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« ENVI Machine Learning(ZIntel$t
BOCPUITRBILENTULET,

- —EOTILT) XLTIE, fbttd
MODCPUT TREMNE L CELK
HBENHY EFT,

A UTNIIRBIEENI=TA4 T VITEBTILTY) XLOMERER LA
% TRBF SVM Classify] [ZLEAERT LTS, BF & T DM

Intel CPUT®
BR9% SRERREEE] (0] (A0 EREERA(FD] =7(%]
RBF SVM Train 94.5 6.7 -93%
RBF SVM Classify 15000.0 69.4 -100%
Nearest Neighbors Classify 257.3 6.6 -97%
Random Forest Train 2.3 2.1 -9%
Random Forest Classify 18.5 13.1] -29%
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« N—RYT k7T
— ENVI 5.6.3
— ENVI Deep Learning Module 2.0

* OS:
— Windows 10 and 11 (Intel/AMD 64-bit)
— Linux (Intel/AMD 64-bit, kernel 4.18.0 or higher and glibc 2.28 or higher)

c N— KT T7EH:
— Advanced Vector Extensions (AVX) WM&EH sh T3 Z &,
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« ENVI5.6.3%4 >R —JLF B &, ENVIY—IL7Rw & X[ZMachine Learning & L
DTHILENTIHILETHEELET,

« ENVI Deep Learning Module 2.004 > X b—J)LENTULVEWMEE . [Install
Machine Learning]E VNS A Z a2 —DHNEFEELET,

c CNEAXATILYD Y Y TREITAEAYvE—UMNKRKREIN., Harris Download
and License CenterlZ:Z# LE

—ENVIDZ A4 2 AW HI5E . Harris Download and License Centerh 5 ENVI Deep
Learning Module 2.0& 2 DV A— KK 5 EMAIRETT

El —_Machine Leaming
|° = Install Machine Leaming

L3HARRIS L3HARRIS GEOSPATIAL

Software Downloads &
vvvvvvvv

LE‘:j nstall ENVI Machine Learning — O

ENYI Machine Leaming is a set of tools and tasks that extend ENYI's functionality
in the areas of supervised classification, unsupervised classification and anomaly
detection. It includes state-ofthe-art algorithms like:

- Support Vector Machine

- Random Forest Classification

- Extra Trees Classification

- Mai've Bayes Classification

nnnnnnnnnnnnnn

My Account

- Birch Unsupervized Classification
...and more.

Mo extra license is required to run Machine Leaming, but a separate installer mug

be downloaded and installed.
Dowrload Installer...
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- Harris Download and License Centerh 5 ENVI Machine Learning® 4> 7 LT —
AEAFTHIEMNAEETT,
— ENVI Deep Learning Module 2.0/ > X b—3 &R LHARIC
lenvi_deep_learning_tutorial_data.zip] DABITEEHRKINTHYET .

—BBFTEH5Fa—Fr)TILTIH, SETAFLET—2ZFERALFET(UTEESZR)

— ¥ = #H: machine_learning¥anomaly

— ZEM 4+ = 53 %8: machine_learning¥supervised

— EM7: L9 %8 machine_learning¥unsupervised

—  File Description + FieSize 5 File Name

+ Instructions for instaling ENVI Deep Learning 2.0 73 KB ¥ envideeplearning-install.html

+ ENVIDeep Learning 2.0 Release Notes 3.8 KB ¥ envidesplearning20-release notes htm

4 ENWVIDeep Learning 2.0 for Windows (for ENVI 5.6.3 and ENVI Machine Learning) 1.3GB ¥ envidesplearning20-win.exe

=+ ENVIDeep Learning 2.0 for Linux (for ENV15.6.3 and ENVI Machine Learning) v ) i Sl desn learningo D linnciar oz

= ENWIDeep Learning 2.0 Tutorial Data / 2268 ¥ envi_deep_learning_tutoria| data zip

C | envi_deep_learning_tutorial_data
EE

machine_learning
< Object detection

shipping_centainers

tornado
m readme. txt
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- ENVI Deep Learning Module 2.0z 4 > X
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. e T T S "o Ihztall Machine Learning
‘J_}bh\%'ﬂ-f % %) ‘J: P “7‘3‘ L) i—d_o ----- 1 :;:: Machine Learnine Labeling Tool

o

----- o Machine Learning Clazsification

« J—JLIZENVIY —)LR v J A DMachine S Classification
LearningZ # JLAIZEF EFH>TULVET, 50 Unsupervised

----- 2o Mini Batch K-Means Classification
=l Supervized

----- “la Extra Trees Clazszification

----- 2l K-Meighbors Clazsification

----- “la Linear 5WM Classification

----- “la Maive Baves Clazsification

o

----- "5 Random Forest Clazsification

=l Bnomaly

o

----- "5 Izolation Forest Glazsification
----- s Local Qutlier Factar Classification
B Trainine

EI_ Unzupervized Glazzification
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« 7Y XL
— Random Forest
— Extra Trees
— Naive Bayes
— Nearest Neighbors (K-Neighbors)
— SVM (Linear, RBF)

- SVMIEETEENSL/NNT+—T
AQERAMN MO T7ILT ) XL
TEYUFET

— SVM(RBF)IZDWZTIE, /8
TH#—T D ADQE AN Lintel
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e ZITdYXL
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— Local Outlier Factor
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TA—T U RILREBETY,

. BIE

— ISO Data Classification & E#&1Z.
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- ARELTEET—2ZHELEL
DELIFEHOSRIZFERALE
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f=&®. ROIXFETT,

e ZILdJUXL
— KMeans
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— Mahalanobis Distance
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— Random Forest
— SVM
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TARTOE EILBIZHENMTONET

EHEBO. HBHULME. CPUGPUD!) Y —R %
EhWICERLERZEIEFETT

ROIEH Y FILE LTHEHEREIRET 5 &
MTEET

L3HARRIS

Proprietary Information 11




Fa—rYF7ILD
552 R H (Anomaly Detection)

https://www.l3harrisgeospatial.com/docs/envimltutorial
anomalydetection.html
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c ZDFa— M) TITHEAINSEEIL. National Agriculture Imagery Program
(NAIP)IZ&k o TRt =N F L 1=,

- COEBIE. BHOMEET OV UOEILRABOY Ty T, Zhik, 1 A—
MLDiEY L TILEERE (GSD) DZEMBREEZRD 41\ F T—4 (K&IF
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NAIP_LAHarbor_Subset.dat
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- 152 Gl (Anomaly detection)lET—42 v FRADOHNEZEHE T S5F-HDY—
LT,
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= LET,
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—~ LERDHTEZRRX., KNEBERECEEEE)THY ., BMICKEFHESNEIL>F=EDON
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— EREITHREAINERICEFENTIEEIN-EE. 2HEOREENETLET,
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s SRNIATF T O R ZEHIBT BHICIE, HEHOY U TILENREST 50129 < %<
EHIDDSREAT—R(BEBR)IDBELELGY FET,

-~BELDBHEFT TV LY FEEREVRILEEBRT ZUEXRDIANY VT ERFERY ., FE
REHICERAOT7 TO—FHABETT,

-2FY., BERMETE BRI 2HEBWMICTIALZEDTFET,

c IRNILEDITAHAHRIE, —ELFE=ARY MLTANT 4 EZEBTONT 4 EHE-
TWARELRHY FT,

c CHOINILRBZEITOSRLEELA XL, Machine Learning Labeling Tool % &
FA¥5Z&TY,

=i Machine Learning
P e 1. :

T o
- [ Classification
- [+ Training
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1. ENVIY—JL7R v 2 XMDMachine Learning/Machine Learning Labeling Tool% %
Ty TREBLET

A= a1 —/\— > File >New ProjectZZIRL £ 9

3. Project TypeZ[Anomaly Detection]. Project Name Z[Water]. Project Folder%
EHEHAFKICEREL, OKRZ VEHTLET

4. FILWEESHME OO ) FEERT HE. U5 AEEBackground N EEIH
[CERLENZET,

—EBMOSARNIVEEMTSIEIETET. INILDEFR(S I TIEK)ZHANT 51=DIZFEH
SNnNEJ,

[& Labeling Tool (Anomaly Detection) - Water — O x
File Help
Glazs Definitiohs Fazters
tame Calor Marme Claszes Label Razter
. . 1 |Backeround i ~ ~
E&E Create Mew Labeling Project x
Project Type fAnomaly Detection w
Machine Learning anomalous pixel-bazed classification.
Project Mame |'I.I'I.I'ater | v v
Project Folder |G:¥training¥0utput¥anumaIyDetectiun¥ | S 2 . &
== Add.. Draw B [ ~
9] 4 Cancel 212 Train..
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1. Labeling ToolWAddRE > #TLET

2. INLZEHBTEIT DIREDITIAFZIZERTSHEH2KONEDT, ZZTIEYY
7 ILT—4 anomaly¥NAIP_LAHarbor_Subset.datZ:#IR L E T

3. BIRLIE=T—42Hh[Rasters] o > a vIZEBMINET,
1. [Classes)FlIZIE. FEDDE (0/1) KRTREINET,
1. EDOE. EDV TR SRNILLFEERBESINTWVEWI EZERLET,
2. ADLFE. EEEIN=-US5AD#E(Z Z TlEBackgroundE WVS3 2 S R)ERLET
2. [Label Raster)FlIZI&. FE DEEDHEN & %4 5T — 4 (Label Raster)WNE FZERL ST LY
HWIZ EETRTHRED [No] ARTREINET,

Labeling Tool (Anomaly Detection) - Water - O X
File  Help
Class Definitions Rasters
Mame W Mame Clazzes |Label Raster
1 |Backeround A et dat 0t Mo A

£ > >
i o Add.. "=, Drau Al R

215 Train..
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RERBEBOFET -2, BEYENEETY,

c TR EREZEY AL ET E55E:
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1. Drawh2 U Td 5 E. ROIYV—ILAEEILET,

2. LAY Txr—2 v T, NAIP_LAHarbor SubsetdatZ#ZEIRLT7o T4 7 LA
YIZLET,

3. ENVI Y—JL/A—®Stretch Type KOy 7585 YR &2 ) vo L.
[Equalization] Z#:#R L £,

4. ROI’Y—)LMD[Geometry] # 7T, [Point]/h2 V& ERLFET,

5 . Areag 7\ % %*R l./ i ‘d- £, Region of Interest (ROI) Tool X
-REDEV LI BEHRBTELLSICLET, P

B 5 @
ROI Ma me:| Backeround ]

Geometry  Pixel  Grow  Threshold

Labeling Tool (Anomaly Detection) - Water — O pd EHe|
File Help hdulti Part [Jvertex Snap

Glasz Definitions Rasters Record OountD
me olor ame
A

Classes |Label Raster . "l:l & H X

Area

[ Unite vl ®
Backeroun d: | Pixels

W W
< >

215 Train...
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6. ENVI Y —)L/N\—MDGo To7 4 —JL KIZ. [5480p,9276p] M E Y wILEZZE A 1
LEnterCEEDHRLDDZDEI EILELEIZLET,

7. ENVI Y —JL/N\—®DZoom kO THAH Y YR bEI v L. 1200%&E AN
L12:1IZHE KT AL HREL T, Enterd# L ET,

®

File Edit Display Placemarks Views Server Hga

EERDG Pk 9P 0L B plemt ] g a0 v]w ow e B Vestorsv o Annotations vf [5480p.9276p v]
@

ton V|2 2| @ +——0M 20— — O 2 & & 5|
B »

Toolbox

/Machine Learning/Machine Learning Labeling Tool

[~ Ivf

{u Favorites

B f% Region of Interest (ROI) Tool X
d

EFiIe Options  Help
= o i G
ROI Name:‘ Backeround -

e
g
&

SR
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8. BALDHAIEVEILLETIDRDEREIUEV )y I LT, EVEIILIZES
DHEERS NILEFTFET,

—BREBDEIEILIZTGRILEMITAZ EFEHITTLESL, 6D EZEILIE, BEiE
AO—EDMODEI I hS—ELRITE-HTI,

—BEFEERIVT, TEBREITZLDELZZIBOEIILZRELES ELELAL, BX
B58MD 255 EYEILIZSNILEHFITET,

9. 25 EOVEIIZSRILESFI=6, F—HR—F® Enter ¥—%# L T ROI /KA
v hERIFTANET,

—ERKRBEINDE, EBOTSA+T7AaARNERBORY I RIZHEYFET,
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10.LTOEY EIVEZZSZIZ, AROFIE(LA VY IR—Tvhi
NAIP_LAHarbor_Subset.datZ:EiR L. GoToE &K U Zoom THENHIEKT %) T25

EVEILTDOIRNILESIT. EVILO#EEIE 100 [TLFET,

- B, SN TFENEEVEILORER/NRIZHA, MAKIZHLTEHRETHD L
HBAlT DI HRRFERERBRTHETT,

- b0 LI BEZR/NMRICHIZ S & DERBENAERINET,

{2, Regicn of Interest (ROI) Tool x

[ 7334p,10161p ] aea0E
[ 9934p,9389p ] ROI Name;|Backgr0und m

[ 7920p,11849p ] Geometry  Pizel Grow  Threshaold
ZEEe

Multi Part [ Wertex Snap

Record Oount §§
= & 2 H X

firea

I, Units |l ®

Backeround: 100 Pizels
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1. [Train]’R2 > Z#H T4 5 &, [Train Machine Learning Model] % 4 7 05 HAH IR

LET,

2. Method*°Leaf SizeZFEN/\5 A —4A

=JL ==

ax ;&

(XZDFEZFE E L. Output Model D EFRr

[CIEHE AT E2FFETIL(jsoneR)D T ILINAFHEE LET ., Browserh2 U &
BWTIdE. ERL-TRo ) FETISER T HDT. Z Z TIE[Ships.json]
DERITHRELEFT .

3. OKIRZ VR T LEEZMIBLET .,

@ Train Machine Learning Model

Train Model

File Help

Clazz Definitions Rasters

E&‘j Labeling Tool (Anomaly Detection) - Water

o Add..

i Draw || Backeround

Methiod

Model Name
{ootramal!

Description
{opramal!

Leaf Size
{aotramal!

Cutput Model

e

Train Local Outlier Factor -

|L|:u:al Cutlier Factor Anomaly Deteu:|

| tutorial

E

P—
| witput¥anomaly Detection¥sh ips.jscu|1 |

0K

Par‘n:el
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1. KEYEILERBNTAELEIIZrL—=ZUFENEETILNTEREOT, RALS
AATETILEFEALT, KTIXBEWEYEILEZH#HALET, SANYTY—
LIEFELSFER LGS, LTS,

2. ENVIYV—)L7R v 2 X MDMachine Learning/Machine Learning ClassificationZ %
IO )y TEELETD,

3. Input RasterlZIEZEFICFERAL-T—42 %, Input ModellZIEEIFEER ST
PEBRGsON T 7MIVEHZRFELET ., Normalize®A T 3 2D TIEZ ZT
(XZERTHIEHY FH A, Output RasterlZR R E L DTSR IDHE AL FE
ELET,
— classification.dat® & 2 72 & HI CEHEIEATICH B

(8] Machine Learning Classification - O x
4. OKRZ Vv CTHENEZRITLES,
Input Raster | ------ I NAIP_LAHarbor Subsetdat |,

Ihput Maodel |'utput¥anumaIyDetectinn!\EShips.jsnn|

Mame: Local Outlier Factor Anomaly Detectaor
Bandz: 3 Clagses: 1 Full info.

M li i 2
(qc;r:];:; hdir | | Pl | |IF'£}

=R Man:hine Learning
..... -D Ih=tall Machine LEEIH'IIFIE Output Raster |anomalyDetection¥classificatiundat|
------ ﬁ? Man:hlne Learnlng Lal:uellng Tu:u:ul

0 Dizplay result »* 0K Cancel
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c FEWRE—RI DL, BRICERIZT/ A XDAZN EADMY FET,
- IhlE, RIPEBOT—%2 (100 EYV L) ZFEALEHERTI,
—KYZBLDIRNILFEEVEVILENL—ZVITADADE LTERYT 5 L. FEREN
KIBICRSBYFEIH, FYBBAGHERNGEONET,
—FYBLDIL—ZVTEAHET L ZEZHERLTH, BRICEFL/ A XDBEFENTSE
Y, ENE0 )27 v TT5=-HICRUENBDEICGEDAREEAHY T,

[
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1. ENVI*YY—)L7# v 4o XD [Classification/Post Classification/Classification

Aggregation #Z 7)YV ) v TEBLET,
2. NEEFER ZInput Raster[ZE%E L. Minimum size/N5 A —% %500l

BHFARCHRAELEITLET,

3. JAXDERMNLELTWNSZ L%

mLET,

(&%) Classification Aggregation — O X

Input Raster - % clagsificationdat

Minimum Size RO0
{opramal!

fizeregate Unclazzified Pixels  @ves (Mo

(7] Previem Dizplay result  |*| OK Cancel

Output Raster ||aIyDetectiDn¥sttGIassificatinndat

SEREL T,
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1. NAIP_LAHarbor_Subset.dat%R:Band4/G:Band3/B:Band2MD#&ER CTHRIE= X9,

2. JARXREHBE LIEHERPHWNVESRIDLEICCBESICLSIYIR—D v DED
BElIEZZ % T. UnclassifiedlcDWTIEFz v o 25N LIERTRIZLET,

GoTo—/LH 5[7389p,10988plI=#E L £ 3

ZoomL ANJLZ#400%IZLET,
ENVIYY —JL/A—®DTransparencyy —J)LIg EZFERAL. FERZHEL T ZELY,

[E] Data Manager — [m| X

ERS T = o |

H-EH

oD
=
“
=]
o

-5 classificationda

E, Ir_MAIP_LAHarbaor_Subzetdat 1587620722 dat

=] g5 MAIP_L AHarbor_Subset dat
i Band 1
g 0

=[5 postClassification dat
»  File Information _____ = Band 1
¥ Band Selection H .
[&][Band # [NAIF_LAHarbor 5.1 EI-— Claszes -
& |Band 3 [NAIP_LAHarbor 5.1 """ D o [: Unclazzified
& |Band 2 [NATF_LAHarbor 5.1 - 1 Anomaly
e - 2 [1] NAIP_LAHarbor_Subset dat
@ Band ¢
[ Load in Mew View _____ =] Eland 3
7] Load Data || Load Grayscals . =] Band 2
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¥ e {+ = 43 %8 (Supervised Classification)

https://www.l3harrisgeospatial.com/docs/envimltutorial
supervisedclassification.html
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https://www.l3harrisgeospatial.com/docs/envimltutorialsupervisedclassification.html
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c ZDFa— M) TITHEAINSEEIL. National Agriculture Imagery Program
(NAIP)IZ&k o TRt =N F L 1=,

s COEBIE. Yo7V FZABLUV I SRADENENEL ST TIZETHHY D
Yy b TY, ChlE. L A—FILDM ES > T)LEEEE (GSD) DZERREEZEED
4N b T—43 (FIFFRIFBINIR) T,

training¥
NAIP_SanAntonioSE_2020 Subset.dat (£: 27> F=7#)
NAIP_DallasTX_Oct1l 2020 Subset.tif (f: &5 R)
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