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Spectral-Spatial Feature Fusion by Neural Network

classification in remotely sensed hyperspectral images
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Abstract

Hyper-spectral image classification is a popular topic in the field of remote sensing. Hyperspectral
images (HSI) have rich spectral information and spatial information. Traditional hyperspectral image
(HSI) classification methods typically use the spectral features and do not make full use of the spatial or
other features of the HSI. In general, the classification approaches classify input data by considering the
spectral information of the data to produce a classification map in order to discriminate different classes
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of interest. The pixel-wise classification approaches classify each pixel autonomously without
considering information about spatial structures, further enhancement of classification results can be
obtained by considering spatial dependences between pixels. However, how to fuse and utilize spectral-
spatial features more efficiently, is a challenging task. So, the combination of spectral information and
spatial information has become an effective means to obtain good classification results. Specifically,
firstly, the principal component analysis (PCA) algorithm is used to extract the first principal
component in the original hyperspectral image. Secondly, the residual network Gabor, GLCM and MP
are introduced for each band to extract the spatial information of the image. Thirdly, the image is
classified by using SVM to get the final classification result. In this paper, we have used the neural
network classifier in the classification of hyperspectral images by integrating spectral and spatial
properties in two methods stack and the method based on binary graphs. In spite of the traditional stack
method, the use of local binary graph method to properly integrate spectral and spatial information is a
desirable method for the simultaneous use of spectral information along with spatial information
(Feature Fusion) in hyperspectral image classification. In each of these methods, the neural network
classifier is applied to the spectral and spatial features separately and then compared with the
performance of the support vector machine classifier in similar conditions. The classification results
show that the proposed method can outperform other traditional classification techniques.

Keywords: feature fusion, spectral, spatial, neural network, SVM, classification
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(Figure 1): spectral-spatial feature fusion methods [17]

PG - b (LS9 (e o2 25 1)
sl Sledbl PT93 S350 o mly slang, 3l (S
ST RPN RCURENE S TP RORVE PP S L
@ adyl byl pgas 5 Lol Jgl dalge (j05lcamon,
Jbsy GLCM oyl Joe alaghs, S8
2yl G sl Shy jelS il (eeliics,
b 3 b Sl i 5 0 o0 gl ) WbSS
oLl 5o 0ed o zlZwl syl Bols 8g5 3l paiine

LpC

OF 2l ¥ 5Ll VF-Y Jlo

53 Juaglgls eas 8 suS o o 51 Do) s
aslonds olizal SlSe ik oMbl plésl 5 2l S
9 glil LiShe) 5 510550, SO SaS 4 S, ol 50
S Sy cnl bl 15 99,5 0 e b Shyg pledl
Dgdse Jloel siadl 4y 30

Jolis o jlasliss] Sledbl slaSSl 5l cllin cpl 4o
Ok wmaddb g g0 Sl e bl nslas
L glanaad o gl ool oS o ool
Sl 03, jp 3 ol g euiSly O jpods o ylla
g

S b glaganail Awlis jglaiea
ol 5l ogz e slagts, Koo b ol daglie 5 ooleriny
o 5o Csloasass § e Indian Pines slacsls
ooliisl b lSo - il _Sug oMbl pléol 3y, alie
sloslanal b (Sig plesl (29, b (ouae 400 wiadls
SleMbl plesl g, uizmed 9 dmslio SVM anail
sheslatwl boglasl pg0ee SIS S - b
Sy bl plesl Ag; b (gras AL snaid
S ooslial b glasl gves IS e - ab
P e s e e awlie SVM snail
3 ik 28 Gl (bl pslal ganaid
I oolen solital Loaplply el sl ol
@ olise G sl Thy LS o b sl S
ol e el Al (plple 0,8 Ty Cows ppe
S EFs G 5 (el la T plesl 8550 da sty
e ot 5 it oty bl pga
F e eload (Byme (e — ik sla T plel
S -k sla Sy pleol Cuz s e slahs)
Sgyre didy by ol 4 &S Cula Sy (3 w2 25

Soaidb by gy ddey Y

b ! 5 9l

pobal ganadb 0 &5 olagds; 5l (S

S SRy G5 la xS B B e byl
Ml 5l 6T, L ocwl pear bls S
Gamanb 0 peal Glixe bl S Slees
50 08 oy Cws ioslhe mls a4 ol oo Wosls
Ot Sy cganaib siw 5 ool glaghs,
3 3 S e IS e Ty b Sy
QA8B as b oy olass S 4 had ab ol sols


http://dx.doi.org/10.61186/jsdp.20.2.163
https://jsdp.rcisp.ac.ir/article-1-1317-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.20.2.163 ]

Al

DA G5 - b o S50 9 pleol saig, (- Jgur)
(Table 1): spectral-spatial feature fusion methods [19]

. 09,5
ol Ll3e JLo 9 b9y .
0955 2}
& lals sl S
'6"‘3}3 tﬁL"’ L..S:%_
Lol iites e s lxaly
Ll <o loa——ak Pixon-ﬁ on sLm sty
P S T o based < "

Sglaie —anb Ll

S, 5 wiys o Classifier Sk
Bis aiiej gy dmdz gl | ) N MRF| ~ s gonaidy
b 2 1 (2016)Relaxation
Lol b b ol ¢ &7 U=5+ HSRM odib 224
5 ol 33last g S Y 0 |
. P Y SIUWATY
FOW BTSN P
$509 510 s YL sl ool 1>
SRele— sl
FUCRV IR SURRVAFRN NI IEES I APFSDA g el
. o . : .. Lo S5y ool arsl|
e s Sl S| LS sla g s o 2k
T (2017) (feature
arsbarily| ol I8 ol .
stacking)
YU Slwlxe pow
BN\ E— S plesl
Yo ol BRRY RS CHNNRVS MSPP|el—=eo! zlme—ul
C ik ol o (2019)- il Lo S5y
S5 S5
Slasd 4 Caud
sl sladised
G eSSl BT
el 4 oles| S iy o)1y (ZGO(J-.:; ool ganad b
iy o, Sles 3y
PO ORI
G P35
5,8 7 ‘9
L sl YU ol 7 & 09
JPIRY )
S I T S pleol
10 -y, s ngmab s—I|  WICR- w el
ST T L, 5 eoli W AS (2017) 0 o SRR
I 1 -norm L, norm Representation
L gy e
e oolaiu ) B
Sz g sl S
$49 aleo]
3D s sl _ ‘;”" F
N | bl e 3D-Gabor|el—=! glF—0ol
e D Ar""l‘.. .
(2010)|— —il> Lo Sy
) S SIS
9 O3]
L .,\_>)‘| L S Godinb gzl S
B Iy ooz lr S
1S ajsel sloaiged 2 TIT .
) e YU oUls ol 1) S s ples]
Grros o0liils j50 4 RPNet

Y ol sl
ezl i5e—al al> 4

54

s gl
2 G35 sla 5
5 Gos 5 sboa)]
sy o Llag

(Baos]

(2018)

ol il
e S50l

L looussS gl il ]
slroa LS ganadl
(OB 9555 foencl) amslig
9 Sltnes S Ly
e S (5958

el 55l

SleMb! 5l eolazu|
sl g LS|
BauS (gasudidy

IFCIRE

MBFSDA
(2018)

peaas pleol

eas ple

bl 1 plys jsbay b Shs cnl oz o8 25 b
ordle lati Jlop andids (639)5 sl (S b
S oo oanlie (V) U5 4o 45 555 s onlitul cl>

3
3
&%

’ s
- - 2 _} | [
:r" l }} ;a o
- 2
) [
g 3

o] G50 g b slo (S5 iz o8 25 (Y- JS)
[18] (Figure 2): stacked spectral and spatial Features
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(Figure- 8): performance comparison of SVM and NN
classifier in stack with 200 feature number
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(Figure-9): performance comparison of SVM and NN
classifier in LBG with 400 feature number
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(Figure-10): comparison in implementation time of the
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