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AUTO-COUNTING THE EEL ANGUILLA IN RECIRCULATING AQUACULTURE
SYSTEM VIA DEEP LEARNING

LIKai"? JIANG Xing-Long"?, CHEN Er-Kang®?®, ~CHEN Peng”®, XU Zhi-Yang"? LIN Qian"?
(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; 3. School of Ocean Information Engineering, Jimei University, Xiamen 361021,
China)

Abstract Eel is an economically valuable species in China. To realize accurate and efficient auto-counting of eel
cultured in recirculating aquaculture system, an improved Faster RCNN model by deep learning was proposed. Because the
head size of eel is small, how to recognize eel individual correctly became an issue of this study. To solve the issue, the
FPN structure was added to the feature extraction network ResNet50 as the backbone network of model to extract and fuse
multi-scale features. However, the original model anchors are based on artificial experience, which is not suitable for eel
dataset process. Therefore, the eel-head detection boxes marked in the training dataset were clustered and analyzed in
k-means clustering algorithm, and 15 different scales of anchors suitable for the eel dataset were obtained. In addition, to
avoid eel head overlap in the images, Soft-NMS algorithm instead of the original NMS algorithm was applied to select
candidate boxes generated by RPN to reduce the missed detection of eel due to the image overlap. Results show that the
detection accuracy of the improved Faster RCNN model for eel-head counting reached 96.5%, which is 14%, 24.9%, and
15% higher than that of the original Faster RCNN (the backbone of ResNet50), SSD300, and YOLOV3 models,
respectively. With the improved Faster RCNN model, the correct counting accuracy could reach >90%, by which the eel
detection and identification in recirculating aquaculture system could be enhanced considerably.

Key words eel counting; deep learning; Faster RCNN; FPN; k-means; Soft-NMS



