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Introduction of convolutional neural networks for improving
classification accuracy in satellite images and its application

to unknown areas
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MRS HUROHI & W o T REUE R KENRAE LT GE . B - KiEL— FEduRiciET s 2 en
WERBIRIPAE AT L72D, T, ZOXAZERZBTHEOOMAENEEINTEY, 2ok, UVE—
ey v ZHEHTE WA REERIC T D HESELEITOR TS, L, KREEKELZ R 7 &
LCEMTIICE., ZOWBHEOBEN o TROVEVWIENRD D, £ 2 THIL, #EKRTHR DR EmE
WXt AW E S EER e MXER L EREDLED I & T, #REZOGEMRRNHKOERT S Z
EEEMKBEREE L, TOTDDOE—BEIE LT, SERKEORN ERFEORFNEZITo72, KX T, #4d
LWL TEHINTWEERAL=2—T /)Ly T —2 (CNN : Convolutional Neural Networks) % i
AL, BEREZR-7=, £72, 2 OONMEBIZ L AEE O LRI EZ (T o7, closed 7 A h TiXb 3 M7
mERR NN, EFEBEEZH - open 7T A M TIEIEL DETHIENTE RN, ERFKE L
T, FET—FHEBLRNENSERETONA D, ZHIESHROMETH S,

X—U—R: UE— By, HEMEEG, HXEHR, H$ESE, CN

1. XIS

A, AP CRBEBERRENRAEL, RERFEELZIT WD, 2T HARSIEX., o7 L — |
D LB LTWAED, RIS HENRSZVHIR TH S, BT, 2011 FI2HFKELEHAARKRELK TIL,
BALH T O KRIFEFER FEHUE R R e B 25T 72, 6 AR L7724 THEEH kT b Tnd,

TOXDRKHBKENRRE LGS, KRB - ®E/L— b OfERSME B R O Rt 7e &2 TH
BRAAT ERD, T, BROFEHREZ —FE L BB T20ERH 5700, HETIH, 20X A7 E2HE
RBEB-0IC)E— b ZHEBER SN TS, VE— B2 b3, ANABEHMZEH e L
DT Ty b7 A — LR ECHEHINTE Y=o SN BHIE O 2B L. xRy & =m» 5
ETHEWMOZ & ThHhdH, ZOHEMCIE, EmERE, EBiE, Bt woflan by LHFIAREER S
SFEIERSHFIERIN TS,

AR TIX, ZOEMERFECHEEELZ T L HIRORRBREICEAT 5, 20X A7 Tk, LHEESE
WERHE S, ZHICETOHERZL REINTWDH[1~5], THUHOETIE, KERBEOM L2 B &
LA ROBEFEPREINLTVD, LI, KERKE~DEREZZ 2756, 2BEBENIR+STH
HEWVWSMEND D,
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ZITHAIF, TEREBCHEHB S, BARASHELHEREOH LD 0HTHEEL LA T 3 —~v U A &R
LTWDEAIAL=2—F N Fy hT—7 (CNN) ZHWI= S EREL2WETHOOPIELRET DS, —#K
BC, DHEX A7 LT 5% ORBFEET N TIENEHSEE LT softmax BAEAHVONS, LML, X
BR[11D T, DT —X Ty MIBWTIES¥ESS & LT SWM(Support Vector Machine) Z W25 & D4y
BREERB O EWVWIFERPZIREN TV, 22T, AMETHEL TWDHIREICHET LI HEZ A 7IZBWT
HSWIZEDDERENTHDLINE D DRIEZEIT 9,

2. ERAT—42 EHRAARBHITONT

BRI TIE, Geoeye-1 LW H AN THEICHH IN T~ LTF AT MLtk V‘&ﬁ\%ﬁ%%hé‘%ﬁﬁ%fﬁf%@
BE R Wz, F 11T, Geoeye—1 DEKE AT MY RIERERT, F72. K IR R BT 2R o fi 2]
B d, ZOHRTIX, 2011 AEITFAE U7 A AR RGE K THIIZ ;ofm%k%@w%%xitﬁﬁ®~o
Thd, HBEEEDOY A X3 10314X10312[pixels] T, ZZMAEEEIL 0. 5[m/pixel] TH D, A El, FAlTEER
ELT.50DHEY I AT X Thater L FVHEE A (256 X256[pixels]) ZHiH L. S HEBE OWREE 21T
9. 2R L= v 7OV aESR A 2R,

# 1. Gepeye—l DEZE AT "ML XK

Bnad Bandwidth [nm]
Red 655 - 690
Green 510 - 580
Blue 450 - 510
Near-infrared 780 - 920
Panchromatic 450 - 800

X 1. ER AT b 2E oo f R 4

3. REFZE

2T, BAEAEBICHTAWESEERNE LW ETALOEEBLOMEICOWTERRT 5,

FT K2R LT IV Ek AT U FEETT AT 2ITH 08T 5 7 7 A% Buildings, Water,
%%mﬁm Asphalt, Ground ® 5 fHMHE L1z, FD%, 5 ODK 7 I AT F AT 1000 B 7 BAF5
BIRL, 2hoo8KE2FEHAT —4, 2HETANHT—XIInEIT 5, bbb, FHHT — #4000
v v, TRANHET 21000 7L E Lz, ONNETIL~DANIT, EFEHRT—F# 178 raem
DETHEMFM Xxm, 77205 4000 OmXmyA X0 E Lz, (N ET/VITELARE, T—1 7
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B, 2B L0 ESE» LR ENTWE, K3 IZET VORERZ 7R,

Full Connected

4000, 1000
Pool. filter
pXp
Input . .
4000, m Xm . .
Convolution Pooling Classifier

4000, k, (m —n+1)? 4000, k, {(m —n + 1)/p}? 40003

3. CONN & F LRk X

BRIABAT v T D%, FEBGIEMELEE L LT ReLU (Rectified Linear Unit) ZHWWTW%, £ 7=, RelU
TSRS K > TA L 2Ifafnt H &2 EHET 2720, Rpr=> b J 2 MIE#SME(LCN @ Local Contrast
Normalization) WHEATI N D, GBI OGHEIRO /T A —X 1%, MR BB T (SGD : Stochastic
Gradient Descent) Z W= Xy 7 X F—2 g Lo TCTHEBEEIND, SWMETFTLTIE, /8T X —Z i
DDA =V U TELIO7 Y v FEROLENRE I N TWD, SENIM 7 7 ANEHE X A7 L LTWD
72® . SVM # — R /L IL RBF (Radial Basis Function) #H L7z, £ 2 IZCNWN BT NVOKFE/ T X —HF ZRT,
IS E, SCERI61ICE W TR S =& vz,

#£2. CNNETANRT A —H
Contextural size m : 25
Convolutional filter size n : 10
Pooling filter size p : 4
Filter number k£ : 50

4. FE{mSEER

(1) SEEREHLEIMAE
I. Closed test
BIE3ICBWT, 5 207 T ANL T A AIZ 1000 B BATOBIRLEZEDOON, T RF
—H L LTHELIZ1000K%2 2 2 COT AT —F L LTHWS, TOTANT—FE2FE L
CNN BT /VIZAJI L, 2 MO (softmax BIELIS L OVSVM) THOHL- & S ORERKR 2 Lk
T 5,

II. Open test
2T, CNN ET VOB IZHWfEE L3R 2 2OV U I NEEET A N T -2 LT 5,
BV T IAEIBIZOWNWT Y 5 207 7 A (Buildings, Water, Vegetation, Asphalt, Ground) %
E eIk A BRI LT, ABIOKSICT AT =L LY 7 VEEIEB, C 2R T,
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X 4.

SEERE X, FHER (Recall), FEfi#HR (Precision) .
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322 & TRy %5, Bzl TIoRd,

WAV Y

SREH
i C

BIXORINSOFHMEY TH D T (F-measure) % H

Relevant [Non-Relevant F — measure = 2; Re;ail : Prealswn
Retrieved TP FP ecatt T Frecoston
Not Retrieved FN TN
Recall = —— , Precision = L
TP+FN TP+FP
(2) HRELER

I. Closed test
F 3 softmax BHEIC KV NFE LT EORBERREE2RT, £,
X ORERERE RT,
COERNS, SWEAWESEO TR LT TROINEENENE VI RGO, —
REIC, T — 2R DR VAT S A, T ENL O HAIT ON 72 EORBEENRVEE %
RTEINTNDTEO FRICT — B EEML TV ERERDTIET LREERH D EE XD

A4S EpHEmE LTk

s,
# 3. softmax BIBUT I 2 73 BRS RERS R
Buildings Water |Vegetation| Asphalt Ground [ F-measure
Recall [%] 96.71 99.38 94.61 89.11 96.75 95.23
Precision [%]|  95.83 97.57 94.67 94.43 93.44 ]
F 4. SV DB KD EEERR
Buildings | Water [Vegetation| Asphalt | Ground |[|F-measure
Recall [%] 96.94 99.52 95.81 94.43 97.94 96.92
Precision [%]|  98.09 98.16 96.33 95.90 96.16 ]

II. Open test

TEBIOE6IZH 7 VHEIEB, CEHAWVWTT A R &1T 572 & & @ Confusion Matrix GRRITT4)
BRY, BRPOEOTRLEBAESDIE LS OB TELE 7 BAHARL TS,
CORERIG FEICHFTIIC L s TROENRES BARLIEME S EHBETETNRNI &M
N5, FERICHAWET —2HN Dotz 2 LR, T A MIHWET — % O M~ O YLK
MPolzlWnd ZERFERELTEZLNLD,
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#£5. VUTNVEBET A NT—X L L= E &D Confusion Matrix

Ground truth
Buildings Water  Vegetation Asphalt Ground Sum | Precision [%]
Buildings 282 0 395 1801 1059 3537 7.97
Water 1331 9961 165 346 132 11935 83.46
Predicted | Vegetation 270 3 17738 2421 2021 22453 79

Asphalt 2171 480 1041 3720 2423 9835 37.82

Ground 98 0 1835 1351 2317 5601 41.38
Sum 4152 10444 21174 9639 7952 53361 49.926

Recall [%] 6.79 95.38 83.77 38.59 29.14 50.734 50.33

#£6. VU NEHCET AT —X L L7zE & D Confusion Matrix

Ground truth
Buildings Water  Vegetation Asphalt Ground Sum | Precision [%]
Buildings 2425 214 234 917 68 3858 62.86
Water 285 5772 191 3304 151 9703 59.49
Predicted | Vegetation 167 11 9942 2347 396 12863 77.29
Asphalt 3846 1667 2671 15325 390 23899 64.12
Ground 440 0 935 1661 2 3038 0.07
Sum 7163 7664 13973 23554 1007 53361 52.77
Recall [%]| 33.85 75.31 71.15 65.06 0.2 49.11 50.87

5. BhHYIc

AR T, REPAECTZEOMRABEOTZDIC, #REZORNE TIEOERT LI XEEITH> Z L% H
BE LTS, THIICEELZWESEZBNE LEER L RENTWER, REEKELZZ X7 & L
7256, DERBENR+STHLIEVIMER D -7, T2 TCIHFEEHEINTNDH N EZEHEAL, £z, CNN
EEDMDOSHEBRE M B DED Z L THEKENM ELEZ W) TMHENS, A TIEoHERE LT
SVM & H W= BR O 3 JARE FE 2 MRGE LTz, BRSO, SR W7 — 2Tl SWEZH W0 EO TR E
WEENE ST, T— BB TBRICE IR DENE VI RIAENRSHORETH S, £7-. FEHHEE L
AT A MERTIE, BHOSENMEEAETE RPN -T2, ZDED, FETFT—48H%2 & 528 L, CWN
ETTFINDONRT A —=F L HFFHEL THAEOEWET LV EER L. RIETHALEND D,
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Introduction of convolutional neural networks for
improving classification accuracy in satellite

images and its application to unknown areas

Atsushi Yoshihara
Tetsuya Takiguchi
Yasuo Ariki

Abstract

Once large-scale disasters occur like earthquake and tsunami, it becomes very important task
to secure safe evacuation and rescue routes. In this task, land cover classification can be performed
on satellite images using remote sensing technology. But, there is a problem that the accuracy of
these classification is still low in order to be practical in large—scale disasters. Therefore, we
decided to create a detailed situation map right after the disaster by overlaying the cover
classification result on the map information before the disaster. As a first step for this purpose
we propose a method to improve the classification accuracy. In this paper, we employ a convolutional
neural networks (CNN) for feature extraction. Generally, in classification tasks, most of deep
learning models employ the softmax activation. But, [1] shows that by simply replacing softmax with
linear SVMs, it gives significant gain. So, we employ the RBF (Radial Basis Function) SVM for
classification. From our closed test, we demonstrated that the classification method using SVM is
slightly higher than softmax used in a general classification method using CNN. But, from open test
result, it seems that Buildings were not classified well because the training data was small and the
versatility was low. So, it is necessary to increase the number of training data and study of a new
CNN model.

©2017 Research Center for Urban Safety and Security, Kobe University, All rights reserved.
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