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Fig. 1

Extraction of HOG feature and CNN-based feature

a. Protocol of feature extraction based on HOG; b. Protocol of feature extraction based on CNN.
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Fig. 2 Visualization of feature-extraction methods
Number labels in the range of 0~19 denote categories of Apostichopus japonicas.
a. Visualization of HOG feature; b. Visualization of ResNet50 feature; c. Visualization of VGG19 feature.
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fift FH 7 AIE B2 B 19 B 0s 48 I 25 B AL 2R A
(RF), SZFpmmL(SVM), ZZBAPLMLP), f#
FH s 5000 £ Fnv s BOHE 48 vh ok S RRIE SR L) 224
18 £ *224 B Z KGN 2 LeNet-5 5 FH 25 W 4%
#F 1)

F1 FEYSFMEMSEF[ASHTMILR

Tab.1 Theresultsfor prediction using different combination of features and classifiers

PEM 8 PR metrics

BE4E dataset i A input 432538 classifiers
A UEHR precision A 13 recall macro-Flscore

224*224 [EI1% LeNet-5 0.769+0.158 0.741%0.161 0.736+0.114

224%*224 image
ResNet50 F4iE RF 0.948+0.059 0.95440.048 0.95040.038
ResNet50-extracted feature SVM 0.948+0.078 0.956+0.052 0.950£0.049
MLP 0.987+0.038 0.992+0.023 0.989+0.022
S e VGG19 £k RF 0.758+0.149 0.773+0.190 0.756+0.155
rawdataset VGG19-extracted feature SVM 0.799+0.151 0.80140.181 0.786+0.141
MLP 0.892+0.092 0.895+0.102 0.8910.072
HOG $#fiF RF 0.506+0.177 0.499+0.271 0.447+0.165
HOG feature SVM 0.636+0.317 0.449+0.307 0.411%0.205
MLP 0.748+0.184 0.714+0.218 0.6890.128
224*224 [EI1% LeNet-5 0.920+0.091 0.93240.073 0.9220.064

224%224 image
ResNet50 F41iE RF 0.947+0.065 0.9510.065 0.945+0.039
ResNet50-extracted feature SVM 0.983+0.041 0.989+0.025 0.985+0.023
MLP 0.995+0.018 0.997+0.012 0.996+0.011
MBS yGG1o s RF 0.779+0.135 0.800+0.184 0.7810.148
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HOG $§fiF RF 0.470+0.152 0.473+0.230 0.425+0.119
HOG feature SVM 0.7420.164 0.759+0.160 0.739+0.129
MLP 0.69140.148 0.696+0.150 0.680+0.124
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HMR B FF o 385 B P 4 +LeNet-5 55 A1 n] i 45
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SRIENE, R+ LeNet-5 tAEHUS 0.736+
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FEAH DR B B AT RRAE SR ORI 2R s DL T
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Fig. 3 The results for prediction using classifiers trained by datasets with different size
a. The results for prediction of the whole images of the rest days;
b. The results for prediction of the images of the 46th—50th days.
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Fig. 4 The result of tracking recognition of Apostichopus japonicus on different time scales
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Tab. 2 The statistics for results of tracking recognition on different time scales

B4 dataset

100% U IS M%  FI8E 1 i ZEE AIEE 2 WIZENI%L  FTSUBERRYZE % AT HGE BRI & /%

ME=:= Wigj4s number of categories number of categories number of categories number of trackable percentage of
training set  test set 100% indentified misclassified once misclassified twice categories trackable categories
1-5d 6-50d 1 0 1 2 10
1-10d 11-50d 3 2 2 7 35
1-15d 16-50 d 2 5 2 9 45
1-20d 21-50d 3 5 5 13 65
1-25d 25-50d 9 6 1 16 80
1-30d 31-50d 7 7 4 18 90
1-35d 36-50d 9 7 3 19 95
1-40d 41-50d 11 1 6 18 90
1-45d 46-50d 17 3 0 20 100
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Abstract: External tagging methods facilitate the study of the spatio-temporal behavior of Apostichopus japonicus
at population and individual levels, as well as population dynamics, breeding, and efficient harvesting methods.
However, due to the soft body wall and strong exclusion ability of Apostichopus japonicus, the retention rate of
traditional invasive tagging methods is low. Moreover, damage caused to the body wall by traditional tagging
methods often leads to wound ulceration, which affects the quality of life of Apostichopus japonicus. In this study,
a non-invasive identification method for Apostichopus japonicus is developed by processing images using a deep
convolutional neural network model to extract features and characterize the unique body texture patterns of
individual specimens. After feature extraction and the training of the classifier on consecutive images of
Apostichopus japonicus taken in a period of 50 d, the classifier achieved a maximum accuracy of 0.996+0.011 on
the test set compared to traditional invasive tagging methods that only achieved an accuracy of up to 0.75. For
individual temporal tracking recognition, feature extraction and model training were performed using images taken
in a period of 1 to 25 d. The classifier achieved an accuracy of 0.946+0.058 on the test set consisting of images
taken in the periods of 26-50 d. These results indicate that the use of the ResNet50 convolutional neural network
can effectively predict the categories of Apostichopus japonicus and achieve a better accuracy than traditional
tagging methods in the temporal tracking task.
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