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RECOGNITION OF BEHAVIORAL STATE OF EEL ANGUILLA IN RECIRCULATING
AQUACULTURE SYSTEM VIA DEEP LEARNING

XU Zhi-Yang"? ~JIANG Xing-Long"?, LIN Qian"? LIKai"?

(1. Fisheries College, Jimei University, Xiamen 361021, China; 2. Engineering Research Center of the Modern Technology for Eel
Industry, Ministry of Education, Xiamen 361021, China)

Abstract In order to achieve accurate identification of behavioral states of cultured eel Anguilla, a recognition of
behavioral state of eel in recirculating aquaculture system was proposed based on the DenseNet double-flow convolutional
neural network. The Gaussian Mixture Model was used for foreground extraction to construct the dataset. Aiming at the
problem in traditional convolutional neural network whose ability to extract time dynamic information is limited, a
double-flow network structure associated with spatial and temporal features was built, in which the DenseNet-121 network
was used to replace the original network. Compared to VGGNet, ResNet, and other networks, the proposed system can
reuse the characteristic attributes via dense connection by building a deeper network structure, by which the motion feature
transmission can be strengthened and the number of parameters reduced, thus achieving better extraction of representative
behavioral features. The softmax layer at both ends of a traditional two-stream network makes simple average fusion of
decision layers only, which cannot correlate spatio-temporal high-level features to a deeper extent. Therefore, after the
network convolution layer extracts the spatial and temporal features, a convolution layer is added to the convolutional
fusion of spatio-temporal features to improve the recognition accuracy. Results show that the accuracy of the proposed
system for the behavior state detection of six eels reached 96.8%, which is 10.1% and 9.5% greater than that of the
single-channel spatial stream and temporal stream networks. Compared with the two-stream network built with VGGNet
and ResNet, the accuracy was increased by 12.4% and 4.2%, respectively. Compared with the average fusion method of
decision layer and the concatenation fusion method of feature layer, the accuracy of the spatio-temporal feature
convolution fusion was increased by 2.5% and 1.7%, respectively.

Key words eel Anguilla; behavioral state; Gaussian Mixture Model; DenseNet-121; double-flow network

structure; convolutional fusion



