding behavior are 45 

limited because they seem to ignored the spatial relationship between the region of interest in 46 

fish feeding images. To address this research gap, we propose a dual attention network with 47 

efficientnet-b2 for fine-grained short-term feeding behavior analysis of fish school. The 48 

algorithm includes EfficientNet-B2 network and two parallel attention modules, which focus 49 

on the feature extraction of the feeding region. In addition, several training strategies, such as 50 

mish activation function, ranger optimizer, label smoothing, and cosine annealing, are 51 

employed to improve the algorithm performance. Especially, label smoothing technique is used 52 

to address the problem of image class imbalance. To evaluate the effectiveness of our method, 53 

performance of proposed algorithm is analyzed on fish school feeding behavior dataset and it 54 

is also compared with benchmark Convolutional Neural Networks (CNNs) including AlexNet, 55 

VGG, Inception, ResNet, Densenet, SENet, and MobileNet. Comprehensive experimental 56 

results show that proposed algorithm achieves very good results in terms of the accuracy (the 57 

test accuracy is 89.56% on datasets), precision, parameters and floating point operations per 58 

second (FLOPS), compared with the benchmark classification algorithm. Therefore, we 59 

proposed method can be integrated into aquacultual vision system to guide farmers to plan their 60 

feeding strategy. 61 

Keywords Fish feeding behavior; Dual attention network; EfficientNet-B2; Aquaculture. 62 
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1. Introduction 63 

In the intensive industrial farming environment, feeding optimization is a primary factor for 64 

improving breeding efficiency and reducing costs since feeding control method directly affect 65 

the feed conversion rate (Wu et al., 2015). At present, feeding is still mainly based on the 66 

farmers experience. However, these manual methods have the disadvantage of low efficiency 67 

and high labor intensity. With rapid development of the Internet of Things, big data, cloud 68 

computing, artificial intelligence, and robots, precision feeding will provide a potential solution 69 

for aquaculture. It enables the transformation of experience-driven traditional methods to 70 

knowledge-driven methods, which can improve the aquaculture production efficiency and 71 

achieve sustainable development (Føre et al., 2017). Therefore, using intelligent technologies 72 

to analyze fish school feeding behavior has become an indispensable technical means for 73 

determining fish feeding demands (Zhou et al., 2018) because it will support farmers to adopt 74 

the intelligent feeding management strategies to improve production efficiency and reduce feed 75 

waste (Yang et al., 2020).  76 

Due to the availability of big data and high-performance computing, deep learning 77 

techniques in artificial intelligence fields have remarkable breakthroughs in image 78 

classification (He et al., 2016), speech recognition (Gemello et al., 2014), and natural language 79 

processing (Young et al., 2018). Inspired by them, deep learning techniques have been widely 80 

used for fish species identification (Miyazono and Saitoh, 2018; Tamou et al., 2018) and fish 81 

counting (Abe et al., 2017; Hernández-Ontiveros et al., 2018). Two types of methods, 82 

individual-based and group-based, are commonly applied in fish behavior analysis. Individual-83 

based fish behavior analysis techniques can be used to monitor the water quality environment, 84 
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individual fish abnormal and feeding behavior. Group-based methods mainly focus on 85 

analyzing fish school feeding behavior.  86 

In individual fish behavior analysis, numerous studies employ deep learning method to 87 

track the individual fish in controllable laboratory conditions (Fig. 1 (a-f)), and then behavior 88 

characteristic parameters including swimming speed and direction are extracted from tracking 89 

trajectories (Chuang et al., 2017; Huang et al., 2018; Jonas et al., 2017; G. Wang et al., 2017). 90 

Result of behavior analysis depends on accuracy of individual fish detection and tracking. 91 

However, it is difficult to detect and track individual fish in fish school due to intra-class 92 

variation, cross-occlusion in real industrial aquaculture environment (high-density). Hence, fish 93 

school feeding behavior analysis as an alternative method has become a research focus as it 94 

only needs to consider the global information in the image and it doesn’t require accurate 95 

tracking of individual fish.   96 

For fish school feeding behavior analysis, numerous studies use traditional method to 97 

extract target feature for determining the feeding index, such as background subtraction (Sadoul 98 

et al., 2014; Ye et al., 2016; Zhao et al., 2016; Zhou et al., 2017), and optical flow techniques 99 

(Ye et al., 2016; Zhao et al., 2016). These methods can accurately and objectively capture every 100 

moment of the entire feeding process, but extracted indicator needs to implement background 101 

segmentation and target extraction, resulting in longer computational times and higher error 102 

rate. Especially, background modeling based on foreground segmentation (BMFS) is affected 103 

by the color of the image background and water surface reflection noise (Zhao et al., 2016). 104 

Moreover, when the whole region of tank is covered with fish school, the inability of fish to 105 

move makes it difficult to accurately measure group behavior (Fig. 1 (g, h)). To address above 106 
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problems, only few studies have focused on analyzing the fish school feeding behavior by using 107 

deep learning techniques (Måløy et al., 2019; Zhou et al., 2019). Among them, a LeNet method 108 

based on Convolutional Neural Networks (CNN) is used to evaluate fish appetite (Zhou et al., 109 

2019), which achieves accuracy of 90% on test dataset and enables to solve problem of low 110 

efficiency and low objectivity.  111 

 112 

Fig. 1. Example Images of Fish Behavior Analysis (Yang et al., 2020). (a–f) Individual behavior 113 

analysis (g, h) Fish school behavior analysis. 114 

However, the performance of CNN method proposed about above studies is limited as they 115 

ignore the spatial relationship between the region of interest in fish school feeding image. In 116 

real high-density farming, image quality acquired is normally very poor due to low image 117 

contrast, poor light and high noise. At the same time, there are serious occlusion, and overlap 118 

between individual fish in different feeding stages. These factors make deep learning algorithm 119 

unable to accurately extract the edge contour information of individual fish, resulting in the 120 

poor accuracy of fish school feeding behavior recognition. Moreover, in different stages before 121 

and after feeding, each type of image amount acquired is significantly imbalanced. As a result, 122 

the model can be more inclined to recognize image categories with large samples in the training 123 

process. Consequently, the model developed cannot be transferred into the real application 124 
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farming scenario due to its poor accuracy performance.  125 

To address above mentioned challenges, this study introduces a fine-grained identification 126 

method to analyze fish school behavior by incorporating fish school aggregation and contextual 127 

information in different feeding stages. A dual attention network based on EfficientNet-B2 128 

(called DANet-EfficientNet-B2) is proposed. An attention mechanism is introduced to capture 129 

feature dependencies in fish school feeding image. More specifically, two parallel attention 130 

modules including spatial and channel attention, is appended on the top of the EfficientNet-B2 131 

model. Therefore, our proposed method focuses on feature representation of specific feeding 132 

regions to avoid the influence of non-feeding regions. To evaluate the performance of image 133 

identification, our proposed method was conducted to five categories datasets from real farming 134 

environment. The experimental results show that the recognition accuracy reaches 89.56% on 135 

test datasets. We also compared the performance of the DANet-EfficientNet-B2 method with 136 

other state-of-the-art baseline methods and found that its performance outperforms existing 137 

baseline approaches. This demonstrates that our method is more effective in analyzing complex 138 

and dense fish school feeding images.  139 

2. Materials and methodology  140 

Data acquisition and preprocessing, benchmark image identification method, and our proposed 141 

behavior identification method are presented in appropriate subheadings. In data acquisition 142 

and preprocessing, a feeding behavior recognition datasets of fish school derived from real 143 

recirculating aquaculture environment is described to evaluate algorithms performance. Then, 144 

a DANet-EfficientNet-B2 model with self-attention mechanism is proposed to enhance 145 

discriminant ability of feeding region features, which is more effective and suitable for training 146 
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datasets. In this section, our study also assesses the model training results using advanced 147 

training strategy, such as mish activation, ranger optimizer, cosine annealing.  148 

2.1. Data acquisition and preprocessing 149 

2.1.1. Image acquisition 150 

Experiments for fish (Oplegnathus punctatus) feeding behavior identification was carried out 151 

in the real industrial recirculating aquaculture of Laizhou Mingbo Co., Ltd. in Shandong 152 

Province. B1 culture pond (a total of 44 culture pond) in the thirteenth workshop was chose to 153 

collect the dataset. The pond size is 6m × 6m × 1.3m, and the water depth is about 80cm. The 154 

RGB camera is installed at the top above the pool. The distance between the installation position 155 

of the surveillance camera and the ground is 2.2m, and the distance from the outer wall of the 156 

pool is 1.35m, as shown in Fig. 2. The camera obtains images at a rate of 24 frames per second, 157 

and then images obtained are transferred to the computer. In this experiment, we mainly acquire 158 

images from three stages including 20 minutes before, during, and after feeding. 159 

Since the workshop culture mode is recirculating seawater culture, the water temperature 160 

range is 22-25°C and dissolved oxygen is maintained at a constant value of 4.69 mg/L. The 161 

number of the fish in the B1 culture pond is about 1500, and the mass of each fish is about 162 

0.5kg (the weight is weighed every 1 month). Farmers feed fish twice a day, around 8.00 am 163 

and 3.30 pm, and the feeding quantity is about three kg each time. It is worth noting that the 164 

lights in the workshop need to be turned on 20 minutes before each feeding to give fish a signal 165 

that they are about to be fed. 20 minutes after feeding, the light is turned off.  166 
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  167 

Fig. 2. The structure of the experimental system. 168 

2.1.2. Image preprocessing   169 

A total of 17 videos clips were collected from 12 days during the fish school feeding period. 170 

All videos based on dates are divided into training, validation and test. To improve the 171 

generalization ability of the algorithm and the richness of the dataset on three subsets, we ensure 172 

that each video only appear in one of the three subsets. And then all videos are converted into 173 

images by using python code, intercepting a frame every second. Finally, 15150 images are 174 

obtained, 6897 for training, 4905 for validation and 3348 for testing. The number of images in 175 

each category is shown in Table 1. According to the characteristics of image presentation during 176 

feeding, images on each video were divided into 5 categories: feeding-before, frightening 177 

behavior, feeding-start, feeding behavior and post-feeding. The characteristics of each type of 178 

image are following:  179 

Feeding-before - Twenty minutes before feeding, the lights in the workshop are turned on by 180 

the farmer. During this period of time, the fish movement shows a regular and uniform 181 

distribution. Due to the high density of fish, only a few fish appear cross-occlusion phenomenon 182 

as shown in Fig. 3 (a). 183 

Frightening behavior - The feeding process is completed by manual feeding. When the farmer 184 
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approaches the pond, the fish shows flee due to human disturbance as shown in Fig. 3 (b). 185 

Feeding-start - When the feed is scattered into the pond, bubbles are generated on the surface 186 

of the water, and the feed floats on the surface of the water. Gradually, the feed sinks to the 187 

bottom of the pond. In this case, the entire image may show a small amount of fish and a large 188 

amount of feed, as shown in Fig. 3 (c). 189 

Feeding behavior - Generally, the feed is consumed in 2 minutes. When fish school feeding is 190 

strong, no feed particles appear in the image and only fish aggregation can be clearly seen as 191 

shown in Fig. 3 (d). 192 

Post feeding - After feed is consumed by fish, some fish have gathered and cross-occluded. 193 

Compared with before feeding, the fish movement within two minutes is irregular and the fish 194 

distribution was relatively uniform. In addition, due to the presence of leftover feed, the image 195 

shows the characteristic of fish aggregation as shown in Fig. 3 (e). 196 

 197 

Fig. 3. 5 Classification Images: (a) feeding-before; (b) frightening behavior; (c) feeding-start; (d) 198 

feeding behavior; and (e) Post feeding. 199 

 200 
 201 
 202 
 203 
 204 
 205 
 206 
 207 
 208 
 209 
 210 
 211 
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Table 1  212 

The number of each type of image on the training, validation and test dataset 213 

Dataset Feeding-

Before 

Frightening 

Behavior 

Feeding-

Start 

Feeding 

Behavior 

Post 

Feeding 

Total 

Number 

Train  1373 152 292 4087 987 6897 

Validation 676 331 333 2248 1312 4905 

Test  535 70 199 1817 772 3348 

Total number 2049 553 824 8143 3071 15150 

2.2. Image recognition method based on CNN 214 

AlexNet (Krizhevsky et al., 2012) has achieved the best results and breakthrough development 215 

since the ImageNet competition in 2012. After that, deeper and wider neural networks for 216 

reducing error rate are proposed and tested on the official ImageNet dataset to evaluate the 217 

performance of the algorithm, such as VGG (Zisserman, 2015), GoogLeNet (Szegedy et al., 218 

2015), Inception (Szegedy et al., 2014), ResNet (He et al., 2016), DensenNet (Huang et al., 219 

2017), SeNet (Hu et al., 2019). Among them, VGG and GoogleNet networks improve accuracy 220 

by adding small convolution kernels and increasing network depth. However, as the network 221 

depth becomes deeper, the gradient disappears and the gradient explosion during the training 222 

process can result in a decrease in training accuracy. To address above issue, ResNet increases 223 

the network structure depth by adding skip connections. ResNet 152 achieves 77.8% top-1 224 

accuracy, and is used by most researchers as a backbone network for other tasks. These methods 225 

have become increasingly more accurate on ImageNet dataset through deeper and wider 226 

network structure. 227 

In ConvNet Efficiency, the handcraft efficient mobile-size algorithms are proposed, such 228 

SENet, MobileNets (Howard and Wang, 2017), and ShuffleNets (Zhang et al., 2018). These 229 
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models don’t require complex compression algorithms and can achieve 82.7% top-1 accuracy 230 

with 145M parameters such as SENet. In 2018, neural structure search has become very popular. 231 

It can automatically adjust the depth, width, convolution kernel type and size of the network, 232 

and its efficient exceeds the hand-crafted mobile. Inspired by these algorithms, Tan and Le (Tan 233 

and Le, 2019) present a new scaling method, which uses highly effective compound coefficient 234 

to balance the model’s depth, width, and resolution. Moreover, a baseline network is designed, 235 

it is then scaled up to obtain a family of EfficientNets model. Proposed EfficientNet-B7 236 

achieves state-of-the-art 84.4% top-1 accuracy on ImageNet dataset. These models can be 237 

applied to other dataset, and achieve satisfactory accuracy. Therefore, this paper improves this 238 

approach by adding attention mechanism on top of CNNs for fish feeding behavior 239 

identification.  240 

2.3. Proposed method for fish school feeding behavior identification 241 

We present a general network framework of the improved EfficientNet-B2 called DAN-242 

EffcinetNet-B2 for fish school feeding behavior identification. The overall structure of the 243 

DAN-EffcinetNet-B2 algorithm is shown in Fig. 4. Proposed method mainly includes two parts: 244 

EfficientNet-B2 and attention mechanism module. Firstly, the collected videos/images are fed 245 

into the EfficientNet-B2 network. Then, the output feature vectors of the last layer are sent to 246 

channel attention and spatial attention respectively. Finally, to further elevate the feature 247 

representation, the output of two attention modules are fused to performs prediction of five 248 

types of images.  249 
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 250 

Fig. 4. An Overview of the Dual-attention Network based on EfficientNet-B2. The collected 251 
videos/images are fed into the EfficientNet-B2 network. Then, the output feature vectors of the last layer 252 
are sent to channel attention and spatial attention respectively. Finally, to further elevate the feature 253 
representation, the output of two attention modules are fused to performs prediction of five types of 254 
images. 255 

2.3.1. EfficientNet-B2 architecture 256 

Deeper convolutional network can capture richer and sophisticated features, and apply the 257 

learned knowledge to new tasks, but it is difficult to train model due to the gradient 258 

disappearance problem. Wider networks can be inclined to capture more fine-grained features 259 

and are easier for model training. When the network becomes wider, the model accuracy tends 260 

to be saturated quickly, making it difficult to capture high-level features. For higher resolution 261 

input images, convolutional network can potentially capture more fine-grained patterns. The 262 

idea of EfficientNet is to design a standardized convolutional network expansion method (Tan 263 

and Le, 2019). This method can balance the resolution, depth and width, so as to optimize the 264 

efficiency and accuracy of the network. Especially, the developed compound scaling method 265 

can use a composite coefficient ∅ to uniformly scale the network width, depth and resolution. 266 

depth: 𝑑𝑑 = 𝑎𝑎∅ 267 

width: 𝑤𝑤 = 𝛽𝛽∅ 268 
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resolution: 𝑟𝑟 = 𝛾𝛾∅         (1) 269 

s.t. 𝛼𝛼 ∙ 𝛽𝛽2 ∙ 𝛾𝛾2 ≈ 2 270 

   𝛼𝛼 ≥ 1,𝛽𝛽 ≫ 1, 𝛾𝛾 ≫ 1  271 

Where the constant 𝛼𝛼, 𝛽𝛽, 𝛾𝛾  can be obtained by small grid search. ∅  is the specified 272 

coefficient, which can be used to scale the model. The floating point operations per second 273 

(FLOPS) of a regular convolution operate is proportional to 𝑑𝑑,𝑤𝑤2, 𝑟𝑟2. Scale operation with 274 

equation increase total FLOPS to (𝑎𝑎 ∙ 𝛽𝛽2, 𝛾𝛾2)∅. To control computation cost, the value of 𝛼𝛼 ∙275 

𝛽𝛽2 ∙ 𝛾𝛾2 is fixed at 2, which makes the total FLOPS about 2∅. 276 

At the same time, a baseline network namely EfficientNet-B0 is proposed. It uses MBConv 277 

in MobileNet V2 as the backbone network of the model. It also uses the squeeze and excitation 278 

method in SENet to optimize the network structure. In addition, the neural architecture search 279 

is carried out to optimize both accuracy and FLOPS. The produced network is called 280 

EfficinetNet-B0. Then, compound scaling method is used to scale it up with two steps from 281 

EfficinetNet-B0. First, the value of ∅  is set to 1, and then a small grid search is performed 282 

based on above Equation 1. The optimal value for EfficientNet-B0 are 𝛼𝛼 = 1.2,𝛽𝛽 = 1.1, 𝛾𝛾 =283 

1.15 under the constraint of 𝛼𝛼 ∙ 𝛽𝛽2 ∙ 𝛾𝛾2 ≈ 2. Second, 𝛼𝛼, 𝛽𝛽, 𝛾𝛾 value are fixed, and scale up 284 

EfficientNet-B0 network with different ∅ using above Equation 1 to obtain EfficientNet-B1 285 

to B7. 286 

Due to the limited computing resources, we employ ImageNet-pretrained EfficientNet-B2 287 

as the baseline model for fish feeding behavior identification. The network structure of 288 

EfficientNet-B2 is shown in Fig. 5. Then, we add the attention module on top of EfficientNet-289 

B2, and the improved network is called DAN-EfficientNet-B2. Details of the DAN attention 290 
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module is introduced in 2.3.2. 291 

 292 

Fig. 5. The Network Structure of EfficientNet-B2 293 

2.3.2. Attention modules 294 

In an industrialized recirculating aquaculture, severe occlusion and aggregation occur during 295 

fish school feeding due to high-density. At the same time, due to the similarity among the 296 

individual fishes, the feeding behavior difference between fish school is small. These factors 297 

affect the recognition accuracy of fish school feeding status. We also find that the degree of fish 298 

school aggregation and dispersion are different at different moments, so there will be some 299 

differences between the images corresponding to the same label.  300 

The attention mechanism in computer vision can ignore irrelevant information and focus 301 

on key information. To capture rich contextual information, a dual attention network (DAN) 302 

based on self-attention mechanism is proposed by Fu. et. al (Fu et al., 2019). This method can 303 
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adaptively integrate local feature with their global dependencies, which have achieved better 304 

accuracy in image segmentation task. It includes two attention modules: position attention 305 

module and channel attention module, which can be used to capture rich contextual 306 

relationships to achieve better expression of inter-class features.  307 

As shown in Fig. 4, Pre-trained EfficientNet-B2 network is used as the backbone for 308 

representing pixel-level feature. Feature from EfficientNet-B2 network is fed into two parallel 309 

position and channel attention modules to generate new features. The position attention module 310 

uses the self-attention mechanism to capture the spatial dependence of the feature map between 311 

any two locations. Moreover, it can selectively aggregate and upgrade the feature at each 312 

position by a weighted sum of the features. The weight is determined by the feature similarity 313 

corresponding to the two positions. The channel attention module uses a self-attention 314 

mechanism to selectively emphasize the channel interdependent among all channel maps.  315 

The channel attention module and the position attention module follow three steps. The 316 

first step of position attention is to generate a spatial attention matrix in the spatial dimension, 317 

which can model the spatial relationship between any two pixels. As shown in Fig. 4 (A), local 318 

features in position attention module are sent to the convolutional layer to generate three new 319 

feature maps B, C, D. Then a series of operations is conducted on B and C to obtain the spatial 320 

attention map S, such as reshape, transpose, matrix multiplication, and softmax. However, 321 

different from position attention module, the channel attention module calculates the channel 322 

attention map X directly from the original features A through a series of operations, as shown 323 

in Fig. 4 (B). The second step is to perform matrix multiplication between the transpose of 324 

attention matrix S, transpose of attention matrix X and D, original features A. The third step is 325 
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to perform the element-wise sum operation on the result obtained in the second step and the 326 

original features to obtain the final feature expression E. Finally, the two attention mechanism 327 

modules are fused to further improve the feature expression, which helps to more accurate 328 

recognition of feeding behavior. 329 

2.3.3. Training strategy  330 

Label smoothing. The last layer of the image classification network is a fully connected layer. 331 

The size of the hidden layer K is equal to the number of labels. The neural network is trained 332 

to obtain the corresponding confidence, and then the probability value of the specific category 333 

is obtained through the sofmax function. The difference between the predicted value and the 334 

ground truth is calculated by the loss function. In this process, the target variable is usually a 335 

one-hot vector. The result of correct classification is one, otherwise the result is zero. However, 336 

they may be prone to over-fitting. Regularization techniques are normally used to solve the 337 

model overfitting problem in deep learning, but this method does not solve the model 338 

overconfidence problem. Therefore, the label smoothing technology is first proposed in the 339 

Inception-v2 network (Z. Zhang et al., 2019), which is essentially a regularization technique 340 

that changes the target variable.  341 

To solve the problem of overfitting and reduce model’s overconfidence caused by label 342 

misclassification, we used the Label Smoothing Cross Entropy Loss function, as shown in 343 

formula (2). 𝜀𝜀, 𝑐𝑐𝑐𝑐(𝑖𝑖), 𝑖𝑖,𝐾𝐾  represent small constant, Cross Entropy Loss function, correct 344 

classification, and total number of classes. Label smoothing through the ε value makes the 345 

classification result change from 1 or 0 to 1-ε and ε. Moreover, it limits the logit value of the 346 

correct class and makes it closer to the logit value of other classes.  347 
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 𝑐𝑐𝑟𝑟𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑒𝑒𝑒𝑒𝑟𝑟𝑐𝑐𝑒𝑒𝑒𝑒 𝑙𝑙𝑐𝑐𝑐𝑐𝑐𝑐 = (1− 𝜀𝜀)𝑐𝑐𝑐𝑐(𝑖𝑖) + 𝜀𝜀 ∑ 𝑐𝑐𝑐𝑐(𝑗𝑗)
𝐾𝐾

     (2) 348 

Ranger. The new optimizer Ranger combined with Rectified Adam (RAdam) optimizer (Liu et 349 

al., 2019) and LookAhead optimizer (M. R. Zhang et al., 2019) brings excellent performance 350 

in different deep learning tasks. Among them Rectified Adam can explicitly rectifies the 351 

variance of the adaptive learning rate based on derivations. This approach avoids the manual 352 

execution of the warm-up phase, and the training process is automatically stabilized. However, 353 

RAdam can only improve the optimization process at the beginning of network training. 354 

Lookahead can iteratively update two sets of weights with slow weights and fast weights. It 355 

first updates the fast weights using RAdam optimizer along the low curvature direction, then 356 

the slow weights are updated toward the fast weights by linearly interpolating to eliminate 357 

oscillation. Combination of fast weights and slow weights can reduce the variance and converge 358 

rapidly. Moreover, it is less sensitive to suboptimal hyperparameters so that lessens the need 359 

for extensive hyperparameter tuning. Therefore, ranger optimizer provides a new method for 360 

stable neural network training and stable convergence speed. Using Lookahead with RAdam 361 

optimizers can achieve faster convergence in fish feeding analysis task with minimal 362 

computation overhead. 363 

Mish. Similar to the swish activation, the mish activation is also a smooth and non-monotonic 364 

activation function. It is proposed by Misra (Misra, 2019), and achieved state of the art results 365 

on the cifar100 dataset. The specific expression is: 366 

𝑓𝑓(𝑥𝑥) = 𝑥𝑥 ∙ tanh (ln (1 + 𝑐𝑐𝑥𝑥)) (3) 367 

Mish mainly includes four properties: unbounded above, bounded below, smooth and non-368 

monotonic. These four features contribute to the improvement of function performance. 369 
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Unbounded above can avoid gradient disappeared due to network saturation. Bounded below 370 

can enhance the regularization effect of the network. Smoothing can make the network easier 371 

to optimize and improve the generalization performance. Non-monotonic can make some small 372 

negative inputs also retained as negative outputs, improving the network's expressivity and 373 

gradient flow.  374 

2.4. Result evaluation                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                        375 

The corrected classification of each type of sample plays an important role in the recognition 376 

of feeding behavior images. Generally, the accuracy is used to evaluate the overall performance 377 

of the algorithm, and it does not need to consider whether the predicted sample is positive or 378 

negative. When the class distribution of dataset is unbalanced, other indicators can be used to 379 

evaluate performance of model, such as precision, recall, and F1 Score. These indicators can 380 

be defined as follows: 381 

Accuracy: It is defined as the ratio of correctly classified images to the total number of fish 382 

school images.  383 

Accuracy = TP+TN
TP+FN+FP+TN

× 100%                     (4) 384 

Precision: It is defined as the average of correctly identified images to the total number of 385 

correctly and wrongly identified images. 386 

Precision =
TP

TP +  FP 
× 100%                                                     (5) 387 

Recall: It is defined as the average of correctly identified images to the total number of correctly 388 

and undetected identified images. 389 

Recall = Sensitivity =
TP

TP +  FN 
                                                 (6) 390 

F1 Score: It is a weighted average of the precision and recall, as shown in Eq. (7).  391 
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F1-Score = 
2×Recall×Precision

Recall+Precision
                                                  (7) 392 

Where TP, FP, FN, and TN represent true positives, false positives, false negatives and true 393 

negatives, respectively. 394 

3. Experimental results 395 

This section describes experimental implementation and outlines the research results. To 396 

evaluate the performance of our proposed method, ablation experiments are conducted, and we 397 

compared proposed method with nine state-of-the-art baseline methods on fish school feeding 398 

behavior datasets.  399 

3.1. Implementation details 400 

To train our DAN-EfficientNet-B2, we use label smoothing cross-entropy loss function, Mish 401 

activation, ranger optimizer, L2 regularization and dropout in the training process. The original 402 

image is resized to 260  260 as the input of EfficientNet-B2 network. We also use data 403 

augmentation to enlarge the sample such as random horizontal flip, random rotation, color 404 

jittering with brightness, contrast, and saturation. The base learning rate, batch size, and epochs 405 

are set to 0.0001(1e-4), 64, and 30 respectively. We implement our code for feeding behavior 406 

recognition based on the Pytorch framework, and 4 GPUs with 2080Ti were used for our 407 

experiments. 408 

3.2. Ablation study 409 

DAN-EfficientNet-B2 is based on the baseline EfficientNet-B2 model. To evaluate the 410 

effectiveness of different modules in our proposed approach, we mainly perform two operations. 411 

Firstly, some training strategies are implemented on the fish school feeding behavior dataset, 412 
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such as mish activation function, ranger optimizer, label smoothing, and cosine. Based on the 413 

above training strategy, the DAN module is added to the EfficientNet-B2 network structure.   414 

As shown in Table 2, when the fish school feeding behavior datasets are executed on the 415 

baseline EfficientNet-B2 and the training strategies is consistent with EfficientNet-B2, the 416 

model accuracy in the validation and test dataset reaches 86.63% and 83.08%, respectively. To 417 

enhance predict accuracy, firstly, we change the swish activation function of the baseline 418 

network to the mish activation function. It is found that the model accuracy drops from 86.63% 419 

to 84.87 % in validation dataset. Then using Ranger instead of RMSProp optimizer, the 420 

accuracy of the model increases from 86.63% to 87.89%. The combination of ranger optimizer 421 

and mish activation further improves the validation accuracy by 2.87%. Compared with the 422 

benchmark EfficientNet-B2, the label smoothing on the validation dataset improves the 423 

accuracy of the model by 2.21%, and the model accuracy reaches 89.02% on test datasets. When 424 

the cosine training skills are conducted, the model achieves 88.97 % and 88.67 % accuracy on 425 

the validation and the test datasets, respectively. Finally, we use the proposed DAN-426 

EfficientNet-B2, the accuracy on the validation and test datasets is increased to 89.02 % and 427 

89.56 % respectively. 428 

Comparing proposed method with the benchmark, there are two interesting findings, as 429 

shown in Table 2. One is that model accuracy increases on the validation datasets, but it 430 

decreases on the test dataset. The other is that there has significant difference in model accuracy 431 

between the validation and test datasets. Surprisingly, compared to other models, our proposed 432 

DAN-EfficientNet-B2 model, which has the 89% accuracy, achieves the best performance on 433 

the validation and test datasets. To explain this achievement, the accuracy curves of different 434 
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models are produced and shown in Fig. 6. Specially, based on EfficientNet-B2-Swish-435 

RMSProp and EfficientNet-B2-Mish-RMSProp model, the accuracy curve fluctuates greatly 436 

and cannot converge, which makes the model unable to generalize to the test set. Compared 437 

with the above two models, EfficientNet-B2-Swish-Ranger and EfficientNet-B2-Mish-Ranger 438 

model improves identification accuracy and the curve fluctuates less. In contrast, when the label 439 

smoothing strategy is conducted, accuracy of the model on the validation set drops by 0.66%, 440 

but the accuracy of the model on the test set increases by 1.52%. This is because that label 441 

smoothing is able to solve the problem of class imbalance between each type of image, so that 442 

convergence tends to be stable from accuracy curves when epochs number is about 8, which 443 

effectively improves the model generalization ability. Based on the above optimization 444 

strategies, our proposed method achieves the best accuracy on the validation set and can be well 445 

generalized to the test set. Meanwhile, cosine strategy leads to a more stable accuracy curve, 446 

and produces a smaller difference between the validation set and the test set. 447 

Table 2 Ablation study for fish school feeding behavior identification 448 

Model Val Acc.  Test Acc. 

EfficientNet-B2-Swish-RMSProp 86.63 % 83.08 % 

EfficientNet-B2-Mish-RMSProp 84.87 % 74.19 % 

EfficientNet-B2-Swish-Ranger 87.89 % 88.13 % 

EfficientNet-B2-Mish-Ranger 89.50 % 87.50 % 

EfficientNet-B2-Mish-Ranger-Label Soothing  88.84 % 89.02 % 

EfficientNet-B2-Mish-Ranger Label Smoothing-Cosine 88.97 % 88.67 % 

DAN-EfficientNet-B2 + 89.02 %   89.56 % 
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 449 

Fig. 6. Validation Accuracy Curves of Ablation Models. 450 

 451 

Fig. 7. Validation Accuracy Curves of Comparison Models. 452 

3.3. Comparing with other state-of-the-art methods 453 

In order to validate the reliability of proposed DAN-EfficientNet-B2 method, our proposed 454 

method is compared with the following baselines: AlexNet, VGG16, and VGG19, Inception-455 

v3, ResNet, DensenNet169, SENet, and MobileNet v2. It is worth noting that the same 456 

experimental settings are presented in baselines to achieve a fair comparison.  457 

The experimental results are illustrated in Table 3. It shows that the proposed DAN-458 

Efficient-B2 achieved the best performance on test datasets in terms of accuracy, precision, 459 

parameter and FLOPs, compared with all the baseline. It demonstrates that DAN-EfficientNet-460 
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B2 can work effectively. While, AlexNet and VGG16 have the poorest performance on 461 

validation and test dataset. VGG19 and ResNet-152 method achieves worse generalization 462 

performance than our model on test dataset. In contrast, compare with above two methods, 463 

MobileNet v2 and DensenNet169 achieves good performance on test dataset. Unexpectedly, 464 

the recall and F1-score of the MobileNet v2 algorithm exceed the algorithm we proposed. 465 

DensenNet169 achieves highest accuracy with 89.59% on validation. And it achieves highest 466 

93.29 % recall and 85.82 % F1-score on test dataset respectively, which proves that increasing 467 

the model depth can improve the model accuracy. Despite this, FLOPS of DensenNet169 reach 468 

4.5G. As lightweight network, model size of SENet model reaches 19.05MB and is the smallest 469 

compared with others, but the accuracy of model is relatively low on the validation and test set. 470 

By comparing the result of state-of-the-art baseline method with our proposed method, our 471 

DAN-EfficientNet-B2 model achieves outstanding results in fish school feeding dataset, as it 472 

can improve the performance by increasing spatial and channel attention module. Although our 473 

method has similar results with DensenNet169 on validation set, our proposed algorithm 474 

achieves high generalization performance and the best precision on test set. More importantly, 475 

compared with other baseline models, our model has the lowest amounts of parameters and the 476 

lowest FLOPS. The model size reaches 155.95 MB, which is only larger than the lightweight 477 

SENet and MobileNet v2 networks. As shown in Fig. 7, when the epoch is about 13 during the 478 

training process, the convergence tends to be stable, while the accuracy curves of other methods 479 

fluctuate slightly. To further investigate our improvement, the confusion matrix of our method 480 

and baseline method (MobileNet v2 and DensenNet169) is presented, as shown in Fig. 8. We 481 

found that our method can significantly improve the probability that feeding behavior category 482 
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is correctly detected and achieves 86.68% recall (see Fig. 8 (c)). The experimental results 483 

indicated that dual attention module is useful and can extract spatial correlations of fish school 484 

feeding behavior in different regions. 485 

 486 
(a) MobileNet v2               (b) DensenNet169             (c) DAN-EfficientNet 487 

Fig.8. The confusion matrices of baseline methods and our DAN-EfficientNet on fish feeding 488 
behavior test dataset. The diagonals represent TP and TN. The green font in last line represents the 489 
recall of the classified image. The last column represents the precision of classified image. The last 490 
column in the last row represents the accuracy. 491 
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Table 3 Image Classification Result on Fish school Feeding Behavior Test Datasets 492 

Model  Input Size Val Acc. (%) Test Acc. (%) Recall (%) Pre. (%) F1-score (%)  #Params (%) FLOPs (%) Model Size (%) 

AlexNet 260  260 84.89 %  83.19  87.85  74.34 81.11 61M 0.9G 932.65MB 

VGG16 260  260 82.61% 84.33 89.86 73.96 81.14 118M 21G 1.75GB 

VGG19   260  260 89.59 86.33 88.91 77.39 82.75 140M 26G 2.08GB 

Inception-v3 260  260 85.78 86.30 86.91 75.74 80.94 22M 3.9G 372.08 MB 

ResNet-50 260  260 88.15 87.77 85.07 78.0 81.38 24M 5.9G 359.20 MB 

ResNet-152 260  260 89.05 86.66 88.15 76.37 81.83 58M 17G 888.32 MB 

DensenNet169 260  260 89.59 89.17 93.29 79.46 85.82 14M 4.5G 217.14 MB 

SENet 260  260 85.38 84.75 89.57 76.79 82.69 1.2M 0.5G 19.05 MB 

MobileNet v2 260  260 87.72 89.26 92.23 79.47 85.38 3.5M 0.4G 53.92 MB 

DAN-EfficientNet-B2 260  260 89.02 % 89.56  90.31 79.75 84.70 0.07M 0.026G 155.95 MB 

Note: Acc is accuracy. Params is parameters. FLOPs is floating point operations. Pre is precision. 493 

 494 
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4. Discussion 495 

In comparison to other nine baseline models, our proposed method outperforms their and 496 

achieves the best performance with fewer parameters and Flops. The class activation map (Zhou 497 

et al., 2016) of nine baseline models is presented to conduct visualization, as shown in Fig. 9. 498 

The images are randomly selected from the test dataset. As shown in Fig. 9 (A8 and B10), our 499 

proposed DAN-EfficientNet-B2 model intends to focus on the related feeding region with fish 500 

object, but other methods appear to pay more attention to detailed information of fish in the 501 

entire image such as VGG16, Inception-v3, ResNet-50, ResNet-152, and SENet, as shown in 502 

Fig. 9 (A2-A7, B2, B4, B5, B6, and B8). A2-A7 respectively represent EfficientNet-B2-Swish 503 

RMSProp, EfficientNet-B2-Swish-RMSProp, EfficientNet-B2-Mish-RMSProp, EfficientNet-504 

B2-Mish-Ranger, EfficientNet-B2-Mish-Ranger-Label Soothing, and EfficientNet-B2-Mish-505 

Ranger Label-Smoothing-Cosine.  506 

Furthermore, it can be observed that the AlexNet, VGG19, and MobileNet v2 models can 507 

only extract some feature details of fish school in the image (as shown in B1, B3, and B9). 508 

From Table 3, we know that DensenNet169 obtains the highest recognition accuracy on 509 

validation datasets, but this model focuses on identifying the shadow region at the edge and 510 

corner of the image in the class activation map. It is clear that the advantage of our proposed 511 

method can capture the key information of the fish school feeding region and ignore the 512 

irrelevant non-feeding region. 513 
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 514 

 515 
Fig. 9. Class Activation Map (CAM) of Proposed Method and Other Methods. A2-A7 respectively 516 
represent EfficientNet-B2-Swish RMSProp, EfficientNet-B2-Swish-RMSProp, EfficientNet-B2-Mish-517 
RMSProp, EfficientNet-B2-Mish-Ranger, EfficientNet-B2-Mish-Ranger-Label Soothing, and 518 
EfficientNet-B2-Mish-Ranger Label Smoothing-Cosine.  519 

In order to further demonstrate the advantages of our method, it is compared with fish 520 

school feeding recognition methods proposed by Zhou.et.al (Zhou et al., 2019). In this paper, a 521 

LeNet model is used to evaluate four levels of fish school feeding intensity (the four levels are522 

“none”, “weak”,“medium” and “strong”) and achieves 90% accuracy on feeding intensity 523 

datasets. When applying the LeNet algorithm to our fish school feeding dataset, it only achieves 524 

55.95% accuracy. The experimental results reveal that the accuracy of our proposed method is 525 

significantly higher than the method proposed by Zhou.et.al. Nevertheless, there are still huge 526 

challenges in fish school feeding behaviors identification, such as unclear boundaries between 527 

AlexNet VGG16 VGG19 Inception-v3 

DensenNet169 SENet Ours  ResNet-152  MobileNet v2 

 ResNet-50 
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adjacent different category of feeding image. In addition, there are similarities between the 528 

image characteristics of feeding behavior and frightening behavior, so that 123 images of 529 

feeding behavior are misidentified as frightening behavior category, as shown in Fig. 8 (c). 530 

These challenges make our method proposed fail to classify a small part of the feeding behavior 531 

images into the correct category, resulting in low recognition precision. As described in the 532 

literature (Zhou et al., 2019), when two types of images differ greatly and the features are 533 

obvious, the classification accuracy of the model can be higher.  534 

Although our method proposed can be applied to actual farming scenarios, there are still 535 

two disadvantages. The first disadvantage is that the proposed algorithm cannot perform fish 536 

school feeding behavior monitoring throughout the growth cycle (long-term) because the 537 

feeding images of other breeding stages (such as fry and larval fish) do not appear in our training 538 

dataset. The results in Table 4 show that our algorithm exhibits poor performance and its 539 

accuracy reaches 81.60% in another data division (Train/validation dataset is limited to the first 540 

few days, and only data from the latter days are used for testing). The reason is that the training 541 

and test data are not under the same data distribution, which makes it more difficult for the 542 

model to predict the test image than the training image. In future work, a large number of 543 

datasets from the growth cycle will be collected and the algorithm will be retrained, so that the 544 

proposed model shows good performance in real scenarios. Another disadvantage is that the 545 

algorithm cannot accurately quantify the feeding intensity of fish school. Research shows that 546 

Delaunay Triangulation and image texture algorithm can be used to extract feeding index 547 

(flocking level and snatching strength), which can depict and quantify the fish school feeding 548 

behavior from near infrared images (Zhou et al., 2017). It can accurately describe each moment 549 
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of the entire feeding process, which can fully reflect fish school feeding behavior, but this 550 

method is affected by the result of image segmentation and it does not consider spatial 551 

information. In the future, to improve the accuracy of fish school feeding behavior analysis, it 552 

is very necessary to judge the relationship between fish school feeding intensity and feeding 553 

time to determine when to stop feeding. At present, a Dual-Stream Recurrent Network (DSRN) 554 

is proposed to automatically capture the spatial-temporal behavior of salmon from under water 555 

videos (Måløy et al., 2019). This method achieves 80% prediction accuracy on salmon Feeding 556 

and Non-Feeding recognition datasets, it shows the excellent potential for support effective 557 

feeding management in real industrial farming. In the future work, a video segmentation 558 

algorithm by combining temporal and spatial information will be proposed to quantify fish 559 

school feeding behavior and determine fish school feeding intensity in real time.  560 

Table 4 Performance comparison of the algorithms on different types of data sets 561 

Dataset Val Acc. (%) Test Acc. (%) Recall (%) Pre. (%) F1-score (%)  

Data1 89.02 % 89.56  90.31 79.75 84.70 

Data2 81.60 %  82.83  87.18  79.77 80.91 

Note: In data1, image data is randomly divided into training/validation and test to ensure independent 562 
and identically distributed according to the characteristics of the image. It is worth noting that the ablation 563 
and the comparative experiment are based on data1. Data2 is a data division method that train/validation 564 
dataset is limited to the first few days, and only data from the latter days are used for testing. 565 

5. Conclusion  566 

In this study, we present a fine-grained identification method for fish school feeding behavior 567 

analysis. Proposed DAN-EfficientNet-B2 model can capture spatial and channel 568 

interdependencies, which enables to solve the feature extraction problem of the fish gathering 569 

region during the feeding process. In addition, different training/optimization strategies are 570 

used to improve the algorithm performance. Proposed algorithm and optimization strategies is 571 
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evaluated on five types of feeding images. The experimental results show that the proposed 572 

method combined with optimization strategies achieves excellent accuracy with fewer 573 

parameters and FLOPS, compared with benchmark classification algorithm. Therefore, this 574 

study offers practical implications for implementing intelligent fish feeding in particular, and 575 

smart aquaculture in general. We recommend that for the future research, a video segmentation 576 

algorithm based on spatial-temporal can be used for quantifying the degree of fish feeding to 577 

support fish feeding management. 578 
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