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Abstract: [Objective] In order to realize the precise application of herbicides for lawn weed management, an
improved fuzzy C-means (FCM) clustering segmentation algorithm was proposed to solve the problem that it is
difficult to segment weeds due to the similar color between weeds and lawns in natural environment.

[ Method] The region of interest was extracted by extra-green operator, and the multi-channel information in
HSV space was incorporated for image preprocessing to expand the feature difference between weeds and lawns.
The filtering range was constrained using region area to remove the lawn background noise in the preprocessed
image and reduce the gray level loss in the target region caused by median filtering. An anisotropic detection

operator of difference of gray distribution(DGD) was proposed. In the clustering process, the gray distribution
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difference characteristics in different directions around pixels were introduced to realize lawn weed

segmentation. [Result] Compared with the traditional FCM, FCM-S2, FCMNLS and RSFCM algorithms, the

algorithm in this paper (DGDFCM) had better suppression effect on most noise areas and could achieve ideal

weed segmentation effect. The DGDFCM algorithm could effectively segment lawn weeds, and the average
segmentation accuracy was 91.45%, which was 16.35%, 4.12%, 6.80% and 8.06% higher than FCM, FCM-S2,
FCMNLS and RSFCM algorithms, respectively. [ Conclusion] The DGDFCM algorithm can effectively

segment lawn weeds in natural environment, provides the condition of precise application of herbicides for lawn

weeds, and has a practical application value.

Key words: Precision spraying; Image processing; Image segmentation; Fuzzy C-means clustering; Fawn weed
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Table 2 Quality evaluation for image segmentation of different algorithm %,
FEA 'S Sample number FEHR" Index FCM FCM-S2 FCMNLS RSFCM DGDFCM

1 SA 59.07 72.11 54.14 62.81 85.78
UR 11.83 11.27 11.44 9.34 7.41
OR 13.23 3.05 2.14 23.43 1.69
2 SA 95.21 95.74 95.67 96.01 95.87
UR 2.51 2.55 2.53 2.47 2.51
OR 1.29 0.85 0.80 1.12 0.88
3 SA 67.75 86.07 82.99 77.80 87.57
UR 8.40 8.42 8.43 7.08 7.36
OR 12.02 2.49 2.46 10.03 2.61
4 SA 89.21 92.59 92.67 91.71 93.34
UR 3.86 3.84 3.86 3.71 3.76
OR 3.69 1.57 1.13 2.72 1.32
5 SA 79.07 83.79 86.58 83.79 91.61
UR 9.75 8.17 8.33 5.25 6.13
OR 9.47 2.78 1.60 10.35 1.39
6 SA 84.37 93.77 93.98 90.96 94.60
UR 4.11 3.51 3.53 3.20 3.34
OR 6.43 1.07 0.71 3.92 0.73
7 SA 83.81 90.74 90.20 87.84 92.23
UR 5.88 5.00 5.03 4.66 4.80
OR 6.08 1.99 1.58 4.50 1.53
8 SA 70.29 87.84 88.73 86.08 90.60
UR 8.24 591 5.96 4.85 5.33
OR 12.17 1.21 0.71 7.26 0.19
P15 SA 78.60 87.83 85.62 84.63 91.45
Average UR 6.82 6.08 6.14 5.07 5.08
OR 8.05 1.88 1.39 7.92 1.09

1) SA: 5% e # % UR: R 4% %, OR: 43| %

1) SA: Segmentation accuracy, UR: Under segmentation rate, OR: Over segmentation rate
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