5542 B 9 1 S &~ £ Eild Vol.42,No.9
2022 4F 5 A ACTA ECOLOGICA SINICA May,2022

DOI: 10.5846/stxb202104160991

Wb, B SRS, AR, SR AT 3 T T0 AL 2 VR R SR (1) W 3AHT AR AR B 228 A 25 2441, 2022,42(9) :3666-3677.
Yao Y, Qin HM, Zhang Z M, Wang W M, Zhou W Q.The classification of subtropical forest tree species based on UAV multi-source remote sensing data.
Acta Ecologica Sinica,2022,42(9) :3666-3677.

BT T AN % B8 B IR 10 TE AR 35 75 bR o 4 35

w0 RN REN, TR ARG

L ERERE A SIS PO T 5 XA S E R L, kit 100085

2 ZERFAESERE S 2/ A m IR LA S SIS BEE B0 =E, B 650091

3 VRINTIT EREE Wa ) v, I SRRSO 4 D T b b X 2B ZS R BERL N B 53, TRYIL 518049
4 HEPREEBERS:, JEat 100049

5 AEIRTHTAES RGN, dLET 100085

A WA SRR AR AP R A AR (8 R S 0 28 [ 23 15 B AT A 80 55 T T2 AR AR B, (TR 02 Ry 2 1
AR BE X 2R A R BMERE R, T AL ST AR U= Sl BOR 20 , S 20 RS L A 4 i 4R L T AT RE L R TR LG
FOGHE SOLH B 2T AN AR , ROCHAE WP AR A F T IR 0 2808 01 . B R B (1) BEFLARAR 2 245 Bk
RERE AN R F1 2380 i, 38 5 AR 22 18 20 6 B, LD 13 RGN (8 TR, 4 BAS ) ) BMAKE EE Dl 95.63% , Kappa
FHCH 0.948; (2) Z2 PR BT AT LS8 35 5 8 0SNG E | R RORS B8 ey | EL s i RO 7 I B 1 25 32 i 4 IR A6
TP IORERE AT WGSBS AR L/ 5 (3) 70 JE 40 E 52 2 R BI/NHE I S 25 4 15 5L, R A B, SO S, de /N IR A A 4
Jrie .

KRR T AL U s ML ) 0 28 AR 40 28

The classification of subtropical forest tree species based on UAV multi-source
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Abstract: The diversity of tree species is an important content of ecological research. The information on tree species and
spatial distribution can effectively serve sustainable forest management. However, it is difficult to obtain detailed information
on the spatial distribution of tree species in traditional field-based forest inventory. Tree species classification based on
remote sensing costs less and has high spatial accuracy, which has become an effective method. Although satellite remote
sensing data has been successfully applied in the study of tree species distribution, it is difficult to obtain high-precision

classification results limited by its spatial resolution and spectral resolution, especially in complex stand conditions. The
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UAV remote sensing can obtain local ultra-fine data, which provides the possibility to improve the classification accuracy of
tree species. Therefore, this research based on the method of machine learning and the concept of feature fusion to explore
the potential for tree species classification under subtropical forest conditions. The multi-source data used in this study
includes visible light, hyperspectral, Light Detection, respectively based on which texture features, Minimum Noise
Fraction Rotation (MNF) , as well as vegetation indexes, And Ranging ( LiDAR) structural parameters are extracted and
calculated. The impact of classification processes and methods such as classifiers, different data sources, and different
classification features on classification accuracy are studied in this research to provide experience and examples for high-
precision classification and mapping of subtropical forests. The study found that; (1) The random forests classifier has the
highest overall accuracy and F1 score of each tree species, which is more suitable for subtropical multi-tree species
classification and mapping. The overall accuracy is 95.63%, and the Kappa coefficient is 0.948 when distinguishing 13
categories (8 trees, 4 herbs). (2) As far as the single data source is concerned, the order from high to low of the model
accuracy is hyperspectral, LiDAR and visible light data. Multi-source data can significantly improve the classification
accuracy. The full-feature model has the highest accuracy, and hyperspectral and LiDAR data significantly affect the
classification accuracy of the full-feature model. The visible light texture data has less effect. (3) The importance of
classification features is sorted from largest to smallest into structural information, vegetation index, texture information, and
minimum noise transformation component. In addition, texture and MNF characteristics cannot effectively distinguish tree
species in subtropical forests. And the data after MNF dimensionality reduction will lose lots of information so that original

band information is more important when hyperspectral data are used.
Key Words; UAV; multi-source data; machine learning classifier; tree species classification

PR AR S A TS Z N A, RER RS RS Bl A 2 LE W SRR P R AR S R SR 55 45
BEFE AR IR IS5 T ARG R 5 AR AT RS A B B e i AR 2 R T 37
A R SRARME D IR A s 1) A3 A A5 B TR IR FE R 2 A 5 U8 Tz (L
THEARM 23 8] 53 BRI o3 B R RE AR AL M IR AR T LUR A B A 215
SRR, W] WOCEE i Kol Ot F A%l (Light Detection And Ranging, LiDAR) 45, -3 B $2 B
SRR T AT S BRSNS SR R 4R T

IR T I0 AHLECE R P S5 B 221 L AR PRI — E WT T R, 70 G L8R . A Huang 5%
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AL

ARSI A A AT WG FETE LIDAR 25 2 U0 AMLRE BB , 25 T ML a2 ~J 19 J7 SRR il 5 A 2R 4R
FEICNMLE 2 PR AE AR AR 2 T IR BR 0 288 1, e L=z > 70 el AN TR EE IR AR 70 284
RS 73 AR5 75 RN 70 N BE RSN, DA AR R AR e s B o S P S Ak e 3 A

1 HiESHZE

11 BRFEX
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FERERR o 12 DX AR BL R P I TEME A U , T3S A D ) 32 S Bl B2 A AR Bl A T AR
FEBE, FRIX NP MR 2, 01D 5B (Acacia mangium) | K Aif ( Schima superba ) 55 1 Fft | 21 5 %L
( Rhynchelytrum repens) -3 ( Dicranopteris pedata ) %5 5 AFY) . W58 X7 E KX IEFHAZ LA 1,

114°2440" 114°24'50"E
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0

22°4120"

1 HREX
Fig.1 Study area

1.2 ABCRE LW AR A
ABFFEAERAE T 2019 45 8 A 5 H Y HEEWITCK, FHOGTE R . ML B & I E N 65% , 55 n] &
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Table 1 Data information

s B = Wi A PR PR AR

Sensors Type Altitude Speed Spatial resolution (average point density)

1] BLSEARBL Visible light camera Sony ILCE-7R 150m 6m/s  3em

B 6% HIBL Hyperspectral camera Resonon Pika-L 150m 5m/s  30em(JEIESTHER 2nm, 5l 400—1000nm)
WOLTEIS LiIDAR Velodyne LiDAR PUCK- 16 70m 3.6m/s  1000/m?

e AT XIS S AT B ) s e SRS B 285 4 3RO L R GE (RTK-GPS) I 10 sk Al il A 22 26 1
A AR E R TR SEX ] WG RO G RAR AT T U M I AN 4 X AR bR R I HE S AR ol 3]y 32 A0 45 A 3t
WA E R IR E R A EE R
1.3 Bl TiAb 3 K o SRR S X
1.3.1 T RDOEEE

A YGRS B AL PR T BALFE A R, —JE A 2 Bk B 5% SIM ( Structure from Motion ) 52 Ui B . 2~
VG e AN, R AR 2T AL SE L MvS (Multi-view Stereo) Az MR %S s =110 AE LA L 5 v
A (A ORI 5 DX AR O RSO, B 5 RAS IE S SR . MRS IE S 80+ SRR AE , B G5 34908 )5 22 |
Pl PESE
132 mEoLiEEdE

D CIE R AR A T AR SRR SO IE , JUAT RS E SE AL BT AR | DL R BR T, S M AR LIRS B2, o0
JEHGRSZ AR DN ARG R G382 5 XA AR 4t O AR L v JS A TR i DR ™ . BT R e R de
T fpe /N 75 A8 4 ( Minimum Noise Fraction Rotation, MNF) Gy VRIS A A e A , VASEIR e i 5 %
Yt I Y OGS R 2 5, BRI BRI R T i BURUE R R T R R R P
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P 2 G RE R AR 48 20 AR BRE AL
1.3.3 Lidar 203

LiDAR S = 8k T 2 M B A5 TURL 3, VA BRI 75 400, O DX o0 b T ORI b TR i, % T M D 0T 2
e A BT = FE AR AY ( Digital Elevation Model, DEM) [31] , 2 J5 A FH AE b i s A BT 36 AR A ( Digital
Surface Model, DSM) "', ~ 422 Bl 56 J22 2 BE A% 8 ( Canopy Height Model, CHM) ™' b, itk — 4%
JEAS [GIRRFP AO Z5 R RRAE , 78 0 SR A P B o i BE A B, P 1H, B RRAE
1.4 FEATEI

R S AR TR 2 () S5 B, Tl A AR AR 42 /8 7.3 (1 LK 70% BIAREAS FH TP 4325, 30% I F 43
KGRI, 7 RREAR RS SRR W3R 2,

R2 SEHEAYESRITE

Table 2 The quantity of the classification samples

eSSl Kokt el Kokt eSSl Kokt
Classes Quantity Classes Quantity Classes Quantity
¥} Bare land 33 HHE Hibiscus tiliaceus 73 FEMAE Eucalyptus urophylla 23
L1 % Rhynchelytrum repens 31 ¥eb§ Eucalyptus robusta 93 JNMAR Ficus concinna 33
=3 Dicranopteris pedata 67 By 5 HHE Acacia mangium 243 Afif Schima superba 254
5EHR Blechnum orientale 40 BA% Cinnamomum burmannii 202

58 Litchi chinensis 168 TS Miscanthus sinensis 47

L5 3ROSR RN
151 325k
ARG T 119 6 G2 09 43 SR 2R B2 AR 031 A R SRR G, 43810 ko 22 RUBE 431 A8 BT A RRIE S
53#E15 IR ESP RS BURIE /IS5 lad ESP 45 B ALK A R 2Ot 1AL N
1,CHM MACE B E N 5, BRI E R 15, JERIEHRE R 0.3, BB RE N 0.5,
TR HIN RS R R G5 M S5 00 RAFAIE | i 2 e BE O B AR ) i3 A S
(n=1)xp=i+j,H =(1-j)xH, +jxH, (1)
o, n ISR N RS p B i TSR BB INEGR oy, B s B, HL, L H,
FIKIBHN S = m EHDT RS i+ i+2 DR s,
Hypie = Hpps =3 X (H, = Hso) (2)
H, Je S BN H,, R BRI, Hyy, 25 o m A
AW R ) R R R B IS 432 28 FEHL AR K ( Random Forests, RF) | 324 [a] 7 AL ( Support
Vector Machine, SVM) | DUItHr (Bayes) LA M K 548 ( K-Nearest Neighbor, KNN ) AR IE A [A] 43248 043 2K
JERISE , SR WK 3,
152 MEEH
) FH KRS FE Overall accuracy (OA ) Fl Kappa ZREVEAL /SR SR HER MR AT SE 1, BT F1 804
7R I P RS B TR P 25280 SR A e e 2l 1) o 2R PEfE
7 GEVT R FRAS S0 > 73 2R TR W R I 22 18] 19 22 S 1, I R AEAS [R) 7 ¥ ) 9 S8 72 22 5, OB
B2 W
By = k|
Z= (3)
var(k,) + var(k,)
A, by ky HIREHIE, var(k)) Mlvar(k,) RERBHFERITT 2,
BT BRI IR BE KA 200 F L 3850, X DU 53 26 45 (B RE RN o3 A BE A T VA
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Table 3 Advantages and disadvantages of each classifier and parameter settings

esit Pesi R SR HE RIEZH

Classifier Advantages Disadvantages Parameters Best parameters
A Depth 3
B A RE S50 - python H## sklearn fY

RF o o XA B AN Max tr ber 300
FEAf R D TR gn’dscarchercv[‘%g] o free number

Variable PerSplit sqt

Sk 2 0 4 L B T Kemel type tbf

SVM ZALRE IR o MATLAB i Libsvm” (23] C 2
Gamma 0.5
Baves XA TR i1 g TR A X 7 £ FETEMRR TR, ok A AL T P %
e Py e P2 457 122 1k
. XTI 22K A8 IR TIEAS S fi A3 1Y
KNN S S UR LS St R A ) 4 T ;g K-value 3

RF: BEHLAE#L , Random Forests; SVM : 3 3 [6] F 4L, Support Vector Machine ; Bayes ; U1 -3t KNN ;: K £z 740 , K-Nearest Neighbor

1.5.3  Sp iRl S fiE bk

FERAR A IEE R R ] WO o6l | LiDAR 0 Fi BRSO B0 U8 SUBCHE R D K 22 55080 VR A T =X, #  40
AL, I PR AR 7 ZERE FE A Kappa R4, FIE B TR R ARG - RS 22 5 . Z a3 TR
1o ) 0 AR B HE S 43 SAREAE B B2 N S AL 300 o 0 i o XA 78 0 0 o 0 SR P S i
THRBTA /3 8RR A,

2 #R

2.1 SrIREMAE LA

KA RN HHNE R 2 G EE R IR 4, S B2 = 2R HEF 4 RF  SVM  Bayes | KNN, U35 (1
SVAKE BE e 035 25 5 . HOPRS BE BN KNN 43 2645% , OA il Kappa REUINT 0.9, 73 =F /0264519 OA HI
Kappa RE T 0.9,

R4 BOEERE

Table 4 The accuracies of all classifiers

eSSt EHNEEE, % LEES S S0 Z it
Classifier Overall accuracy Kappa Classifier pairs Z-Statistics
RF 95.63 0.948 RF-SVM 2.5727*
SVM 93.72 0.926 RF-Bayes 3.739 "¢
Bayes 92.60 0.913 RF-KNN 4.3605 "
KNN 88.29 0.861 SVM-Bayes 2.8889 "
SVM-KNN 3.3793 "
Bayes-KNN 4.9818""

B RARII I REE R ILI 2, Bl LI B KNN 2328 85 10 0 A R B R 220, 75 =70 RAv i)
IR A BE I3 A WA B — 2

FANTIE) F1 20 BAE R ILIEL 3, A [R) 73 2R A8 XA [RI B ft B i 2 175 DA ], 26T RF 2028 2R B4Rl 1 2340
I, BREHEZ A, RN F1 B85 F 0.9, HoAh /3 2825 10 4 W TS B2 25 5 480K, 0 B SR fIK 17
KNN 732885, BREZLSE 7, o A AN Rl F1 20 B9 T 0.9, Bayes F1 SVM 202848 FH AU 0 B Al F1 23
BE T REER R RF RAYZEHIE L JUHOR 22 RER/NHE 20K B BT RF 732688, 45 1 RF
GES NP E S ST
2.2 ZUEEENGE vk

T RF P2 2 IR IR BE 22 5 A3 5, A B IRURSE R 22 ] ) (o VAR A5 R I3 6, Sl
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Fig.2 Classification results of different classifiers

RF; FiHLARHK , Random Forests; SVM ; SZ ¥ [B] f AL, Support Vector Machine ; Bayes : D1 -4, KNN . K #T 4 , K-Nearest Neighbor

— BRI | S AT EE N Kappa Z B0 i 2R ASHERR 200 D g e Kot LIDAR Hiodls | al WG Hdls , H =34 2 [a]
25 R UL =P B i £ S B R IR 20 510 & OGS B, A5 Ha i R ] IS5 S
x5 SHEBERAKEEZR

Table 5 The accuracies of different models

R IR Gy HEAE SRS e
Data source Classification feature Overall Accuracy Kappa
PR AL SUEURHIE (IMH 5 2 IR RS ) 74.66% 0.711
Single data source LiDAR LEFIHAE ( DEM+CHM+ 5 2= 551 ) 77.45% 0.741
G DGR (A AR B 0+ MNF 3 ) 87.33% 0.853
MU A ARG+ RS SUBLRFAE + G R RRAE 90.42% 0.889
Dual data sources Al WIE+LiDAR SR +E5 A R E 87.68% 0.857
REHE+LIDAR JERERFAE + 25 H RRAE 93.43% 0.923
SR AW+ + LIDAR SO + S + SRS 95.63% 0.948

Multiple data sources

LiDAR; #6735, Light detection and ranging; DEM: $07 R BB Digital elevation model; CHM ; & JZ = BE#5E%Y | Canopy height model
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Fig.3 F1 score of each tree species of the different classifiers

*6 ZIEHEER Z FitE
Table 6 The Z-statistics of different models

e Z 5l R Z it
Model Z-Statistics Model Z-Statistics
Af WLJ6-LiDAR 10.312** FGIE-1) UL+ LiDAR 4.273%*
AL - 8.023** G- FLIG+LIDAR 3.706 **
Af WL -] WOYG+LiDAR 6.911"* G- E LI+ A G 2.573"
Al OG- 6 HE+ LiDAR 10.029 ** G - GG+ AT WG+ LIDAR 4317
A UL T + 1) DY 8.394** A I Y6+ LiDAR-75 63 + LIDAR 3.597**
A -G+ AT UL+ LiDAR 10.683 ** ] UG+ LiDAR- 5 Y61 + 7] W' 3.445**
LiDAR-#= G 1% 8.219 ** Al Wt +LiDAR- 6%+ Al Wt +LiDAR 4.339%*
LiDAR-7] Il Y +LiDAR 6.802"* 7 M3 + LiDAR-=5 G + 1) LY 2.812**
LiDAR-# )i +LiDAR 8.568 ** G+ LiDAR- = 6+ AT WO+ LiDAR 1.504
LiDAR-#E DG+ A WOt 8.307 e G+ ] DG D%+ AT UG+ LiDAR 2.899 **
LiDAR-# i+ 7] UL+ LiDAR 9.419**

MAEHEIRT , 1T WICEE & LiDAR KU 1970 ST 50 I 74.66% \77.45% $2 T+ 2 87.68% (4 5) , =54
B TR R G AR 1 RS B (0.35% ) o TR I FRAS 6 0T DU\ LiDAR B8 K B i — 2543
BIEETT 3.09%H 6.1% , 15 90.42% H1 93.43% , H.22 5 0 035 i 24 i 4 v 5040 R ) I ¢, 452 w85 D6 3 5
LiDAR Z55 0 R AR T} 2.2% 5 B i i (95.63% ) ,(HZE A3 (2=1.504) . mLiES LiDAR 454 RYBLIAL
AT A G b DX A3 25 R, 5 TN RT LSRR O Wl 25 B e 0 A

ANE o R AR Y B VRS R AN R 4, FSP R R I R S5 AR, G045 23 5 R BE R AE . DEM . CHM 45, Hik
SEAE R R B, an el it YAk 24 I S5 50 ( Modified Photochemical Reflectance Index, MPRI) | 2 2 & & 455X ( Datt
Chlorophyll Content Index, Datt) , I 1#8 %% ( Red Edge Index, REIL) , ¥ %% 48 #% 48 %X ( Soil-Adjusted Vegetation
Index, SAVI) , f£H E % F5%L 1 ( Anthocyanin Content Index1, ACI1) %%, SUBARAEA MNF A9y 150 i 8 2
PEARXTRLAR . b SO G B SRR 1Y 2V 2 i T L0 RN G i 5 3 i 4E B0 3 fin , MINF B i T
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Oy R BRI T R, R L R/ N MR PR A B A DY A R A 1 [ N 2 B R R 2 A B, AR AR
oy A o LR B

Height DEM
Heightf_mean

NDV!
MRESRI
SIP!
Red_entropy
Green_correlation
MNDV]

B550
Green_homogenei

Blue_correlation

Blue_secondmoment

Red_homogeneity
Green_entroj

Red_dissimilarity
ed_mean
Blue_homogeneity
Green_contrast

Blue_entroj
5660-756
RI2
Red_entropy

Height_mode
Blueivanzmge

S USAE Classification features

Blue_dissimilarity
ed_varience

- Cl
Red_contrast
Green_dissimilarity
Green_secondmoment
RVSI

Greenivarianclg

Blue_contract
Red_seconﬁmolranent

TTTT T I T T T T I T T T I T T T I T T T I T T T T T T I T I T T I T T T I T T I TTTTT

| | | | |
3.00 4.00 5.00 6.00 7.00

HEH Importance/%

B4 HEBAEEEY
Fig.4 The importance of different classification features
DEM. f&?%@*ﬁﬂ, Digital elevation model; Height_mean; ﬁ%%@iﬂjﬁ, Mean canopy height; Height_95% . )2 7 95% ﬁ{ﬁ’;ﬂl, The
95% quantile of the canopy height; Height_90% : 7)2 &% 90% 70 %%, The 90% quantile of the canopy height; CHM ; )2 = B K], Canopy
height model; MPRI; ﬂll&j“ﬁ4ﬁ$’}i§ﬂ?§‘ﬁ(, Modified Photochemical Reflectance Index; Datt NS5 S s iy Eﬁ, Datt Chlorophyll Content Index;
REI. i E’%ﬁ(, Red Edge Index; SAVI; ﬂ%*ﬁﬁ%ﬁ(, Soil-Adjusted Vegetation Index; ACII WHESEBE , Anthocyanin Content Index
1; Vog2: Vog FHBEFE L 2, Vogelmann Red Edge Index 2; PPR: MY ORI , Plant Pigment Ratio; Green_mean ﬁfﬁ(&gﬁﬂ]ﬁ, The mean value
of green band; GI. Zi%fﬁ*‘é%(, Green Index; NDVI; Uﬂ*’ﬂﬁ*ﬁ%ﬁ%&ﬁ, Normalized Difference Vegetation Index; MRESRI : PRHELT I HO A B H8
%ﬂ(, Modified Red Edge Simple Ratio Index; SIPI: élﬁ‘iJKﬁfUE‘Z@%TE%&, Structure Insensitive Pigment Index; Red_entropy: éIﬁ‘ﬁ@ZE’iﬁE‘uklm,
The entropy of red band; Green_correlation : ﬁﬁ‘ﬁ(ﬁ&*ﬁi@lﬂ:, The correlation of green band; MNDVI. AR S — AR 2T A i dE ﬁ, Modified
Red Edge Normalized Difference Vegetation Index; B550: 550nm Ab 3 BEE , The band value of 550nm; Green_homogeneity ; LI B E M | The
homogeneity of green band; ARI2; £ XS54 2, Anthocyanin Reflectance Index 2; Blue_correlation: #4563 BeAH5& 1, The correlation of
blue band; Blue_ second moment; ¥ Y6 BE - B4H, The second moment of blue band; Red_homogeneity ; 216U BRI, The homogeneity of
red band; Grenn_entropy: £ Btf5 B, The entropy of green band; PSSR #5 (0 FE f # LL{HFE 4L, Pigment—Specific Simple Ratio; Red_
dissmilarity ; LTI B AR S, The dissmilarity of red band; Red_mean: 215 BEY M, The mean value of red band; Blue_homogeneity : WG
Btt[El 1%, The homogeneity of blue band; Green_contrast; Z&IGHEEEXT LB, The contrast of green band; Blue_entropy: #5%i B {5 B4, The
entropy of blue band; B660-740; 660—740nm #:¥4J{f, The mean value of 660—740nm; RI2. HL{EAE#EE F135 %K 2. Ratio Index 2; Height_mode
2 = EAEL, The mode of the canopy height; Blue_variance: ¥5GiBARHEZE, The variance of blue band; PSI: fH#) 1 #8%K, Plant Stress
Index; Blue_dissimilarity; #YGI BeAHSFPE, The dissimilarity of blue band; Red_variance: ZLYGIEBIbREZE, The variance of red band; CI2; I
£ F5%8 2, Chlorophyll Index 2; Red _contrast: L% Bt X L, The contrast of red band; Green_ dissimilarity: %% B AH 5 M, The
dissimilarity of green band; Green_ second moment: Z¢YGUE B B4, The correlation of green band; RVSI: ZLiIHE 9% & J1#5 %L, Red Edge
Vegetation Pressure Index; Green_variance; £RYGIEBEARIEZE , The variance of green band; SR: ZLiIEPR | The slope of red edge; Blue_mean: i
Fei Be I, The mean value of blue band; EVI: M58 BAH 154X, Enhanced Vegetation Index; MNF1 . /N 43 B AR #4321, The first
component of the Minimum Noise Fraction Rotation; MNF2. fiz/NW 75 43 B A8 4 43 i 2, The second component of the Minimum Noise Fraction
Rotation; Blue_contrast; #5YGIEEBEXT LI, The contrast of blue band; Red_ second moment; LGB %, The second moment of red band;
B750: 750nm 4L BE{E, The band value of 750nm; MNF3. /N5 40 85 45 32 43 f 3, The 3th component of the Minimum Noise Fraction
Rotation; MNF4; fz/NEE 7 7B A8 #6431 4, The 4th component of the Minimum Noise Fraction Rotation; MNF5 . fc/NEE R 3B AR 431 5, The

Sth component of the Minimum Noise Fraction Rotation
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Fig.5 Spectral curves of each category
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