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[Abstract]

During the distribution process until the sale of agricultural products, the process of determining the appearance quality of
agricultural products is mainly conducted with the naked eye, resulting in uneven quality problems. In order to reduce the decline
in merchantability and economic loss due to quality problems, it was intended to reduce errors in the classification process among
the quality discrimination processes. To this end, a CNN-based quality grade classification study was conducted on Fuji apples,
and a single color that determines the classification of quality grades among color images consisting of three channels (Red,
Green, and Blue) was sought. In order to check the influence of each color, eight model structures with different numbers of
layers and convolution filters were set, and experiments were conducted on five channels (RGB, Red, Green, Blue and Gray).
Through this study, it was confirmed that the Blue channel is the most stable color and influential color channel in the
classification of apple quality grades.
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Table 1. 8 model structures

Number of convolution filters according to layer addition
Structure e o 39 o
convolution | convolution | convolution | convolution
st kernel=16
s2 kernel=32
s3 kernel=16 kernel=32
s4 kernel=32 kernel=64
sb kernel=16 kernel=32 kernel=64
s6 kernel=32 kernel=64 | kernel=128
s7 kernel=16 kernel=32 kernel=64 kernel=128
s8 kernel=32 kernel=64 kernel=128 | kernel=256
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Table 3. Mean and standard deviation of 5 learning
outcomes for 8 structures

4-1 4% At
color mean standard deviation
_ - _ } . - channel loss accuracy loss accuracy
I 19 =zl tigk AE dloleAle] Mg g5 ddE
2= %3]1 B g[: 9\}1 o 2g 7;334_;5 seed® 123_3}11 o Red 0.1736 0.9406 0.0361 0.0130
i, F 53] g5 s 23E EU2 Hyy a5EAE Green 0.2241 0.9337 0.0308 0.0096
Tete] fhe wolsilen], A9 Ads Fd BdHew Blue 0.0755 0.9766 0.0229 0.0075
RGB, Blue, Red, gray, Green €22 £2 AFS HoF
o o1 o 8 yz I RGB 0.0706 0.9776 0.0373 0.0110
S o 5k o] & s8¢ RGBAYo] loss 0.0232,
accuracy 0.99310.% 74 £& AH5E HoFdth gray 0.2036 0.9389 0.0428 0.0126
# 2. 53 MY Zunof ofst g2 ¥ BFEHERA
Table 2. Mean and standard deviation for the results of 5 experiments
Red Green Blue RGB gray
Structure
loss accuracy loss accuracy loss accuracy loss accuracy loss accuracy
o 0.2136 0.9221 0.2128 0.9291 0.0941 0.9687 0.0756 0.9754 0.2233 0.9227
+0.037 +0.02 +0.015 +0.006 +0.010 +0.005 +0.006 +0.002 +0.009 +0.003
o 0.1713 0.9392 0.2012 0.9325 0.0897 0.9705 0.1190 0.9603 0.1948 0.9346
+0.009 +0.004 +0.011 +0.005 +0.028 +0.009 +0.086 +0.029 +0.011 +.007
3 0.1832 0.9382 0.2404 0.9137 0.0801 0.9724 0.0851 0.9711 0.1896 0.9328
+0.041 +0.013 +0.023 +0.005 +0.010 +0.005 +0.035 +0.010 +0.045 +0.020
o4 0.1770 0.9406 0.2085 0.9316 0.0745 0.9773 0.0592 0.9804 0.1734 0.9436
+0.028 +0.011 +0.026 +0.010 +0.018 +0.007 +0.006 +0.003 +0.028 +0.010
<5 0.1765 0.9389 0.2270 0.9276 0.0661 0.9789 0.1234 0.9642 0.1697 0.9445
+0.042 +0.013 +0.085 +0.029 +0.012 +0.005 +0.135 +0.035 +0.040 +0.013
6 0.1889 0.9345 0.2193 0.9446 0.0936 0.9738 0.0412 0.9873 0.2447 0.9356
+0.076 +0.029 +0.025 +0.006 +0.070 +0.018 +0.014 +0.004 +0.099 +0.028
o7 0.1386 0.9547 0.2462 0.9376 0.0556 0.9837 0.0380 0.9887 0.2245 0.9423
+0.037 +0.010 +0.050 +0.012 +0.028 +.0.09 +0.014 +0.004 +0.065 +0.014
8 0.1396 0.9567 0.2370 0.9525 0.0505 0.9878 0.0232 0.9931 0.2087 0.9554
+0.019 +0.006 +0.013 +0.003 +0.007 +0.002 +0.003 +0.001 +0.045 +0.007
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Fig. 2. Mean and standard deviation of 5 learning
outcomes for 8 structures
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