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Hyperspectral image classification evaluated across different datasets

Pan Erting', Ma Yong" ?, Huang Jun'"** | Fan Fan''?, Li Hao’, Ma Jiayi"*
1. Electronic Information School, Wuhan University, Wuhan 430072, China; 2. Institute of Aerospace Science and
Technology, Wuhan University, Wuhan 430079, China; 3. College of Mathematics and Computer Science ,
Wuhan Polytechnic University, Wuhan 430023, China

Abstract: Objective Hyperspectral sensors are evolving towards miniaturization and portability with the rapid development
of hyperspectral imaging technology. The acquisition of hyperspectral data has become easier and less expensive as a result
of this breakthrough. The broad applications of hyperspectral images in various scenes have arisen an increasing demand for
high-precision and detailed annotations. The growth of existing hyperspectral classification models mainly focuses on super-
vised learning, and many of them have reached an almost perfect performance. However, nearly all of these models are
trained and evaluated in a single hyperspectral data cube. On this condition, the trained classification model cannot be

directly transferred to a new hyperspectral dataset to obtain reliable annotations. The main reason is that different hyper-
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spectral datasets are collected in irrelevant scenes and have covered inconsistent object categories. Accordingly, existing
hyperspectral classification models have poor generalization capacity. The further development of the hyperspectral image
classification model is also constrained. Consequently, a hyperspectral classification model with a generalization capability
and ability to adapt to new and unseen classes across the different datasets must be developed. In this study, we propose a
specific unique paradigm, which is to train and evaluate a hyperspectral classification model across different datasets. As
previously mentioned, some new and unseen categories might be encountered when evaluating the classification model on
another hyperspectral dataset. We introduce zero-shot learning into hyperspectral image classification to address this prob-
lem. Method Zero-shot learning can distinguish data from unseen categories, except for identifying data categories that
have appeared in the training set. Zero-shot learning is based on the principle of allowing the model learn to understand the
semantics of categories at first. Specifically, this mechanism employs auxiliary knowledge (such as attributes) to embed
category labels into the semantic space and uses the data in the training set to learn the mapping relationship from images to
semantics. On the basis of zero-shot learning, we introduce hyperspectral category label semantics as side information to
address the unseen categories in the classification across different datasets. The overall workflow of our model can be divid-
ed into three steps. The first step is feature extraction, including hyperspectral image visual feature extraction and label
semantics extraction. Hyperspectral image feature extraction aims to obtain high-level hyperspectral features with great capa-
bility to distinguish, and we refer to them as visual features. Most existing hyperspeciral classification models are designed
to extract robust hyperspectral features and have fine classification performance. Hence, we directly fine-tune current mod-
els to embed hyperspectral images into visual feature space. In the label semantic extraction, word2vec can map each word
to a vector, representing the relationship between words. We employ word2vec model trained on a large external corpus to
obtain hyperspectral label vectors. This model embeds a hyperspectral category label into a label semantic space. The sec-
ond step is feature mapping. According to the choice of embedding space, this mechanism can be divided into visual to
semantic feature mapping and semantic to visual feature mapping. Feature mapping is used to map these two features into
the same feature space, and the model learns and optimizes the mapping on the basis of the correspondence between the
hyperspectral data and annotations in the training set. The learned mapping establishes the correspondence between the
hyperspectral visual features and the label semantic features. The third step is to employ this learned mapping to perform
label reasoning on the testing set. Specifically, the mapping is applied to the hyperspectral visual features and label seman-
tic features of the testing data, and the corresponding labels for the test set data are inferred by measuring the similarity of
the two features. Result We selected a pair of datasets collected by the same type of hyperspectral sensor for comparative
experiments, namely, the Salinas and Indian Pines datasets. This step is conducted to avoid the issue of differences in the
physical representation of the object spectra resulting from hyperspectral data collection by different hyperspectral sensors.
The workflow of our method is divided into three steps; thus, we adopt different models in each step for comparative experi-
ments. We compared two visual feature extraction models, different feature mapping models, including visual to semantic
feature mapping models, and semantic to visual feature mapping models. The quantitative evaluation metric is top-k accuracy.
We listed the results of top-1 accuracy and top-3 accuracy. Experimental results show that the method that employs spatial-
spectral united network (SSUN) as the visual feature extraction model and relation network (RN) as the zero-shot learning
model reaches the best performance. Comparative experiments in different visual feature extraction models demonstrate that
SSUN can obtain more distinguishable features because it considered the features in the spatial and spectral domains. When
compared with the results from all models related to feature mapping, the semantic to visual feature mapping models outper-
form the other approaches. This result indicates that choosing visual feature space as the embedding space is a preferable
alternative. We also analyze the reason for the current unsatisfied classification performances in detail. Conclusion In this
study, we propose a specific pattern to train and evaluate the classification model across different datasets to improve the poor
migration ability of the existing classification model. We introduce the semantic description of category labels in hyperspectral
classification to cope with new and unseen categories in a new hyperspectral dataset and establish the association between seen
and new datasets. The experimental results show that the feature extraction model SSUN improves the performance, and the
semantic to visual feature mapping model RN outperforms several approaches. In conclusion, the proposed hyperspectral clas-

sification model based on zero-shot learning can be trained and evaluated across different datasets. The experimental results indi-
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cate that the proposed model has certain development potential in hyperspectral image classification tasks.

Key words: hyperspectral image classification; deep learning; feature extraction; zero-shot learning; semantic features of

hyperspectral data
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PR, AN 3 F 7, B 25 4 B2 TR RI0KE 2 55 0
IR A R A A58 4 fE RN S 50 0 SCERAE o | 1
aob B AR R R AR DA A 0 X 5 2L 1 %o
N IARAS:

B T BE B2 ) O i Rl T iR 4R o 2
BT EARYE PR IE M SO B B i1 74028, Lo
AR DeVise F1 ALE B AL B A5 /2 1 %5
AR R T IIBR A HEA B R BREL . SIS A R
PERNE KRG B FEFF W 1Y SAE ( semantic auto-
encoder) (Kodirov 45,2017 , 38 o 3158 852 J5 P 45
MEZIH] Y 4% 5% R B, 70T 1 K S8 (8 2R 26 ok #E 3
bR
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Fig.3 TIllustration of label reasoning( (a) semantic-visual

label reasoning; (b) visual-semantic label reasoning)

BE R T8 SCRFE A B BEATIC G . S AT ¥k
FH AR [T k= A A AN TR, RN e 5% 0 it
TREE = 2] S ARAZE & AR EARRURE 1 iR AL
AR I SCRFAE 2 75 DT I, 1] 45 2 AR SC 2 Y
SR R RAR S 1 ARIERCINAE 52 0,

2.1 LIOHE

ARICHEEFE T Salinas 54 (SA) Fl Indian Pines
BARAE (1P) AT XS L 325 , AR R L (1) 55
PR EIE 4 F1E S s, X A AU 4
AHLUFERF 1) SA H1 1P B yi 48 2& th AVIRIS £
TR AR, G % B LA 400 ~ 2 500 nm ;2)
P BRI R A A AR X, A 5 A [ R VR
9 . IR A FRAS N A bR SRR H Ik 1
Jii7R o 9351, Salinas FUdl 5 K/INA 512 x 217 x 204,
Indian Pines ZXHEEE K /Nl 145 x 145 x 200
2.2 KWigE

ARSI AT B HE A A N G AN, B T
PIZLSC 56, —J& DL SA MYIZREE 1P S4E | id hy
SA-IP, 2L IP A ZR4E , SA R4 | id ly IP-
SA, WK 1 FrR, 1P FA JLA SN B A bR T
D 55 FECN A AR AR SO AR R
FEAE>F200 09200, Kk 2 5 U1 25 AT ik i 2
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map of Salinas dataset( (a) false-color image; (b) ground truth)

(a) PHEE
K5 Indian Pines 3R4E I hF KA SH PR &K

Fig.5 The false color image and the corresponding

(b) ZHR%E

(a) P
Kl 4 Salinas ZUH5E 5 DA # IS % R

Fig.4 The false color image and the corresponding ground-truth

(b) ZF%Hr%EI

ground-truth map of Indian Pines dataset

( (a)false-color image; (b) ground-truth)

% 1 Salinas(SA) 70 Indian Pines(IP) HiIFE MK B R R EREH A E R

Table 1 Categories and the corresponding number of labeled samples of Salinas and Indian Pines datasets

SA P
G
bR PR Ko B IERRE bR 24 PR K B IERR
1 Brocoli_green_weeds_1 2 009 Broceoli green weeds 1 Alfalfa 46 -
2 Brocoli_green_weeds_2 3726 Broccoli green weeds 2 Corn-notill 1428 Corn no till
3 Fallow 1976 Fallow Corn-mintill 830 Corn min till
4 Fallow_rough_plow 1394 Fallow rough plow Corn 237 Corn
5 Fallow_smooth 2 678 Fallow smooth Grass-pasture 483 Grass pasture
6 Stubble 3959 Stubble Grass-trees 730 Grass trees
7 Celery 3579 Celery Grass-pasture-mowed 28 -
8 Grapes_unstrained 11271  Grapes unstrained Hay-windrowed 478 Hay windrow
9 Soil_vinyard_develop 6203  Soil Vinyard develop Oats 20 -
10 Corn_seneseed_green_weeds 3 278 Corn green weeds Soybean-notill 972 Soybean no till
11 Lettuce_romaine_4wk 1 068 Lettuce romaine 4 Soybean-mintill 2 455 Soybean min till
12 Lettuce_romaine_5wk 1927 Lettuce romaine 5 Soybean-clean 593 Soybean clean
13 Lettuce_romaine_6wk 916 Lettuce romaine 6 Wheats 205 Wheats
14 Lettuce_romaine_7wk 1 070 Lettuce romaine 7 Woods 1265 Woods
15 Vinyard_untrained 7 268 Vinyard untrained ~ Building-Grass-Trees-Drives 386 Building Grass Trees Drives
16 Vinyard_vertical _trellis 1 807 Vinyard vertical trellis Stone-Steel-Towers 93 -
TE: =7 RIS TA PR REARGL D (KT 100) , AZ 5 VIR,

IP H iy 12 A5 SA Hig 16 241,

o

ST IBAG R W SR BOL 1 — 28 VR AE Rl A | A SCHT

EF 1 G BRI SRR A T G EHR 1Y)
P ARFE SR, o3 B8 SRR i e Js — > 4 )22
FRFNRE R LSS AFAE . A SO e fE 1 AL R
PEIBUGTRY JEAT SE 50, — > 2 A0 HDE G AR AE A RNN
(recurrent neural network ) %Y ( Mou %5 ,2017) , 1% M

ARSI VSR top-k RHERH RAE I PEREPEAN 45
HAL SR EATUNT
1) BBERFAE SR OB 7 S0 A e ' 3 Xt
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2R I 18 77 90 A 1 (50 P08 B o 28 I 6 8 AR
SO FH 2 190 26 B SR P R R 4B BB Dy 128 45 55—
A G —25 [B) - E 9 SSUN  ( spectral-spatial
united network ) #E7 ( Xu £5,2018) , 1% W 4% F) FH %5
A3 3 48 53 ) B B S TR AE DG T R AE , JF e ST
A 28— 2D B 2S5 I B R AIE , A SR T Z 1)
ZRSE I LT RRIE R 512 4,

2) AR, R B A P AR 22 280
HRIE 1 2 PR L Y, 5 B AT AL BRERAE . B
S BRI 44 B v &> 5 v ) 1) 2 2 2 AR
FHUNZRGF RS e © R R 2 vh A 0] I i 23
A BT X N7 4 ) ) £, SR S5 AIRIRAF- 48 15 30 4 —
AN A4 BRI IRl ] H T B R TR
BRI IR, 1A 2 T A 1 28 031 44 PR AR BE LE TR
JE T R BT 7 4 B R] , PRI AR SO BB 1) 44 Bk
AT TAEIERGOE . e 4n“ Brocoli” 48 1E A “ Brocco-
Ii” “notill” LA & “ mintill” #7825 “no till” F1 “ min
till” “Lettuce_romaine_4wk” F ) “4wk” T B 24
SR (X I AS & — > TR Y SR | PR A SOk
AL R “ Lettuce romain 4755, AR SCSZEG H HL
A RIE I 5 A2 A PRSI R AR 1 s . A SC
a1 7 A4 JORT ) A s 2 B IR word2vee £
B4 (Mikolov 45,2013 ) ,iZA A 4155 300 J7 i) Al
LR ) 5, 4E B2 300 2k, AR word2vec &
K= A ] ) k) 28 BLABE R ol 9 2 04 0L)23 I 284
MBSt T 200 3m) ) 2 e S5 38 53 A1 OB 200 3R] )
i, I word2vec I, AT LUK R G AN R Bl
V1R 0L 0 2K B 25 e S 2 [] — AP E 5[], 75 3 g2
B2 FRA T SUHEIRFRHE

3) FAEMLSS . FRAEBESS T A E g A
PLGE A LA S ) 20 1 SCRPE 2Z 8] Y SEHKE . AR 3C
O E— 1 SCRRIE WL i SC— RS R A S 7
EPAT T S50 IE , f135 DeVise, WLE ( word 2vec
label embedding) , SAE, DEM F1 RN 3% 5 Fi4y: | 52
9 v T R 25 A B BRI AH DG S 5k a3k 2
B
2.3 ZIRWHER

3 PEIH T RIS R
[F]—FEAE P BT RY A PR REXT LE . R4 2 B
B AR TP AT N G, AR SCHR Y 43 28
SEE B AR AT IR, e b IR A
16 O N 2B A 45 2 A AR AEA Y 10% I

®2 J[EBBXSHIRER

Table 2 Parameter configuration of comparative methods

s ZH

DeVise ( Frome % ,2013) Margin=0.1; r = 0.000 1

WLE ( Lampert %,2014) r = 0.001
SAE( Kodirov % 2017) A = 100 000;r = 0.000 1
DEM ( Zhang %5 ,2017) A =0.000 1;r = 0.000 1

RN(Sung %,2018) r = 0.000 1

1 : Margin S5 5% eR B AT - N FR SAE AR EE
R IE N AL R 5, DEM b A g5t 2k sR B 1E AL R 4,

&3 AHSEEXHNEIEER
Table 3 Experimental results of two classification patterns
/%

RNN SSUN
Y Zr— SA-SA SA-IP SA-SA SA-IP
ARG 93.42 8.23 99. 78 10. 17
Y Zr— IP-IP IP-SA IP-IP IP-SA
SRS 94.97 6.03 99.97 6.67

YREEUCR 200, LR K/ R 128, SEE S5 AL R, A
SSUN #&# | 7£ Salinas B4 4 8k 1F 47 )1 25—
R, A RS FBE AT LUK #] 99. 78% , {EL Al
HPEFH ZE Indian Pines BUE4E T N IS 8 BEAL R
10. 17% o 33X WA AE B B8 4R v E 47 I 25—k
(AR EL A S 40U A A ) L, R B 38 o 3 B4 Hh a4
FERIA Rz ) oA L 25 5 X b o FEAs 2R 111 45
HH R AR RYME L 7 Ak 2 3 A A 4

0T LR SR 25 a3 4 iR, SA-IP 4
MR 12 N5, IP-SA 204 16 125501, Bk,
PR [ AFAE HEHUE 12 RNN T SUNN (9% b 52 56
SEIRFA A G A A (B R AE A T 4 A 43 2K
PEfiE, XE T SA TP BE S b KA R a2
), A0 K A R) R X3, 235 TR ARRAIE A4 R A e KA
FH TGRSR X RENS FAE SR . I,
it FHIBC G B B2 [A] RIS ARRAE A A5 TR0 R A 1) T 5
1 1= YA AR AE

XT CAR e —18 SCRFAE B 5 ( visual — semantic,
V—8) Flif SL— v FEAE BT ( semantic— visual ,
S—V) PR g 7 X i SC s 45 5%, v LA 1, 1
SRR WS 1 TR 5 25 7 S 56 oA S A 3%
B, Ju H O DEM AT RN W Ff 7 2 o PRt B O A B
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Table 4 Experimental results of comparative methods

/%
N g SA-IP IP-SA
Wi Mmoo D f’fj
JilA RNN  SSUN  RNN  SSUN
DeVise V—S  13.46  15.02  10.95 12.57

WLE V-8 8.57 10. 89 6.82 7.33

V—S 10.14 11.03 6.04  8.46

top-1 SAE
11.03  12.09 7.92  7.29

DEM S—V  16.65 20.87 10.63 9.05

RN S—V 19.87 13.75 13.26 14.11
DeVise V—S 28.36 31.21 24.52 26.83
WLE V—S 22.49 23.76 16.14 20.04
V—S 23.57 26.88 15.37 23.15
top-3  SAE
S—V  27.69 25.41 16.94 22.97
DEM S—V  28.35 34.02 23.85 26.08
RN S—V  31.67 28.36 29.82 37.46

TE :top-1 Fll top-3 # I top-k K5 E , -7 T 45 2R vh < ok
PR & A 285 R AL B IE R AR 2 10 o be o IORL - 0k R 57 B
RIS

577 1) e PSR T SURRIE B2 ik A A8 APAIE 2 (]
oSSR ST, AN 7E BT A FEAE M AR RN
R FH 3 10 45 2 ) LR A B AR TR 7 73 SN 2
AR,

BEAh, vh T X P 2 R A v R — S0 SR
{HEE 22 /B R B ZE , U1 Brocoli_green_weeds_17 Fl
“Brocoli _green _weeds _2" , i 45 “ Soybean-notill ",
“Soybean-mintill” Fl1“ Soybean-clean” & , iX #6245 Jji| 4
PR & A AT 1 B 7ETE SRR BRI Sy H
1 T HOEIE 22 AR, 7E 80t 4 vh 7 SO T AN [ Y
W, FEAR B EE R R IR I IE, IXER
Gy RIS RITETE SRR 1 0% DX X B X R R A AR Y
IrEPEREWAT —E R

3 &% it

A mOETE S 2 th TAE A B 4R h it Ay
PIZRAIINL, 1 T2 T e FE BT A RE ) 22,
TCIE IR RAE SR . A SCHR I T 85 K08 B X 0 At
FABATINZRANEAL 197730, T RO R R

it , 5 R 23 AORT Y B WL 2], A

AR S IR K, AR SCAE R LT 3 6 51 A S5 bR 28
AR SRR AR B, DA ST O R B8 30 4 AT B B 1Y
KK,

BT B DT o JARR T AR AR T L2y
3 0 ISR RIS LA bR 28 4 B, Sl
R HORE L 73 35 S P A5 A AL B R o AR 28 1) 3
SCHIA SRR 8 I R ik R 2 > AL S R A R SRR
M2 [ B SR, f5 i 45 27 > B A e S 1oy T 7 00 1 £
Bl PR R BRAS

BT ARUE GBS FEAE 8 — 3, AR SO PRl
IR — A R R A P B SR AT 5200 . SEHR A4S
SRR (A1 25 SO 1% s 18] 4 A A R0 08 4 A1 512 H
H L R A2 1) T M B iR )RR 5 B S — 3 SO
TR S B A5 X B B 4 3~ ~J ) P R AR A 22 1] ) 2B
o FREARSE UL AR SR 195 | ALE RIS
KR AL 55 A —E R SV Ty, (o, HHTRY
PSR VA B 7 SR REA R AN A AR R Y
TS ], X ARSI A B 1B 41 L
i SCH TR B USRS E A AR KR, 72 B —
AT R K B 22 5 Tk — T A (R AL, AR T
BRI 7 R S RS RE ST .
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