H43% 461 wos T & Vol.43 No.6

2025 4F 6 H Environmental Engineering

Jun.

2025

DOI: 10. 13205/j. hjge. 202506019
T, AR, U 4E L BHE YOLOVS iR PRI U AE W Bk Jr ik [T ). R85 T/, 2025,43(6) : 188-196.

ZHANG Y H, YUAN M Z, WANG W H, et al. An improved YOLOv5-based microscopic examination method for activated sludge

microorganisms[] ]. Environmental Engineering,2025,43 (6):188-196.

it YOLOVS 69 75 P 75 R & oA 7 ik

KM RAET ELA K OB HARY §uE

(1. WP Tl K2 (5 B R 5 TR B, PR A 1108705 2. d E R4 Be vk A A sk BF 980T, 2 B 110016
3.7 T e ST e, T 511458)

B OB AHMIAAEET RSN E R RS R EH W LR T — A BE YOLOVS B9 i 4 A48 W 7 3%
FI Hl K-Means++ 5 3% 4 Wik & & A LM AE L, £ YOLOVS £ F M 4 F F C3GCH 3 X & JF A C3 48 He hn 58 4 4E
FRERB,ABHNENFAELF LB LT ERANHELRASHRAGERNBERECENREG. ETERXE
WEETRMENEE RA BN E T RN TN AN RAERE, ARFEENKEEE LD B X% 297 4%,
F 30 ok 3k B 99. 2% , 4 AL R NX 5 23.5 MB, 5 JR 46 YOLOvS #E A Fn 3Lt £ ik A U AL A RO A W o o R 5
EHMETRARS FRGFERES I MO RERZ EW T R A

KRR T KA A A YOLOVS s R & F I AR E B AMA ;2 7 2 R B R4 H 3

|

An improved YOLOv5-based microscopic examination method for activated sludge microorganisms
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Abstract: To address the research shortages, as well as the low accuracy and high missed detection rate of existing activated
sludge microbial detection algorithms, an improved YOLOv5-based microbial detection method was proposed. The K-
Means++ algorithm was used to generate the most suitable anchor frame group for this dataset. The original C3 module in the
YOLOvS backbone network was replaced with the C3GC module to enhance feature extraction. In addition, the feature
pyramid fusion coordinate attention mechanism in the neck network and the global-to-spatial aggregation module were
employed to strengthen the fusion of feature information. Based on the actual collected microbial data of activated sludge, the
training and test datasets were constructed using a data augmentation method. The improved algorithm achieved a recall rate of
97.4% , an average accuracy of 99.2%, and a model size of only 23.5MB on the test dataset, which demonstrated a certain
improvement in accuracy and regression rate compared to the original YOLOvS5 model and other mainstream detection models
and variants, while meeting the requirements for rapid deployment on mobile terminals. The experimental data showed that
the improved model sacrificed a small amount of detection speed in exchange for a significant improvement in accuracy and

regression rate, proving the effectiveness of the improvement. This study provides a valuable reference for the development of
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artificial intelligence in the field of environmental governance and serves as an example for the advancement of intelligent

equipment.

Keywords: sewage treatment; microbial detection; YOLOvS; characteristic pyramids; coordinate attention mechanism;

global-to-spatial aggregation module
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Figure 2 Comparison of clean and contaminated samples
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Figure 10  Comparison of the experimental results of the two models
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