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Abstract: The distribution of phytoplankton classes in freshwater in imbalanced, with collected microscopic images
containing significantly more samples of advantaged classes than of disadvantaged items. General deep-learning-based image
classification methods trained on such datasets generally perform poorly in classifying disadvantaged classes. In addressing
the classification errors caused by the class-imbalanced phytoplankton dataset in deep learning model, various solutions for
handing this issue in macro-domain have been analyzed. The practicality of these methods in the domain of microscopic

images of phytoplankton is explored. A dataset consisting of 29 genera and 18044 images from Lake Chaohu was collected

ELTA . AR E LI (202203207020002 ) 5 5 HELE A HERLE O BRI FT Be BHIF I BA 2 15235 H (HYKYTD2024004 ) ; %84 A A 55
BHAITH (2023hb0011) 5 H ERF B G HEY) BEREEDFIE B Bt B 42 (YZJJ2024QN01)

Y75 B #B:2024-05-15; ) £& H AR B A : 2025-01-07

# JIAMEH Corresponding author. E-mail ; gfyin@ aiofm.ac.cn

http ://www.ecologica.cn



7 RERBL A PR A0 R 72 T7 IR LU 3535

constructing a microscopic image dataset of phytoplankton with class-imbalanced problem. An evaluation of the model’s
classification abilities was proposed using both micro-average and macro-average metrics. Experimental results indicate that
the model trained by general method performs lower F1 values when predicting samples from disadvantaged classes.
Conversely ,the model trained by the square-root sampling method in the re-sampling major category exhibit significant
improvement in both micro-average and macro-average metrics, with F1 values reaching 0.932 and 0.852, respectively.
Particularly , on the top 10 disadvantaged genera,the F1 values for micro-average and macro-average increased by 9.64% and
15.94% ,respectively. This study provides an effective method for training deep learning model for the automated detection of

phytoplankton community structure in freshwater.

Key Words: phytoplankton; microscopic; deep learning; class imbalanced; image classification
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Fig.1 The distribution of collected 29 genera of phytoplankton from Lake Chaohu
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Fig.2 Flow chart of typical deep-learning-based image classification
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Table 1 Core ideas,advantages,and disadvantages comparison of methods to address the issue of class-imbalanced
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Table 2 Comparison of micro—average & macro—average F1 values of different methods
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Fig.3 The image number of 29 genera of phytoplankton from Chaohu Lake and F1 values of general image classification method
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Table 3 Comparison of F1 values between general image classification method and the square-root sampling method for part of

disadvantaged genera
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Genus/Evaluation Metrics General Method Square-Root Sampling Relative Percentage Change
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INREBEE Oocystis 0.774 0.774 +0%

Bi#E)E Oscillatoria 0.622 0.627 +0.8%
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Fig.4 Misclassification of five disadvantaged phytoplankton genera
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Fig.5 Demonstration of the impact of image similarity on model recognition
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