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Study on the effect of training samples on the accuracy of crop

remote sensing classification
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(School of Electrical Engineering, Heilongjiang University, Harbin 150080, China)

Abstract: In order to study and analyse the influence the number of and quality of the training samples
on the classification accuracy better, Helen city in Heilongjiang Province was chosen as the research
required experimentation area, using Landsat 8 remote sensing images as the data source, the effects of
the number and quantity of training samples on the classification accuracy were studied respectively by
using the maximum likelihood, neural network and support vector machine three kinds of methods, and
several experiments were made on these three kinds of classification methods. The final result shows that:
(1) when the training sample quality is relatively constant, the degree of response of the same
classification method to the same number of training samples as well as the degree of response of the
different classification methods to the number of training samples are different, and the classification
accuracy has different degree of volatility, with the increase of the number of training samples, the
volatility will decrease, when the number of training samples reaches a certain degree, the mean of

classification accuracy will tend to be relatively stable; (2) when the number of training samples is
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constant, the same classification methods as well as the different classification methods have different

degree of response to the training samples of the same quality grade; the degree of response of the same

classification method to the different training samples quality level is also different.

Key words: remote sensing image classification;

classification accuracy
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Fig.1 OLI image of the study area

Helen’s image
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Fig.2 Image of the study area in different time periods
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Tab.1 J-M distance table of training sample

Type Rice Corn Land Others
Rice - 1.999 9 1.9979 1.8659
Corn 1.999 9 - 1.999 6 1.9677
Land 1.9979 1.999 6 - 1.8522
Others 1.8659 1.967 7 1.8522 -

R 2 NSGHEANERSBES LR

Tab.2 Conversion separation table of training sample

Type Rice Corn Land Others
Rice - 2.000 0 2.000 0 2.0000
Corn 2.000 0 - 2.000 0 2.0000
Land 2.0000 2.000 0 - 2.0000
Others 2.000 0 2.000 0 2.000 0 -
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Fig.3 Overall classification accuracy and Kappa coefficients of the

maximum likelihood classification
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Fig.4 Overall classification accuracy and Kappa coefficients of the

neural network classification
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Fig.5 Overall classification accuracy and Kappa coefficients of the

support vector machine classification
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Tab.3 Mean of the accuracy of the classification

results by using three classification
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. classification .
classification classification
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Fig.6 Overall classification accuracy and Kappa coefficients of the

maximum likelihood classification
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Fig.7 Overall classification accuracy and Kappa coefficients of the

neural network classification

> 0.95 + First
g «- Second
«- Third
§ 0.90 «- Fourth
g + Fifth
E= 0.85 - Sixth
& - Seventh
e L - Bighth
3 0.80 +- Nineth
o Tenth
s 0.75 —+—Mean
4 —a—Max
o 0.70 —a— Min
0.90 - First
] «- Second
4 0.85 « Third
8 - Fourth
& 0.80 - glftt'lll
& - Six
8 0.75 - Seventh
(5] .
° A «- Eighth
£ 0.70 o +- Nineth
g C / Tenth
M 0.65 & —+—Mean
’ / —a—Max
I A ) s v
' 1 2 3 4 5
Sample quality level

Pl 8 SCHRFI) AL AT 26 Y SRR B2 Rl Kappa FR LR
Fig.8 Overall classification accuracy and Kappa coefficients of the

support vector machine classification
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