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Abstract: Phytoplankton, one of the most important biological components in water ecosystem, is sensitive to water
environment and has been widely concerned in water environment monitoring. However, the aquatic environment is complex
and diverse. Accurate and efficient identification of phytoplankton becomes a challenge in monitoring work. Current
phytoplankton recognition methods can be divided into three categories; classical morphological classification, molecular
markers, and artificial intelligence image recognition. Although the first two methods have been widely used, they are time-
consuming and laborious, which is not conducive to the large-scale application and promotion of monitoring agencies.
Similarly, it is difficult to strike a balance between high accuracy and high efficiency for automatic classification based on
images. Deep learning provides new insights for phytoplankton identification. We propose a new deep convolutional neural
network RAN-11. The network is based on the residual attention network Attention-56 and Attention-92, fusing the bottom
and top features of the backbone through channel concatenation, simplifying the structure by adjusting the number of
attention and residual module, and adopting the Leaky RelLU activation function rather than ReLU. We used 1036 images of
11 dominant genera of Taihu Lake as data sources to compare and verify our algorithm. The precision of RAN-11 for a single
prevailing genus was above 90% , with 5 species achieving 100% precision, except for Asterionella sp. The accuracy of
RAN-11 was 95.67%, and the inference speed was 41.5 fps ( frames per second) , which is not only more accurate than
Attention-92 (95.19% accuracy, 23.6 fps), but also faster than Attention- 56 (94.71% accuracy, 41.2 fps), truly
balancing accuracy and efficiency. Results indicate that; (1) RAN-11 is superior to the original residual attention network
in terms of precision, accuracy and inference speed, as well as the traditional image recognition method represented by the
Bags of Words model. (2) Fusion of multi-scale features, simplification of network structure and optimization of activation
function are powerful means to improve the performance of convolutional neural network. Based on the classical
classification, this paper proposes a new residual attention network to improve phytoplankton identification technology, and
constructs an automatic phytoplankton recognition system, which has high recognition accuracy and easy promotion, and is

of great significance to realize the automatic monitoring of phytoplankton in water.

Key Words: water quality monitoring; phytoplankton recognition ; residual attention network; deep learning
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Fig.1 Microphotography of dominant phytoplankton in Lake Taihu ( Automatic light scanning system )
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24 )2 45 i AR LBRESE it R

Network layer Abbreviation Input size Kernel parameter Output size
%z Convolution C 224x224x3  [3x3, 64] 112x112x64
5228 Residual unit R 112x112x64 [ 1x1, 32; 3x3, 32; 1x1, 128] 56x56x128
R I Attention module A 56x56x128 Al 56%56x128
FR B Residual unit R 56x56x128 [ 1x1, 64; 3x3, 64; 1x1, 256] 28x28x256
R IBHL Attention module A 28x28x384 A2 28x28x384
5% 25 Residual unit R 28x28x384  [1x1, 128; 3x3, 128; 1x1, 512] 14x14%512
R SIBIEL Attention module A 14x14x768  A3x2 14x14x768
5% Residual unit R 14x14x768  [1x1, 256; 3x3, 256; 1x1, 1024] 7x7x1024

5228t Residual unit R Tx7x1536 [1x1, 384; 3x3, 384; 1x1, 1536] 7x7x1536

HiAL)JZE Average pooling p TxTx1536  7x7 1x1x1536

4% 4%)2 Fully connected layer F 1x1x1536 1536x11 11
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Table 2 Comparison of RAN-11 and other models
BT BREEWRET] BT 2% 3 4

e 211 o256 2492 o2 161 e
RAN-11 Attention- 56 Attention- 92 DenseNet- 161

BB Euglena sp. 100.00% 95.65% 95.65% 88.00% 85.71%
EEHCHE Mougeotia sp. 100.00% 92.00% 95.65% 92.00% 50.00%
KA Dolichospermum sp. 91.67% 100.00% 100.00% 100.00% 95.00%
MW Scenedesmus sp. 95.65% 95.65% 95.83% 95.65% 82.35%
FEEHE Pediastrum sp. 100.00% 100.00% 94.74% 100.00% 73.08%
e BE Microcystis sp. 95.83% 95.83% 95.83% 100.00% 90.48%
TR423 Planktothrix sp. 100.00% 100.00% 100.00% 100.00% 88.89%
7223 Planctonema sp. 90.00% 90.00% 81.82% 90.00% 100.00%
EAT#E Asterionella sp. 82.61% 86.36% 86.96% 78.26% 78.57%
I4E B Aulacoseira sp. 95.65% 95.65% 100.00% 91.30% 84.00%
ETFFBE Synedra sp. 100.00% 95.24% 100.00% 94.74% 62.50%
Top- 1 fERER Accuracy 95.67% 94.71% 95.19% 92.79% 82.69%
Top-2 #EAfi % Accuracy 98.56% 98.08% 98.08% 96.63% 92.79%
Top-3 fERZR Accuracy 100.00% 99.04% 99.52% 99.04% 95.67%
HEFH 2 Inference speed/fps 41.5 41.2 23.6 25.4 50.5
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