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Abstract: Hyperspectral datasets have been widely used in monitoring analyses of vegetation due to their
abundant spectral information; however, their spectral resolution greatly increases information redundancy caus-
ing more data processing work. To find an efficient method for selecting the most representative bands to re-
duce redundancy before using them, three traditional dimension reduction methods, namely Wilks’ Lambda
(WL), random forest (RF), and adaptive band selection (ABS), were used to select optimal bands among the
64 bands. Then, a new evaluation method based on a curve error index was proposed to determine the appro-

priate number of bands through analysis trend of the index values and to select the best dimension reduction
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method. Lastly, classification results were used to demonstrate the validity of this method. Results indicated that
WL selected 10 bands and the og—Qamu, value (the curve error difference between selecting six bands and when
the curve becomes stable) was 0.05. The RF method selected 13 bands and its corresponding ag—0man value
was 0.06. The ABS method selected 20 bands and its ats—Qa, value was 0.14. The overall accuracy of WL
based band selection was 80.56% with a Kappa coefficient of 0.77; RF was 79.11% with a Kappa coefficient of
0.76; and ABS had an overall accuracy of 49.94% and a Kappa coefficient of 0.41. Thus, (1) with the curve
error index method WL presented the smallest os—0tgn value and had the highest overall classification accura-
cy, suggesting WL was the optimal method for dimensional reduction, and (2) the two evaluation methods had
the same results, illustrating the curve was feasible. [Ch, 5 fig. 4 tab. 20 ref.]
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Table 1 Different bands corresponding to the wavelength center position

B G P A /mm W B L P A7 E/mm W B L P A7 /mm W B AL P A /mm
1 398.55 17 543.72 33 694.91 49 849.30
2 407.39 18 553.02 34 704.50 50 858.99
3 416.27 19 562.35 35 714.09 51 868.68
4 425.18 20 571.70 36 723.70 52 878.38
5 434.13 21 581.07 37 733.32 53 888.07
6 443.10 22 590.46 38 742.95 54 897.76
7 452.11 23 599.86 39 752.58 55 907.45
8 461.14 24 609.29 40 762.23 56 917.13
9 470.21 25 618.74 41 771.88 57 926.81
10 479.30 26 628.21 42 781.54 58 936.49
11 488.43 27 637.69 43 791.21 59 946.16
12 497.58 28 647.19 44 800.88 60 955.83
13 506.76 29 656.70 45 810.56 61 965.49
14 515.96 30 666.24 46 820.24 62 975.15
15 525.19 31 675.78 47 829.92 63 984.80
16 534.44 32 685.34 48 839.61 64 994.44
2

21 NERBRHEHE

2.1.1 Wilks” Lambda #% Wilks’ Lambda(WL)J&& 2 H 5 ik i —F ik, B©RFE2E 80T £
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B34ABHSH Wz A DL I R R e A )y 15 LR 769

3 HEREAM
31 HEREFRER

K2 NAFBBE W, R, THETHFER (W G 8928 A E AT R P g3 A 2 45 70 (9
BeBe) o MIRTFAAEA, Wert WAHLLE/N AT 6 D 3EBL, R {EA [ {E LBCRRYAT 6 D EBIT IR, A
[7] e Be i N P A a2 5 U T 2 2 TR A B IR ER 250 oo SR ANIED 2 TR

®2 SHMBEEFENKRITEER

Table 2 Index calculation result of three dimension reduction methods

W B w R / B w R I WE W R ! W B 4 R /
1 0.124 238  583.0 17 0.245 431 849.7 || 33  0.066 29.0 858.4(| 49  0.096 22 29376
2 0.349 484 5255 18 0.081  46.1 872.5 || 34 0.085 21.7 1209.1]| 50 0.172 36.1  2923.0
3 0.087 719 4737 19 0461 158  860.7 || 35 0.044 117.0 15503} 51 0.301 55 2963.6
4 0.034 72.1 4731 20 0.114 94 8122 || 36 0.102 2251.0 1971.4| 52 30.5 29367
5 356 476.6 21 0.065 27.0 7627 || 37 0.070 12563 2344.0|| 53 415 29155
6 0.161 293 4814 22 0.079 227 7425 38 0.119 382 2584.1|| 54  0.647 39.7 29454
7 0.077 340  500.6 23 175 719.7 || 39 10.0 27433} 55 0.039 392 29626
8 15.6 4957 24 0.073 248 7082 || 40 0.099 41.0 28314/ 56 583 29432
9 0.105 9.2 5074 25 0.137 193  686.7 || 41 0.220 3.0 28542)| 57 0.152 8.7 29684
10 0.279 153 490.8 26 499  681.0 || 42  0.068 8.0 2853.1| 58 0.071 7.0 28015
11 74  501.0 27 423 6742 43 7.7 2872.1)| 59 0.090 84.9 2 806.1
12 0.200 54 5214 28 0.144 534  651.0 || 44 0.130 792 28626/ 60 0.186 413.1 28204
13 0.075 142 553.6 29 615 641.1 | 45 0976 6.6 2899.7/| 61 823.0 27948
14 0.109 282  616.6 30 37.6 6329 46 0.093 402 29152| 62 2447 2 854.0
15 0.083 140 7224 31 0.065 447 634.0 || 47 4.1 29205/ 63 0415 8322 27753
16  0.067 35.0 803.1 32 349 6893 48 39.0 2908.9| 64 1945 22179
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B, 10 A R & D B ) 34 il 46 % AR AR KW AR 4k, BT i three methods
BB A A G IR B, ARAMRERME. Nk 2ZmBE W&, AT IR B E5L
Wilks’ Lambda % 3% £ 1 B A3 0 B e o 10 Mg, BEALARARE o 13 DB, B 38 NI Br ik £ 0 20
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M 3 BEFER &5 AT LLF H, Wilks” Lambda 26 356 £ 59 9 BOAE 38 A G 1S V8 BN 0 A e g 20, Bl
BLAR AR I 18 5 1) 0 BEAR 22 1 43 A AE 2006 DA Sl 21 A1 B B30T, 17T 1 3 7 0% B 0 436 1 B 9% 1 e B R 4R v 7
40 Bz e, BB HR Ry i 21 A B A0 I B

X F S R B CAnfE bR ERREAR . BATARRIA A ) B ST ZR . 7E 0.54 pm (17 JEBOMEA 14>
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Table 3 Band selection results of three dimension reduction methods
FEHLARFRIE (13 1) 38 7 3 Bt £ (20 4>)

3 (416.27)/4 (425.18)/29 (656.70)/35 40 (762.23)/41 (771.88)/42 (781.54)/43 (791.21)/44

(714.09)/36 (723.70)/37 (733.32)/44 (800.88)/45 (810.56)/46 (820.24)/47 (829.92)/ 48

(800.88)/59 (946.16)/ 60(922.83)/61 (839.61)/49 (849.30)/50 (858.99)/51 (868.68)/52

(965.49)/62 (975.15)/63 (984.80)/B64 (878.38)/53 (888.07)/54 (897.76)/55 (907.45)/ 56

(994.44) (917.13)/57(926.81)/60(955.83)/62(975.15)

YL 5 S AN B NI BLS, 4 RS 4 YEB RS BB O B IC, 42518 S ik 425.18 nm,

PEREEN S 20 B, ZWE T /NSO o 21 W S AT 1 A6 U W AR R AR 2K ARG Bl DA AR R AR
REHMREER, 2EOGERVIERARE . 288 3 MG BBt 2 ] LB, Hsm Ly 675~762
nm(31~40 P Be), B, 31~40 B [ 6%+ 4r H % . Wilks® Lambda 25 %6 5 /9 i B 78 I 1 R P4 6
AorA, SRR IR R — B0 BEYLARARIE B P BRI T LI IS L A N I B R e Y i
BOAEPTE 40 ez Ja, EARZW TN STEMLH NS, BOA B OG I RE R B R .

Wilks” Lambda 2 (10 1>)

4 (425.18)/16 (534.44)/21 (581.07)/31
(675.78)/33  (694.91)/35 (714.09)/37
(733.32)/42 (781.54)/ 55 (907.45)/58
(936.49)
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Figure 3 Spectral response curve of different feature in different methods
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f 9% Bt . Wilks’ Lambda 7 5 B L2 MRk 46 2 W 3 40 25 10 in different methods
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33 HDRERKRBETEMN

MBS B3 B ah Rl LUR 08 I 35 B e 560 e 5 (0 D Be o A5 5 It 35 Be . Wiilks” Lambda
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KRR IR TV

MBI KRG ERE (R 4), A I N BE I £ 12 55 £5 19 20 > B B AT /b 19 1R 70 2R 6 2
49.94%, BAREFNWBECEZ, R h TR BAA RA MR H L ET, 73R A%
THEMLAR bR IE S Wilks” Lambda 3% o BEHLZRARIL 5 Wilks” Lambda 3 08 % 14 35 Be SR 70 SN B2 R UG 9
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Figure 5 Results of different dimension reduction methods
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Table 4 Confusion matrix of classification results in different dimension reduction methods
ENGIPIRZS Byl FEAR AR BATA R OREUKMLER i K Bt JH P A5 1%
LIRS 191 89 14 27 0 0 0 321 59.5
LRI 3 305 165 0 3 0 0 476 64.1
EAT IR 0 3 19 0 0 0 0 22 86.4
£ H 6 3 173 8 20 0 212 81.6
Ji s 0 B AN 7K Hh 0 0 184 0 2 186 98.9
R H 0 0 1 180 0 181 99.5
KA 0 0 4 0 198 202 98.0
Bt 200 400 200 200 200 200 200 BN BE 1% 80.56

BRI % 955 76.3 9.5 86.5 92.0 90.0  99.0 Kappa R% 0.77
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Table 4 Continued
ENGIDR7S 5 FEOEAR B BATAR RE AREKHE W K J=87 F R B/ %
b 189 81 9 27 0 0 0 306 61.8
RIS 3 315 180 0 3 0 0 501 62.9
EATHR 0 1 10 0 0 0 0 11 90.9
A H 8 3 1 173 9 17 0 211 82.0
Wilks” Lambda 3% KRB K b3 0 0 181 0 1 182 99.5
i 0 0 2 183 0 185 98.9
PN 0 0 5 0 199 204 97.6
Mt 200 400 200 200 200 200 200 RARKSEE/% 80.56
A P BE 1% 94.5 78.8 5.0 86.5 90.5 91.5  99.5 Kappa %%k 0.77
b 173 72 16 26 0 0 287 60.3
BRI A 5 318 161 0 0 9 493 64.5
EATH 0 3 22 0 0 1 0 26 84.6
£ H 22 7 1 174 8 13 0 225 71.3
BEAL AR bR 7% AN K 3% 0 0 167 0 7 174 96.0
i 0 0 19 186 0 205 90.7
KA 0 0 6 0 184 190 96.8
Mt 200 400 200 200 200 200 200 MRS EE/% 79.11
A PR BE 1% 86.5 79.5 11.0 870 83.5 93.0 920 Kappa Z3L 0.76
RS 129 44 7 26 2 0 0 208 62.0
ERERS 5 141 144 80 55 101 62 588 24.0
BT 0 0 0 0 0 0 0 0 0
IR 59 92 30 93 17 1 0 292 31.9
3 N Bk R AN B K 3R 7 99 17 1 101 0 1 226 44.7
Wb 0 0 2 0 20 98 0 120 81.7
KA 0 24 0 0 5 0 137 166 82.5
Mt 200 400 200 200 200 200 200 SARKEE/% 49.94
A PR BE 1% 64.5 353 0 46.5 50.5 49.0 685 Kappa Z%k 0.41
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