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Abstract: Hyperspectral remote sensing technology has been widely used in many fields due to its high
spectral resolution and rich spectral information. Object classification is one of the key techniques to fully use
the hyperspectral data. Based on the investigation and summary of the research status of hyperspectral image
classification technology, experiments were conducted in the mining area north of Jinchang, Gansu province.
A comparative analysis was mainly carried out from two aspects: supervised classification and unsupervised

classification. Taking the spectral Angle method as an example, the key factors affecting the classification
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performance of different methods were deeply discussed. The results show that the accuracy of supervised

classification method is better than that of unsupervised classification for the areas with insufficient spatial

characteristics like the experimental area, in which the Maximum Likelihood Classification is the best, and it

also proves that unsupervised classification is not suitable for mineral classification in the similar areas.
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Fig. 1 Airborne hyperspectral remote sensing images of the study area (RGB combination is 980,965 and 950 nm)
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Fig. 2 Spectral curves of mineral samples
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Table 2 Advantages and disadvantages of hyperspectral image classification methods
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Fig. 3 Schematic diagram of spectral angle method mapping
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Table 3 Classification accuracy of spectral angle mapping
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Table 4 Classification accuracy of minimum distance method
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Fig. 6 Classification results of support vector machine method
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Table 5 Classification accuracy of support vector machine method
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Table 6 Classification accuracy of random forest method
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Fig. 8 Classification result of Neural Network method
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Table 7 Classification accuracy of Neural Network method with threshold of 0.85

RS IE = (143172 629) 54.431 3 %
Kappa ZH=0.2634

R IR T
%5 3 Haf iEpe) ES = Iy fig 41 EIERE A o U A7 Mt
K352 1090 194 276 257 131 157 160 2262
A=A 0 0 0 0 0 0 0 0
e 0 0 0 0 0 0 0 0
ES 0 0 0 0 0 0 0 0
Ji A1 0 0 0 0 0 0 0 0
55 09 22 AR 21 0 0 0 0 132 0 153
L) 0 0 5 0 0 0 209 214
it 1111 194 281 257 131 286 369 2 629
SCRI e A8 ey ARS8 R AE o T Y AN R ) MLC 7% & 2 ) 6] 1) 0't 335 48 i 43 A 1 26 53]

BN — BN SRS AT R EBR . ESAE T 22450 RE RS A AR X A 0 1 R AE A
IR R AN 2 4 P SR SR e T USSR A RS . JF HL O ik T Ll b
AES WMWY AT SR, 2 RE MU B 2RSSR, ST E 24
PR, Y BB R 0.85 I, A0 RS FE e L 4 RO 4 2600 L (H IR R R AR kT B B
KGR FR TR O 25 0 B B HG 30 i B 6 T R R B R
6) F K Bl 4K ¥ (Maximum Likelihood b B A HILRE 5 3 B4 i 4 4 2 s e 12
CMMMMHW@E P TR BRI R R NE] 8 i, 4k S
BEB KB Kk, whkEd EK8PIR,
@% ﬁ%%mﬁ%%A%ﬂmmKJM%m 22 EMEHE
G T 265 DL BR A B KA 2 B K (L 4R 1k A i %M%ﬁﬁﬁéﬂmmﬁﬁ%ﬁﬁmw
G 40 IR D LB %M%ﬁﬁ%ﬂ%ﬁ%ﬁ S R R Ok X BRI Th AR 3R AT 4 2
RN R . SO TR S AP #ﬁﬂuﬁzm%%ﬁﬁ



5 A% b BT # 2

394 https://gwyd.cbpt.cnki.net/portal

4542

L G Ry IPCIEE - g gy Sy HE R =
Kaolinite  Illite Rhodochrosite Calcite Dolomitic Quaternary deposits ~ Shadow
&9 s KSR 1 3 a4 2R
Fig. 9 Classification results by Maximum Likelihood
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Table 8 Classification accuracy by Maximum Likelihood method
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Fig. 10 Classification result of k—means algorithm
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Table 9 Classification accuracy of k—means algorithm
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Fig. 11 Classification result of ISODATA clustering algorithm
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Table 10 Classification accuracy of ISODATA clustering algorithm
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Table 11 Comparison of classification results of different classification methods
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Kappa 2 %1 0.405 7 0.569 1 0.997 6 0.980 0 0.263 4 0.999 5 0.4545 0.479 7
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Table 12 Pearson correlation coefficient between Quaternary deposits and other minerals

Bl o5 A1 CiriEe] S 20 Jr A Hzf1

A UETR A 0.887 2 0.902 4 0.865 2 0.846 5 0.927 1
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