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Abstract The species diversity and community structure of planktonic algae are important appraisal indicators for evaluating
aquatic ecological environment construction, and the recognition of phytoplankton by cell image is a crucial way to achieve the
detection of phytoplankton. Compared with the conventional microscopic detection method, the target detection algorithms
based on deep learning have been increasingly employed in planktonic algae detection because of their effective detection
capability. Aiming at the low detection accuracy challenges of small shape, fuzzy boundary, and cohesive planktonic algae in
the YOLOv3 target detection algorithm, spatial pyramid pooling (SPP) was employed to enhance the feature extraction
method of the YOLOv3 target detection algorithm. Additionally, the generalized intersection over union (GIoU) boundary
loss function was employed to replace the YOLOv3 target detection algorithm in this study. Finally the SPP-GIoU-YOLOvV3
planktonic algae detection algorithm was constructed based on the YOLOv3 algorithm. The findings demonstrate that the
mean average precision of the SPP-GIoU-YOLOv3 target detection algorithm for detecting planktonic algae is up to
95.21%, which is 4.24 percentage points higher than that of theYOLOv3 algorithm. These findings are important for
developing accurate rapid detection methods and technologies of planktonic algae.
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Table 1  Planktonic algae selected in experiment and number of

its data after enhancement

o Number after
Abbreviation Number
data enhancement

Class name

Dunaliella Salina DS 258 1032

Marine Chlorella MC 385 1540
Thalassiosira

. . ™ 331 1324
Weissflogii

Phaeodactylum

. PT 339 1356
Tricornutum

Prorocentrum Lima PL 302 1208
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Fig. 5 Learning rate curve and loss curve. (a) Learning rate curve; (b) loss curve
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Table 2 Detail statistics results of test set planktonic algae detected by SPP-GIoU-YOLOv3 and YOLOv3 algorithm

Number of

Image ) ) Average )
Model planktonic algae Confidence /% i Missed False
number confidence /%
detected
(la) 10 95,94,92,91,90,87,87,85,82,81 88.4 3
(2a) 15 96,95,95,93,93,92,91,90,87,86,84,82,81,79,58 86.8 1 0
YOLOv3 95,94,94,94,92,90,90,89,88,88,86,
(3a) 20 84.8 5 0
84,82,81,80,79,77,73,70,69
(4a) 4 71,68,57,53 62.3 1 1
(1b) 13 98,97,97,97,97,96,96,96,95,94,94,94,78 94.5 0 0
(2b) 16 99,98,98,98,97,97,97,97,97,96,96,96,95,95,92,87 95.9
SPP-GIoU- 99,98,98,98,98,97,97,97,97,97,96,95
YOLOV3 (3b) 93 ,98,98,98,98,97,97,97,97,97,96,95, 877 ) 0
95,93,90,88,85,76,73,70,65,59,56
(4b) 5 97,97,96,93,88 94.2 0 0
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Fig. 8 Comparison of average accuracy of test set planktonic
algae detected by SPP-GIoU-YOLOvV3 and YOLOV3
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Table 3 Comparison of detection results of different
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