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1. Alexandrium minutum; 2. Gambierdiscus sp. ; 3. Euglen sp. ; 4. Alexandrium catenella; 5. Prorocentrum mexicanum; 6. Chlamydomonas

sp. 3 7. Alexandrium tamarense.
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Fig.1 Data enhancement flow chart
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Tab.1 Composition of microalgae samples of the image dataset for training

WA Algae Species E 1% %5 & Tmage Count/ 5k B3 b Percent/ %
TN 7 1L K 34 Alexandrium minutum 8 720 24. 8
X EL V. 3 Gambierdiscus sp. 2 480 7.1
HLE Euglen sp. 4 280 12.2
HEIRE 7 11 K 38 Alexandrium catenella 3 700 10.5
BYYEFF F % Prorocentrum mexicanum 10 940 31.1
AK#E Chlamydomonas sp. 1 660 4.7
PEFLAY 7 11 K 3 Alexandrium tamarense 3 380 9.6
J3t Total 35 160 100.0
L TVN FHEE RHER RHER FHER RHER Bl BT i
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Fig.2 AlexNet network structure diagram of microalgae identification
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Tab.2 Recognition effect for actual algal images

S IR oK A FHF L

Algae Species Image Count/piece Precision/ % Recall rate/% F1 Score/%
TN 7 1K 38 Alexandrium minutum 40 75.0 69. 8 72.3
X U3 Gambierdiscus sp. 40 82.5 91.7 86.8
i Euglen sp. 40 92.5 88.1 90.2
SEIRE T 1L K Alexandrium catenella 40 85.0 89.5 87.2
SB PGB 5 F ¥ Prorocentrum mexicanum 40 90. 0 72.0 80.0
A ¥ Chlamydomonas sp. 40 70.0 96.6 81.2
I 7 1L K ¥ Alexandrium tamarense 40 87.5 83.3 85.4
SE-X{H Mean - 83.2 84.4 83.3
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Identification of microalgae species based on convolutional neural network

CUI Xuesen', TIAN Xiaoging”, KANG Wei’, ZHU Haopeng', ZHANG Shengmao', JOE Silke’, DAI
Yang', FAN Chengqi’

(1. Key Laboratory of Oceanic and Polar Fisheries, Ministry of Agriculture and Rural Affairs; East China Sea Fisheries Research
Institute, Chinese Academy of Fishery Sciences, Shanghai 200090, China; 2. East China Sea Fisheries Research Institute,
Chinese Academy of Fishery Sciences, Shanghai 200090, China; 3. Marine Institute of Ireland, Ireland 999014 )

Abstract; In this study, optical images of 7 microalgae were sampled. Based on the experience and
knowledge of experts at home and abroad on identification of marine microalgae, an image data set labeled
with algae names was made and data enhancement was carried out. With the help of the principles and
methods of deep learning, the AlexNet model based on the structure of convolutional neural network was
designed and trained. The 5-fold cross validation method was applied to ensure the stability of the model. The
results showed that the average training accuracy of the model can reach 97.86% =+ 1.63% and the average
testing accuracy can reach 85. 86% =+ 0.80% . By using the parameters obtained from AlexNet model
training, the reserved 280 sample images were actually tested. The average accuracy, average recall rate and
average F1 Score of the 7 algal species were 83.2% ,84.4% and 83.3% , respectively. It was indicated that
the deep learning method is an effective way to identify marine toxic algal species.

Key words: microalgae; convolutional neural network ; automatic identification
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Misclassified algae specieswere framed by red boxes and the percentage value in the top-right corner was the classification probability. Images of
numbers as 1, 6, 7,9, 10, 25 and 27 were classified as Euglen sp. ; images of numbers as 2, 3, 16 and 21 were classified as Alexandrium
catenella; image of number as 4 was classified as Gambierdiscus sp. ; images of numbers as 5, 11, 12, 15, 17, 20, 23, 24 and 28 were classified
as Prorocentrum mexicanum; images of numbers as 8 and 29 were classified as Chlamydomonas sp. ; image of number as 13 was classified as
Alexandrium tamarens and images of number as 14, 18, 19,22, 26 and 30 were Alexandrium minutum.

B O &9 KbREfEGRNIRER

Plate I Part of recognition results of actual algae species images
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