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Classification of Unbalanced Agricultural Hyperspectral Data
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Abstract; Hyperspectiral technology is widely used in agricultural natural resources such as agro-
ecological environment and land resource protection. Spectral imaging technology can effectively classify
and identify ground objects. Therefore, the classification of hyperspectral data is one of the important
contents of hyperspectral research. Category non-equilibrium problem is a common problem in agricultural
hyperspectral data, and the classification quality of minority classes has great significance for the effective
classification of hyperspectral data. However, the classification of minority classes is affected by the
dominant majority classes. The general classification algorithm tends to the dominant majority classes
classification, so that minority classes are usually submerged in the majority classes, bringing great
challenge to classification accuracy and recall rate of the minority classes. The classification quality of the
minority objects was studied in agricultural hyperspectral data. In order to improve the classification
quality of minority classes, an oversampling technique SMOTE was proposed to add new samples for the
minority classes. At the same time, the effects of new sample generation strategy and minority instance
sampling rate on the classification results of minority samples in the agricultural hyperspectral data and
the matching degree between the classifier and the model on the unbalanced data set were systematically
studied. A multi-class classification SVC technique was used to classify minority classes on a new
sampling data set, and it improved the classification accuracy of the minority classes in unbalanced
agricultural hyperspectral dataset. The experimental verification was carried out on the real data set, and
different classification methods and system parameters were tested and compared. The experimental

results showed that the proposed method can greatly improve the effect of minority classification in
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unbalanced agricultural hyperspectral data. The weight precision can reach above 0. 82, the weight recall
rate was obviously improved from 11. 11% to 26. 15% ,and F, was increased from 5. 81% to 40.85% .
The method can provide a reference for the unbalanced agricultural hyperspectral data to improve the

classification effect systematically.
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12 Soybean — clean 593 5.79
13 Wheat 205 2.00
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3000
2500

o 2000

i
= 1000

500
0
3 4 5 6 7 8 9 10 11 12 13 14 15 16
e

B2 Hodl S RE AR S50 3 A

Fig.2 Illustration samples distribution of Indian

Pines datasets

3.3 HEBEER

T A2 B A3 S T 45 R 1Y) BT o R RO
17 RGBSR 53 Mo € L T, (True positive) 4
TEZE9f Hoth g 3500 % 1E 28, F,, (False positive) & 7
AP FM %E 28, T, ( True negative) Sy £ 2 4k 51 0
12, F, (False negative) by 1F 288 F00 Al £ 2%

IPREE RN T A T7 T AT RE R IAUR E p,
( Weight precision) Il A4 0] Z r ( Weight recall ) |
IR F R HE 7 EUER R A, (Accuracy) K Y JL
X G, 1 fE B P 15 %X (Index of balanced
accuracy , IBA ) fll Kappa 2% K, . & X457 51H

m
Esipi
o

n

$;
i1

P, = (8)



FHRR SF . T SVC M RAE B9 28 AR 45 Al 5 3 Ko 7 2% 261

5% 6 1
zsirl
o= (9)
S
=1 '
S d
Fo= = (10)
S
T,+T
A — P N 11
C T, +F,+T,+F, (1)
T, T 2p.1,
o P,‘z»[ ri:‘P‘ - PiT
T,+F, T, +F, p;
A s, EREN OB RS
i GRS 2 ], B R — 2 2R
PR EL

T,—% i 2 T, {H
Fy——55 i 500 F,
Fy——% i 208 F, {8
pi—5 i SR
CRESUEDES

r;

iKW F, R
Gy BE 1T PPAl AN 53 S0 B 53 2R RE
PN BE ) TL AT - 2 6 A
T, T,

G, = 12
" T,+F, T, +F, (12)

G, TE AT TS 1 RV 45109 ) B B I A
TBA Jt e 7 95 2 0l e 06 55 5 10
2 Bl 2 A %
13/19:[1+6(T,,—TV)]T,,T“ (13)
L JORTFA P15 LB 0,30 0 A 1,
Kappa 20" K, W06 1 5 b FHL - i 4K 7
O 0 43 6 3 15 MR DL I ORG240 L R E | 2 2%

i e LY
=F p, PEAG 2 2 (B AH G 2% 3 B — 3= L Y
Ak
p,——— B0 UL T B

i FHWL 5 3 1) i ok T H 5B S LB BE ML & A
KRR AR K, e (0,1),K, 7£ 0.61 ~0.80 Z i) 5%
RS R LA B — B
34 HEEmE

e U B s A R AR Bl 5 b XL T SVC Al
Bt HIL 7% Ak ( Random forest, RF) ™' #£ Indian Pines ¥{
i SR Y 7> 2R HERR

P 3 J2X) Indian Pines Ji 4 %0 45 46 AR AT B8
WA TP 2T I 2y R 5. R T0% $ i 4R

N 30% E0 P2 42 VE i 4 . 7E Indian Pines
JEL iR K s 4 b SVC FE T A 28 by o R UE B R
0.78, /DRCE I 4r S UERF K 0. 65, RF 16T A 2 |4
FEMER Ry 0. 82, 1E/DELE b 43 KUk % 0. 38
L5 RFRN] SVC 7 It i 4 b i 7> 2R i AR L RF
ik 4. 88% AHZXS TR M 43 K UERG % ,SVC [L RF
" 71.05% . Bk, SVC MBS BRI T RE,

SVC

G2k
& 3 Indian Pines {38 £E 70 2585 & % e
Fig.3 Classification accuracy comparison of Indian

Pines dataset

XoF B0 A B v 1 /D B i T SMOTE R Z TG,
TERFERUE A [, SVC Fl RF By 40 2 i 1 % A BT 12
LAY AR R 32.93% il 16.46% . 45 W, SCV
TR b Y 43 28 vE A S8 A4 & 1Y B B T RES
PRI, A SR I SVC X e D 1 A s i A7 43 25

Bl 4 24 R i 8R4 B SVC - R B
FELME Rl o AE 16 2800 B B i 2 AR 5, A R
16 DNEIHARYS . B 4 AT LI ), SVC 78 K R AE
R v DT B A b A R ROR AR BRAR, S HE X b
BT 4.7.9 X 4 A0 2K B IR

1 2345678 9101112131415 16
RS

4 JEIREUR SR SVC 4325 9 R 5 4 I

Fig.4 Confusion matrix of original imbalanced

dataset with SVC

3.5 SMOTE S# X EERNENn
3.5.1  HrAEA AR ORI
SMOTE WS40 k 3B R 6 i, Ko dls 45 /D Rk



262 & A Bl B ¥ i

2019 4

WHIMER R NE 2 Fra. K2 alLIE H,SVM 3§
WX 0 B2 o R A R W2 r F Gy, F
IBA Z5RBHE 3 1RG4

%2 SMOTE i) 4 Fgi A8 &£ R M 3 D 8K B9 %
Tab.2 Influence of new instance generating strategy of

SMOTE on minority classes

Mg Pu Tw Fy Gy IBA
Regular 0.96 0. 86 0.90 0.92 0. 84
Borderlinel 0.96 0.85 0.90 0.91 0.83
Borderline2 0.95 0.83 0.87 0.89 0. 80
SVM 0.95 0. 87 0.91 0.92 0.85

R TR RE R AR A SR W 4y
RUET AL, TE & Ry 6 I, R T B 4 26 1
TR 4 R REA AR RS 1 O 2R, S5 R A S By
o S ATRLE 4 A5 SVM 9 D028 73
FEUERf K f =, o 0. 873,

Borderline

i
S A [l A R s g 20 B2 14 43 28 iy 3

Fig.5 Classification accuracy of minority classes

Regular Jorderline2
K

with new instance generating strategy of SMOTE

3.5.2 Sk

SMOTE S FEA A B SR W Sy SVML I, /b $ 2k 45
REESSHEFLRME3 P, N3 WA
ko 6 I A BRI A RAEIMALH [ R r, F,
G, FIBA 545 b HL4F

x3 VHAERESESSHINXER
Tab.3 Classification performance of minority classes

with parameters & of SMOTE

k Pu T, F, Gy IBA
3 0.95 0. 86 0.90 0.91 0.83
4 0.95 0. 86 0.90 0.92 0.84
5 0.96 0.85 0.90 0.91 0.83
6 0.95 0. 87 0.91 0.92 0.85
7 0.96 0. 86 0.90 0.91 0.83

N TRt RE SRR X S R
FR R ], 7 2 R S S SVMLIRE, I T 4 B i 43
RUEHRGSRE MR AR IE 6 fin. S8k
AHUETE R 3 ~ 7. DBCEREY R UER R 0. 855
~0.873, Hovh, k Oy 6 I, 7 28 A R f o, R
0.873,
3.5.3 DHERFEARR

G R T A BOER A R y SR A

Ko DREMIEEMESSHEENLR
Fig. 6  Classification accuracy of minority classes with

parameters k of SMOTE

R F MRS R mE 7 Fis. BT TR 1, R
JH SMOTE X DR R FEW) p, v, FF 5200 R T
FHORFEME R g o 1 ~4 i, R TR R R,
por, FF Ay A4RF T 8.67% 30.58% F125. 81% ;
REEAERN S ~ 1S WF,p, 1, FIF B W], 25
P Ra s, B B i e

1.00
0.95
0.90

i 085

0% 0.80

# 0.75

0.70
0.65

0.60 = 2
1 23 4567 8 9101112131415

i

7 REERER g S, o, FIF KR

Fig.7 Relationship of precison, recall rate and F, with

sampling ratio n of SMOTE

3.6 Kappa &%

S8k Ry 6 I, D EE AR BRI Kappa &
K, 5 SMOTE w3 BEAS AR JSR W 1 < R AN 141 8 iy
N 4 AR G AR 26 K, AR
0.768 ~0.829, H 1, SVM K 1% 1) Kappa & 3 &,
& 0. 829,

K8 BTREAS AR UK S K, IR
Fig.8 Relationship of K, of model with new instance
generating strategy of SMOTE

DR B EEALEY K, 5 SMOTE 24 k
KEME 9 Fim. S8 EWIRELE N3 ~7, b
B IEH K, JE B 0.803 ~0.829, Hovp k6
i, Kappa 250 & M 0. 829,

I AR — Pk K, SRR, S8k
6 fif , SVM 5 s HUAg e L 45 24 o
3.7 KX LE

F 4 J& SMOTE S8 k & B 6,k JH SVM K nk
I, L AR R AR R S MR AR s 4R R p, o, FOF,



6 1

FHRR SF . T SVC M RAE B9 28 AR 45 Al 5 3 Ko 7 2% 263

9 ZHkEHK, KR
Fig.9 Relationship of K, of model with

parameters k£ of SMOTE

R4 IREHIREMREREESE L OBZORAERET L
Tab.4 Classification comparison over sampled and

original unsampled dataset

o SR A B 4 JE R B 4
'y r F, 'y r F,
1 0.94  0.96  0.95 0 0 0
4 0.99 0.82  0.90 1 0.65 0.79
7 1 0.75  0.86 0 0 0
9 0.82  0.45  0.58 0 0 0
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