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+ & +Fh FEA K A /K
e s+ 24
Je b + 10
IR 29 +
et 31
Kie+ 43
AHT L 22
i+ 20
YR A
L qb e 4 22
KRR+ 7
aAE T+ 28
FAR 73 i EAR: S U R e o 27
Akt 36

2 FEEEEE

FE A HE MG AR B — 2 R/ FE I 380 X7 B e & T % R R RS B R 2 o R T
PEI A HE T &, A 18 4 T RUECR 4R DL T e e AN 2R 54300 . R RO R R AU AR DL IR 2,
2.1 HEMALIE
2.1.1 TEXEBEGSE

N T BB AN R A T Sk I S R R A AR R R i, R Bt FCM L ) B A0 SR 4 1 + B R AT+



DLE R B K & £ R 61

%3 Wik, . T FEEE LR

TS Ay E L o ) A X O ENR T RS T EE
2.1.2 E/NIMNEFERE

X o E A AR s R VA A L AR AR B/ NIRRT R R AR IS 0~ 1 MR ISR BE o B/l
AN ¢ B /NMER T B RANE B mon € N, SMERE RSN TR 1 5038 A S 535 s i,

3 1 M) )
(s M
K By +
wl W |p] |
el |F %] |
1t & B &) FRIBEFATE
NG
7l o> A o
(iR *
("] E%,\IE] (- - _/ —
R . Ik
= ‘ —
ml (= (x| |8 |
B/ NN TR B % iif E ‘ % f}i‘
i Rt (et it it
= (] [ |E
sl | A il |R
-J5E b', X a |
HHEXIREN G F T L L \ L

B2 T#iRARE

Fig. 2 Process of soil species classification
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Fig.3 The generation process of local luminance matrix
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Fig. 4 Training process of original soil image
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Tab.3 Classification results of original soil image
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Fig. 5 Training process of soil sub-image datasets constructed with different «
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Tab. 4 Classification results of soil sub-image datasets constructed with different o
S REAS KL/ 7R ResNet-18 ResNet-34 ResNet-50
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Fig. 6 Training process of soil sub-image datasets constructed with different sub-image sizes
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Tab.5 Classification results of soil sub-image datasets constructed with different sub-image sizes
S RE AR/ 5K ResNet-18 ResNet-34 ResNet-50
P FEG R " . PR, : o~ : o~ . o
IFEE WIEFRE WERE miESE g BiESE WLE WiESE Wl
1 56 184 576 46 296 71 0.724 2 0.8591 0.6827 0.8169 0.5744 0.7887
2 112 46 815 11 853 71 0.8314 0.8732 0.8276 0.7464 0.6971 0.7746
3 168 20 819 5 351 71 0.898 7 0.8873 0.8451 0.8591 0.7933 0.8028
4 224 11 667 3 059 71 0.9248 0.9295 0.8460 0.8169 0.8640 0.8450
5 336 5 097 1411 71 0.8717 0.7183 0.8958 0.8028 0.7498 0.6197
6 448 2 789 844 71 0.9716 0.8028 0.8744 0.7746 0.7405 0.5915
7 560 1709 573 71 0.9250 0.7605 0.9284 0.7323 0.7574 0.5633
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Fig.7 Training process of inserting soil sub-image datasets with different degrees of damage
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Tab. 6 Classification results of inserting soil sub-image datasets with different degrees of damage

ResNet-18 ResNet-34 ResNet-50

ﬁT}g%‘ 5 - 5 ' 5 -
LSRN S PIRENES AT S MRS LSRN S PIRENES
TrainSet 0.924 8 0.929 5 0. 846 0 0.816 9 0.864 0 0.845 0
TrainBroke 0. 05 0.890 5 0.873 2 0.862 5 0.859 1 0.851 3 0.873 2
TrainBroke 0. 1 0.874 8 0.915 4 0.818 9 0.859 1 0.828 0 0.830 9
TrainBroke_0. 2 0.848 3 0.859 1 0.773 8 0.788 7 0.828 7 0.802 8
TrainBroke 0.3 0.807 5 0.816 9 0.738 8 0.788 7 0.774 1 0.788 7
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Tab.7 Classification evaluation index of the best soil classification model
Hhrss +-Fh i PENHE F1{4 FEA KL /5K
0 i 28 0 0.750 0 0.750 0 0.750 0 8
1 I 25 e KR + 0.916 7 1.000 0 0.956 5 11
2 i e Je b - 1.000 0 1.000 0 1.000 0 3
3 LRI AT+ 1.000 0 1.000 0 1.000 0 6
4 TR R TR V02 0 + 1..000 0 1..000 0 1. 000 0 6
5 TR A 2 e K MR Jg + 0. 666 7 1. 000 0 0. 800 0 2
6 KRR AE T 1.000 0 1. 000 0 1. 000 0 7
7 IRAFE RS + 1. 000 0 0. 800 0 0.888 9 5
8 AR LR L 0.909 1 1.000 0 0.952 4 10
9 OAFEROAE T+ 1.000 0 0.857 1 0.923 1 7
10 ARFERAFLER L 1. 000 0 0.833 3 0.909 1 6
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Fig. 10 Confusion matrix for soil classification
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Resources, Environment and Ecology in Three Gorges Area

Soil Species Classification Based on Subgraph Selection:
Take the Purple Soil in Bishan District, Chongqing City as an Example

CHEN Yida'?, ZENG Shaohua'?, WU Xue’, WANG Shuai', LIU Guoyi’ s ZHOU Peng®
(1. College of Computer and Information Science, Chongqing Normal University;
2. Chongging Center of Engineering Technology Research on Digital Agricultural Service. Chongqing401331;
3. The Center of Agricultural Technology Promotion of Nanchuan District, Nanchuan Chongqing 408400
4. Chongqing Master Station of Agricultural Technology Promotion, Chongqing 400121; 5. Institute of
Agricultural Resources and Environment, Tibet Academy of Agricultural and Animal Husbandry Sciences, LLhasa 850032;
6. The Center of Agricultural Technology Service of Fengjie County, Fengjie Chongqing 404600, China)
Abstract: The presence of shadows, holes, and gaps on soil images collected under natural conditions has a significant negative
impact on machine vision classification of soil species. And the sample size for machine vision-based soil species identification is
generally insufficient due to the high cost of acquiring and labeling soil photographs. A soil species classification method is presented
based on subgraph selection to address above problems. The proposed approach first constructs an optimal model to select the
centers of soil subgraph according to the principles of local shadow minimization and spatial distance maximization. And then creates
a soil sub-image dataset on the basis of a center set obtained by iteratively updating a distance matrix utilizing above optimization
model. Experimental results demonstrate that soil subgraph datasets established by the subgraph selection algorithm exhibit
excellent performance on three ResNet models with different depths. ResNet-18 performs best when setting the adaptive factor @ to
1 and the sub-image size is 224, with a validation set classification accuracy of 92.48% and a test set classification accuracy of
92.95%. In addition, it is 46. 65% superior than the best classification result of the soil species classification model rained with the
original soil image dataset. These prove that the accuracy of soil classification based on the subgraph selection algorithm is promoted
and the algorithm is effective.

Keywords: soil species classification; subgraph selection; deep learning; soil image
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