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Abstract

In this study, digital photography was used to estimate the amount of sugar beet’s canopy cover. For this purpose, a dataset of visible images of sugar
beet crops, during the growing season, in 2018, under drought and nitrogen stress were taken in a greenhouse at the ETH research station for plant
sciences in Lindau Eschikon, Switzerland. The treatments of this research included two levels of irrigation stress (low water and sufficient water) and
three levels of fertilizer stress (20, 40, and 80 kg/ha nitrogen). Image discrimination and threshold algorithms are applied to perform segmentation on
the images in Python. Compound segmentation methods using Excess Green, Excess Green minus Excess Red discrimination vegetation indices
(plant from soil and background), and without discrimination index and manual input thresholding and Otsu and Triangle automated algorithms were
used. Therefore, nine different compound methods including discrimination and thresholding algorithms used to estimate the canopy cover under
different stresses. Results showed that compound methods of Excess Green minus Excess Red vegetation index and manual input thresholding and
Excess Green Index and Otsu have the highest accuracy, 94.69 and 87.52 percent, respectively. The method without discrimination index and triangle
thresholding which has 53.18 percent accuracy was the least accurate method.
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[ setect Region of Interest ®oD |

}

Convert a color RGB image to a gray image through three methods:

1. Using ExG discrimination index
2. Using ExGR discrimination index
3. Without using any discrimination index

!

Threshold through three methods:

1. Using Manual thresholding with fixed 0.1 threshold
2. Using Otsu Automatic thresholding
3. Using Triangle Automatic thresholding

Create Binary Mask

Count White Pixels

Calculate the Canopy Cover by dividing the number of white pixels by the total number of pixels in the image

Statistical Analysis

Figure 1. Flowchart of steps of proposed method

Select Region Of Interest (ROI)

Figure 2. Image pre-processing and cropping ROI
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Table 1. Sugar beet growth stages in presented study

Date Growth Stage Number of days Canopy cover (%)

2018/01/18 —2018/02/12 Initial

2018/02/13 —2018/02/26 Mid
2018/02/27 —2018/03/29 End

25 0-36.24
14 36.24 - 82.12
31 82.12 -97.93

Image 14 Days After Sowing

RGB

Ground
Truth

M_Threshold

Triangle

25 Days After Sowing

I, S

49 Days After Sowing

Figure 4. Binary Mask created for low water treatment with ExG index and different thresholding methods
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Figure 5. Changes in the estimation of sugar beet Canopy Cover under drought stress
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Figure 6. Changes in the estimation of sugar beet Canopy Cover under nitrogen stress
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Table 2. The results of the analysis of the accuracy calculations of the combined segmentation algorithms

Method Growth Stage Accuracy (%) RMSE(%) R’
o(%) (%)
ExGMT initial 15.74 71.78 0.25 0.98
mid 6.92 89.65 2.50 0.96
end 6.23 94.71 13.39 0.94
total 13.65 87.24% 5.64 0.99
ExGO initial 5.97 91.06 0.26 0.98
mid 7.62 90.59 2.54 0.95
end 10.69 83.74 14.80 0.11
total 9.45 87.52% 11.97 0.95
ExGT initial 22.00 43.10 14.00 0.65
mid 12.14 77.40 16.63 0.74
end 15.19 84.12 17.74 0.00
total 23.89 71.39° 16.64 0.77
ExGRMT initial 6.25 91.46 0.23 0.98
mid 4.36 92.76 2.81 0.95
end 1.91 97.64 17.81 0.93
total 4.95 94.69° 2.97 0.99
ExGRO initial 7.64 91.38 0.22 0.98
mid 8.01 91.23 2.93 0.94
end 12.03 79.63 18.77 0.01
total 11.62 85.64% 12.91 0.93
ExGRT initial 12.94 35.70 13.48 0.85
mid 17.42 74.03 22.50 0.70
end 14.29 82.73 18.43 0.09
total 24.68 67.87° 18.49 0.73
NDMT initial 19.67 15.50 25.53 0.24
mid 25.39 69.78 5.94 0.01
end 10.67 92.89 29.94 0.02
total 36.77 66.09° 24.52 0.28
NDO initial 35.57 46.64 23.26 0.23
mid 6.72 85.13 6.03 0.94
end 9.78 63.73 30.99 0.06
total 24.12 64.88" 24.54 0.67
NDT initial 24.49 43.85 9.21 0.39
mid 18.70 79.78 14.31 0.31
end 19.77 4332 48.84 0.06
total 26.15 53.18° 34.50 0.30

Means followed by the same lower case letters in the columns do not differ significantly by the Tukey test (p < 0.05).
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