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Lightweight target detection for micro-algae microscopic
images under long-tailed distribution

Wang Lucai Chen Chunjiang Zou Yiwen Xie Ting

(College of Engineering and Design, Hunan Normal University, Changsha 410081, China)

Abstract: Microalgae microscopic image target detection technology is one of the important research directions in fields such as biology
and environmental monitoring. The dataset of microalgae images captured by electron microscope exhibits a long-tail data issue.
Traditional methods for microalgae detection are notoriously labor-intensive, time-consuming, and heavily influenced by operator
expertise. In this context, combining methods to address the long-tail distribution, this paper proposes a target detection algorithm called
DDM-YOLO, which combines delayed resampling and knowledge distillation. The approach involves data augmentation for microalgae
microscopic images and utilizes delayed resampling for long-tail data. In the second stage, reverse resampling is applied to focus on the
challenging minority class samples, thereby enhancing the performance of target detection. Additionally, a lightweight target detection
network architecture is designed, and knowledge distillation is employed to reduce model complexity and computational requirements.
Experimental outcomes reveal that the DDM-YOLO algorithm achieves an mAP@ 0. 5/% of 77. 1%, surpassing the YOLOvS5s algorithm
by a notable 6. 1%. The model parameter size is 3. 88 megabytes, a significant 45. 4% decrease. This proposed method significantly
enhances performance on microalgae microscopic image data and efficiently performs target detection under resource-constrained
conditions, substantially reducing the workload of detection personnel.

Keywords : object detection; long-tail distribution; delayed re-sampling; knowledge distillation
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Table 1 Comparison of melting experiment results

ik mAP@ 0. 5/% Parameters/M FLOPs/G
YOLOv5s 71.0 7.11 16.5
YOLOv5s-MobileNetV3 66. 1 3.88 6.9
YOLOv5s-Distill-Mobilenetv3 69.6 3.88 6.9
YOLOvS5s-DRS( A 3) 79.2 7.11 16.5
DDM-YOLO ( 4 30) 77.1 3.88 6.9
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Table 2 YOLOVSs-DRS and YOLOVSs detection results for different categories

Tk Category Accuracy/ % Recall/ % mAP@ 0. 5/% mAP@ 0. 5:0.95/%
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Middle 78.8 63.2 72.4 34.4
Tail 73.6 60.3 64.3 31.2
YOLOv5s-DRS All 79.1 76. 4 79.2 39.3
Head 83.1 76.2 80.9 39.2
Middle 79.4 71.3 79.4 39.5
Tail 74.8 76.5 77.2 39.1
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Fig. 5 Some microalgae detection results of different algorithms
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Table 3 Comparison of algorithm experiment results

ik mAP@O0.5/% Parameters’M  FLOPs/G
YOLOV3 68.8 61.8 156.2
YOLOv5s 71.0 7.11 16.5
YOLOvS5s-FL 71.7 7.11 16.5
YOLOv5s-CB 72.0 7.11 16.5
YOLOv5s-EFL 72.2 7.11 16.5
YOLOV8 73.2 11.15 28.6
DDM-YOLO ( A 3¢) 77.1 3.88 6.9
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