5 HS® VRFRP P FOVRQUAYIMRD B\ UMbz HJ
UHYLHZHU FRPPHGGWY LLHY H@QDEXAXH

" HDUDXWRWY \WDQN\ RX IR\ RXUUHSO

, HQR HG VHHQJ KRZ \KLY SDSHUKDV \WUQHG IQR D EFWHUYHWIRQ R IWHOD , WIQN\ RXUFOULIEDMRQY Z W
UHVSHPVIR WH SRIQNV , LQMDX KL KD KWG Z HH P RA® P HAQ\ RXULHS® 7RMP SO\ \WH SURFHW |, DIWH
Z W\ RXUUHSO |, Z ROWDGG IMKHUH + RZ HYHU \WHUH DUH MOVRP H RSHQ SRIQWV KDV Z RXG @\H \R [ XUKHU
QVFXW EDVHG RQ WH UHS® DQG UH VWKPXUQ) R WH SDSHU , Z LOABWZ 1\ \KH UHS® \R \KH FRP P HOW\ RX
P DGH WHQP RYH\R JHQHDGFRP P HQW DERXVWKH SDSHU 1Q IW FXUWHQAADM  DQG ILQD® VRP H VSHALE
FRP P HON @H B\ @H

© H WDQN 5HYZHU  IRUKLY KHU SRMYH UHYIHZ DQG FROAKRIYH VXJJHWIRQY  Z KIEK DARZ HG XV \R
[P SURYH \WWH TXDOWV R \WWH P DQXVFUSW,Q \WH IRMBZ IQ) VHAIRY  UHYLHZ HUFRP P HQW DUH 1Q EOFN FRBU
DXWRUUHVSRQVHV DUH 1Q EGH FRBU DQG FKDQI HV SURSRVHG | RUH W WO WH P DOXVFUSWDUH 1Q MITFY DQG
XQEHMH IRQV

$ ERXVWKH UHSO

,QWH UHSO UHIDWEQ] WH GVFXWIRQ DERXVRSWP DO\ RX UHVSRQGHG

,QWLY SDSHU Z H GR QRADQVZ HUWH TXHWIRQ @Z KDWA/ RSWP DO Z 1\ DQ RSWP DOQHE RN

5 DWHU Z H BHOPWRQWH TXHWIRQ R KRZ \R GHIQH RSWP DOV IQD Z D\ \KDWY @J IFD®
FROWMMQADQG XVH XCZ IIQ \WH P RQVRUQ) QHE RN RSUP [] DUMRQ FROM VWAKHUHE\ TXHWIRQQ) \WH
ZIGAVSUHDGXVH R P IQP XP GHSHQGHQFH EHE HHQ ABMRQY DV SDWR! \KH REMPYHV

© DMWY IQP IQG , WIQN \WH \WBI R \WH SDSHU EH\ RQGGFDWK\ P D\ EHP MBDAQ) , DP CRADI DIQMP DNQJ
\KLY \WH SRIQAR GVFXWIRQ R \ RXUSDSHU EXW EHTHYH \WDVWKH VB FDQ EHWHUUH BFVKH GVEXVMRQ KDV
IOVCGH , \MINWH P DIQIRFXV Rt QVFXWIRQIQ WLV SDSHULY \R DYRIG XMIQJ UHGXQEDQR P HWEV XQBMWY WH
SUREGP IV H STAMY GHIQHG \R UHTXILH\MHP - DQG\R VHH Z KDWY \WH HIHPWRL JUHHG. GURS DORWMKP [QWH
HIQQ) P RARUQ) QHE RN

© HP DGH D VXEV®I FKDQIH \R \WH \MBI %4 SXWDJ RSWP DAQ TXRMV Z HUHHUR WH Z RG LH WH GHIQURQ
R RSWP DOUDKWHUKDQ WH FRQFHSW7 KLY P DNHV FEDUWDWZ H GQVEXW IXHY Z WK \WH GHIQURQ R
RSP DOV E\ \WH REMPYH I XQRIRQY

o) / DQIXDIH KDV R EH SHFAVH KRZ \R Q<P HUFD® FDBXOWM \KLY REMPRYH IXQRIRQ RURKHU
REMIPIYH IXQRIRQV XVHG LQ RWHUDSSURDFKHY

$JUHG ZHZIOP RAL DVIRBZV $QRIHUIP SRUBQATXHIRQ\WDWOHHGY \R EH DAGUHWHG 1Q IXWUH
UHVHDURK 1V \R IQYHVAM DWW KRZ. \KH FKRIFHV DQG DWXP SWRQVP DGH LH  GDVB TXDQW DIRQ Z KIEK

LI OHQPHV SUREDELDNV GMMEXWRQ 1Q WH QXP HIFDGFDBXOMRQ R REMPIYH [XQRIRQY Z RX@ DI HPWOHE RUN
UDANQJ

,QWLY FRP P HQW, Z DV DOR W IQJ \R KLI K@ KVWKH | DPAKDWORAD@R! \KH HTXDURQY R FDBXOW \WH P HWEV
SUMVHOMG IO\ RXUMMG. Z HUH H STFMV® VKRZ Q $\VWKH P RP HOMRP HR \WHP DUH WHUH EXW Z DV QRADE®I



RIIQG IQWH ERG. R \WH GREXP HOWWH FRP SBM IQIRUP DIRQ R UHSTFDM \ RXUMMG. ,Q\ RXUSDSHU\ RXU
P HQURQ \KDVY RX DUH XMQJ \WH VDP H Z HJ KW DV \WH RU IQDCDXWWRY O \R IGHQM D VIQI B VROMRQ
IQWHFDVHR 022 EXWMZ RX@ EH EHVML \KLY 1V GUHA® SUHVHQNG [Q WWH | RUP XOMRQ \R KHS UHSTFDW KLY
Ve

7KDQW IRUSRQIDI KLY RXW: HQRZ DGGWH IRTRZ 1Q) LQIRUP DUMRQ DERXVWDGH Rl Z HIKWQO 2 2 P HKRG
\R \WH FDSWRQR! 7DE®!  Z KHUH \KH UHVXOV Z HIH SIHVHQMG $OR ZH P RALHGHTXDWRQ  \R \VKRZ KRZ QHW
DO DSSOHG WHWDCH Rl ZHIKWR\WH O 2 2 P HKRG

$QEHGIQ7DE®  FDSURQ
1 RM\WDWO ,0 5 W \WWDGH RIl Z HIKW
CDIVHW

$ ERXWERFXP HONQ JHCHIDO

, \KICGN\WH J HQHIDOARKPXUH R \WH DEVIADPWFDQ EH P SURYHG |, VXJ JHWY RX EHQI P RUH FRQFVH RQ\WH

P HKRGV DQG FRFOMRQVR \ RAUMYG. $OR |, WWIQN IMZ RX@ EH D EHWUR HQG \WH DEVIRDRVKLI K@ KUJ
\WH FRQFGMRQV UDWHUKDQ P HOMRQQ) WDVWKHUH 1V D FDVH WWXG

7KDQW IRV RXUVXJJHWIRQ :  H UHP RYHG \WDVWHQMQPH DAKH HQG R \KH DEVAADPVWR EHWHUHP SKDV] H \WH
SDSHUV FRIH P HWDJIH : H DOR VKDUSHQHG WH |RUP XOMRQ DERXVKH [P SRMEIMV R D JUHHG. DSSURDFK

7 KH \MKPXUH R WH GREXP HQAKDV \R FUMFD@ UHYIVHG |, \KIQN D QMDMUH UHYIHZ. VHRIRQ Z RX@ QRWKXWVDV
\ RX DUH IQFGAQ) WHVH \RSIEV IQ\WH P HWRGRBJ\  $OR , QRIFHG \WDW RX P RYHG \WH SRVMRQR! \WH

0 HKRGRBJ\ VHAIRQ DQG QRZ. IGFOIGH \RSIEV Z KIFK VKRX@ QRWEH SUMVHQMG \WHUH 7 KH H SHUP HQO
VHXS Z KIEK H SHUP HQN DQG XMIQ) Z KIFK GDWB IV EHQJ XVHG \R JHWZ KIEK YDOHV 1 QRABHD® FBDU DOR
\KH [YANH HUHGFH R WH . QINIHMF CDBVHWIY VKRZ Q 1Q WH UHVXEV VHRIRQ |, Q DAGAMRQ \WH ILIABDWR

\ RXUUHVX@V UHDGV DV FRGFOMRQY [URP \KH QAIDWXUH UDWHUWDQIURP \ RXURZ Q QXP HIEDCH, SHUP HQW 1Q
DCAMRQ GXUQJ \WH UHVXOV VHRRQ \WHUH DUH VXJ JHVWIRQY R IXUKHUZ RUN Z KIFK VKRX@ EH IGFOGHG IQ W

UHVSHAIYH VHAIRQ 3 BDVH UHFRQUGHUWH REHUR! \WH VHRIRQY 1Q\ RXUGRFXP HQADV IWQHHGY D EL
RYHKDXO

© HW VWP DUWFD® RYHKDX®IG \WH SDSHUV VHRRQ  \MKFMUH EDVHG RQ\ RXUVSHFLLE SRIQNV ,Q UHYIMIRQ
Z H DSSOHG VRP H VKPMUDCRKDQI HV \IR DFFRP P RGDWM RWHUUHYLEZ HY VXJJHWIRQY < RXUYIHZ VVHHP \R
EH P RUH DD QHG Z W RXURW LQDCP DQXVFUSWAR D IHZ R \KRVH Z HUH SDU® UHYHWHG \R DFFRP P RGDW
\ RXUVXIIHARQY VWHHP \/ \WDVWILY v/ \KH FEVHWZ H FDQ FRP H\R FRQYHU HQFH RQWH EHWZ D\ \R
SUAVHQAKLY BMHDURK Z KIEK LV VD KV® P RUH FRP STFDWMG GXH \R \WH URBI R WH FDVH WG, Z KIFK 1V QRW
\WH P DIQVRXUFH Rl RXUFRQFOMRQY EXWIDWHUDQ [GMADMRQ

/ DQIXDIH KDV \R EH BHYIVHG 3 DUDJ UDSKV WQG R EH \RR BQJ DQG VRP HVIP HV GUIVRYHUP RIHWDQ  IGHD DV
WHWP H , DP DVNQJ \ RX \R EH P RUH FRQFUAM LQ HDFK SDUDJWDSK. DV, DI UHH WDVWKH RYHDOBIQIW R \WH
GRPXP HQNDQG \WH DP RXQAR! LQIRUP DMRQ SUMVHOWG IV DGHTXDM $OR WY/ P SRUTQR UHYIVH \KH
VWKPMUH R VRP H VHQIMQFHV \R DYRIG XMIQJ DVP DQ FRP P DV ) IQD@® P DNH VXUH R VAN \R RQD RCH \MUP
IRUMGH VDP H HBP HQAKURXI K \WH \M WLH \ABMRQ



7 KDQ\W IRUFDWWKIQ) WY Z H BYIVHG BQJ SDUDIUDSKY DQG VHOMGFHV Z W P DQ. FRP P DV $OR : HP DCH
VXUH WDVWIH \MUP S\ABMRY LV XVHG Z KHUH Z H DUH HHUIQ) VRWWH  ABMRQY 1O KLY FDVH WXG

© HXQURWP ® XVHG P HDVXUHV Z KHQ UHHUIQ) \R HQARS\ P XWDAQIRUP DIRQ DQG VP [OUP HDVXUAV
FROMMQAZ W & RYHUDQG 7 KRP DV DQG 6 KDQQRQ VRXUFHV

6 SHALLIE SRQN

O \RXFDQEH P RUH VSHFLLE Z KIFK \WDGH RIV DUH EHQJ IQMSUHWG
7KDQN\ RX IRU\ RXUFRP P HQW :  H P RGULHG \WH \M VIR [P SURYH W FOUMY

$CHGIQ/
6 HAIRQ  IQARGXFHY \KH UAXO IRUWH YDURXV P HIRGY DQG\WHQ GYPXWHY WH GHHGIRUP XTIE0
REMPIYHY WH LOMSUAIMRQ R \WDGH RV EREHHO UK AQRU

O  <RXBWWWH VHRIRQ Z W DQ DCAMRQ FRQHARU ,QP RQWRUIQ) GHERIWNGHMIQ DOR 7KLV BDYHV
\WH UHDGHUZ WWRXD FRQM W

$IWHG $V\ RXUHRP P HQGHG IQ SUHYIRXV FRP P HQW ZHQRZ P RYH WH VFRSH VXEVHRIRQ R \WWH
[QNRGXFURQ VHRARQ R KDYH D SURSHUFRQM WRURXUUHDGHY @ H DOR P RALHG WH IIANWHQMQFH R \WH
VHRIRQ R EH FBDUHU

O . WIQ ZIWFOsMQ
: DVII[ HG DV UHFRP P HQGHG

O  WXFKDVIRUH DP SBI SIENRQH
7KDQW IRUFDWWKLQ) LY Z H P RALIHG WWH \M WDQG SURYIGHG P RUH IQIRUP DVIRQ DERXKH UH HUHORHG
H DP S®

O RQWDARSEE 7KLV IV UHGXQEDQW
© DVII[ HG DV UFRP P HQGHG

O  RQVSDUD® GMUEXWG REVHIYHG ,Q\ RXUFDVHWXG \ RX GR QRVKDYH VSDUD® GMUEXWG
REVHUYDURQY VXFK DV IDGDURUUHP RM VHQURUSURGXFW  EXWIDKHUGVFUAM REVHYDURQY DBQJ D \AWHDP
HYHQLL \WH DUH VSDIID® GMUEX\MG

7 KDQWV IRUFDWKIQ) WLV Z H FKDQIHG MR 3 REVHLYHG GDW RQ RQH VIQJ B YDUDE®! 1Q P X@B®! GFDMRQY

O ZKIEK ! \KDW

QWL FDVH ZH IQMQGHG WLV DV D QRQ CHIQQ) FOXVH Z H EHTHYH DOKHVH REMPIYH IXQRIRQY VKRXG LQ
SUGAS®! GHICH ZKDAZH ZDQMWRP WH QHERIN : H NHSWZKIFK EXWQRZ HP SKDV] HG \KDWZ H \BOY
VSHALLED@ DERXWREMIPYH IXQRIRQY IRUP RQURUQ) QHE RINGHVIQ

. HHSIQ) MV @ MMG VFRSH DABZV XV \R QVFXW WH IQMSUAIMRQ R \WHVH REMIPIYH [XQRIRQY IRU
P RQRIQ) QHEIRINGMIQ Z KIFK IRWP DO HZ KDWZ H DRMD® Z DQNURP D GHERW



O ) XWHP RH  ,QWH P HKRCRB®J\ VHRAIRQWILY KDVVREHZ D\ P RUH FRQFUHWM

$JUHHG WKLY SDUDIUDSK KDV P RUH IQURGXARY @QJI XD H DQG LV P RYHG \R \WH IQIRGXPIRQ VHRAIRQ 6 HAIRQ

SURVIGHV FRQFUAM H SOQDMRQ IRUKLY SXISRVH
o) 7KLY FDQ EH VI K\® UHSKUDVHG\R DYRG DV P DQ. FRP P DV

: DVII[HGDV UHFRP P HQGHG ' RZQ\WRRGHFRPPDQRZ
O  7KHAVRXWRQL QRAGHP ROMDWMG EXWDKHUFDUIHG RXW
7KDQ\M|R{JFDM<LQJWZHMRPXMWWQMHW3

_ERP_SI:thBQ/ D/WIJ/‘PR\N‘DFFXLDWG-AFLEFNWLR(BIRIWHM\AMG LQLH-KDWQQ\RWGM:X\MRQ
O  DVZHZIGDUXH 7KV IV \KH P HKRGRBI\ VHAIRQ 3 BDVH IRFXV WH WM WR Z KDWKDV EHHQ GRQH [Q
\KLY SDUFXOUSDSHU \WHUH RUH Z UMHQ LQ SUVHQAMQUH

$IUHG ZH XVH SUIHVHOAMQH QRZ

o) 6 RXQGV P RUH @\H D @QH [RUWH LQRRGXFIRQ DQG QRADV SDWR! \KH P HIWRGRBJ\

$IUHG 7KH Z KRB VXEVHRIRQ LY P RYHG \R WH LOARGXRIRQ VHRRQ

6  VKRXG QRWEH SDWWR \WWH P HMRGRBJ\ 7KLV IV SDWWR \WH OMIDMNUH UHYIEHZ

$IUHG 7KH Z KRB VXEVHRIRQ LY P RYHG \R \WH LOARGXPURQ VHAIRQ

O ,DP QRAWXUH LL 6 KDQQRQLQ SDUMFXOUMION DERXVKQFHWBIQN , \MIGN KLY Z RINLY P RH FEVHD BHDWMG
\R FRP SUHWIEIDW R CDB 6 P LU EXVW HWALIHHQWV

7 KHUH 1V DQ DJ UHHP HQNQ \WH QAMIDWMUH \WDW6 KDQQRQ GHYHBSHG IQRP DIRQWHRY ,7 EDVHGRQ
HOMRS\ ,QIWVHAIRY  &+2 .&( 81&(57$,17<$1' (17523< 6KDQQRQ\WON DERXVWH FROFHSWR
XQFHMBIQN DV GHIGHG B\ HRS\ 6 KDQQRQ Z UMMV \WH |RTBZ LQJ IMVWEH RUH GHUYIQJ K1V ( QARS\ P HDVXUA
3&DQZHIQGD P HDVXUWH R KRZ P XFK 3FKRIEH 1V IQYROHG IQWH VHBIFMRQ R \WH HYHQARUR! KRZ XGFHABIQ
ZH DU R \WWH RARRP H'*

7KH EHDXW R 6 KDQQRQIV Z RUN IV \KDWAWAWWHQIDE® XQUHV \WHVH VHHP 1QJ © GLIHHOWFRGFHSW R
XQPHUBIQW DQG XQ FRP SUAWIELDW 6 HH DOR\KH UHFHQWN 55 GHEDWM SDSHU

:HM 6 9 5 XCEHD% / " HEDMV ' RHVIQRWP DIRQWHRY SWRYIGH D QHZ SDUDAJP IRUHDWK
\/FU-Q:H 6K[1$I—USLH-GF\LRQ/X\A.QJ2FFD°VGJNSK1D]RU DMUS HVRXUAHV 5 HVHDUFK
H ) KBV RRJ )

O ) RUPRQRUIQI QHERUW \KH IQRUP DIRQ HDFK VHQURUSURYIGHV \MURXJ K. IW REVHYDUIRQY
RXWRP HV 1V \WHUH RUH GONHG R \WH XCQFHUBIQW R \KRVH RXARRP HY EHIRUH P HDVXUHP HQW7 KHVH DUH
TXDQMHG WURXJ K \WH SUREDEIOW GMUEXUIRQY R WH GO 7KLY @H LV TXWM KDUG\R BDG SBDVH FRMGHU
IWRUMP SOIEDURQ

7KDQN\ RX IRU\ RXUFRP P HQV : H P RALLHG WH \M WDV IRTBZ V/ \R [P SURYH W FOUM Z KIB! NHHSIQJ
SUHAMRQ

3) RUP RQURUQ) QHERUNW Z H DUH LOMIHVNG 1O \WH IQRUP DURQ FROMOAR \WH REVHIYDIRQY [URP DO
VABMRQY 7 KH IQIRUP DUMRQ FROIMQNY HTXDOR \WH XQFHWBAQI DERXVWKH REVHYDMRQY EHIRUH P HDVXUQ)

7 KH XQFHWBION 1V TXDQUHG \WURXJ K SUREDELDN CMMEX\IRQY \KDWEHVFUEH \IH SRAWE®! REVHYDURQY
EDVHG RQ\WH DI

O  WHSOFHP HQV
7KDQWV IRUFDWKIQ) WLV W 11 HG

O , \WQNWL LV DOR D JRRG SOFH R P HOIRQ MRQWHOARS\ DV\ RX Z LGEH FRP 1Q) EDFNR \KLY OWURQ
\WH SDSHU

O  DWQRP YDUDE®
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( QARS\ DQG MRIQWHOARS\ DUH UHSUHVHQMG E\ \WH + A P ERCDSS@FDE®! IRUERW D VIQJ B YDUDE®! RUP X0
YDLDE(BNG—BI—QGQJ RQ\NHFRQMW HQRZ FOUL\ \KDWP RUH E\ wmm] vmsmmzmmwﬂ@

o) ZEMHN’HIXQ:\MQ/HHRIWQFHDSFM—GILRDWED\AFHSLH-MARQJ HBIO' R HDFK H SUWIRQ
DUH SUHWVHOMGEHBZ  , \IQN KLY FDQEH WP RYHG
: H GHOMIG \WH @H DV UHFRP P HQGHG

O  <RXFKDQIHGWH QDP HKHHWR' IVFUMW P DUICDCHORRS\ )RUHDPSBI O HMRS\ O
6KDQQRQHQAMRS. O ' IVFUHM P DUICDCHOARS, 3 BGDVH EH FROIMMQN

© HUP RYHG 6 KDQQRQ IURP @H ( QARS\ VD JHQHIDOMP  DQG GVFUAWM P DU LQDCHQRRS\ IV D P RUA
VSHALE WP \R H SDIQKRZ HORRS\ YDOHV DUH FDBXOWG LH  FRQIDXRXY RUGVFUAW SUREDELDN
QAWIEXURQ 7KLY VSHALIFDURQ LY H SOIGHG 1O \WH SUHFHAQ) VHOMQRH © HFOUHGE\ DAAQ) QG
_GVEUAM YDUDE®! \R \WH @QH EH RUH \WH HTXDURQ LV IQRRGXFHG

O \RXP HQIRQL RQD DERXVKQW ZKIBIIQO  \ RX P HQIRQ \WDWY XVHG 1Q DQVZ HUQI TXHWIRQY

© KIFK RQH IV \WWHQ\WH FDVH' , \KIQN \WH DQVZ HWY GHSHQG RQ WH TXDQIYDMRQ UDKHUKDQ WH EDVH R \WH
DORUWKP 3 GDVH FOUL\ \KLY

%AW JLYH \WH H SHAMG YDOH R WH QXP EHUR HTXLYDBIQAELQDY  TXHWIRQ DQVZ HY QHHGHG \R GHWMUP IGH [Q
Z KIFK EIQWH RXFRP H IDE IRUDQ. FKRIEH Rl TXDQIY DIRQ @\ RXWR WH EIQV 6 Z WKIQ) EDVH R \WH
®IDUKP RUXQWIKDQI HV WH WSH Rl TXHIRQ DIRZ HG R TXHWIRQY Z W HJ P RUH WDQ\® R SRME®!
DQVZ HY DQG WHUHRUH WH QXP EHUR! TXHWIRQY FKDQI HV 7 KHUH 1V DOR \WH FRQGHAIRQ R 1131 I} HV WDW
FDQSURYH XVHXO: H P RALHG \KH M WR FOUL\ \KLY SRIQW

$CEGIQ/

o) 7KV GRHV QRWD, P XFK &DQ\ RX EHP RUIH VSHALIE $OR Z 1@ RX SGDVH JHQHIDIVH DOR \KH
HTXDIRQY IOV VHRIRQ + + ; 7 DQG&

© HSURYIGHG D OMR i P ERY IQ\WH DSSHQGE] \R SURYIGH D JHQHIDARYHWYIHZ ,Q\WH RUJ IQDOGDIWZ H
JHQHDQ HG DQG H SOICHG DOTXHWIRQY 1Q RQH FRQAVH SDUDJ UDSK. 96XWRKHUUHYLHZ HUY UHTXHMG \R EUDN
IMERZ Q DQG H SOLQ HDFK HTXDWMRQ U KVDIMUWH | IAMDSSHDUDGRH LQ \WH SDSHU

O 0 DUICDOEMMEXWRQY DUH QRAXVHG LQ FDBXOMQ RIQMRSIHY 3 BDVH P RYH\MHP Z KHMH
QHFHADY

7 KDQWV IRUFDWKIQ) WLV IV 11 HG

6 7KLY VHRIRQ FRQEIQV TXIW D EMR IQRUP DIRQ WDVWAKRX@ CRAEH SDWR \KH 0 HKRGREJ\

6 6 IQWHUHYMRQ GDIW Z DV IQMGHG W KHS RXUUHDGHY IQMBUHNDQG XQEHIADIQE \WH UHVXAOV
SUMVHQMG LO \WH SDSHU 6 IGFH RXUP HWRGRBJ\  \R UHDFK RXUFRQFOMRQV IV QRWRQD FDBXOMEYJ \KH
REMPIYH IXQAIRQY EXVDOR LOMSUAID WHP  Z H FROUGHUD) [Q) RXAVWKH NH\ LQIRUP DUMRQ P HDVXUAV DV
SDWWR RXUP HKRGREBJ\ 0 RYIQJ IWWR RKHUVHRIRQY Z RX@ AMXSWAH IBZ R IQRWP DIRQ DQG P HWDIH R
\WH SDSHU

6 , CR QRWKIQNWH Z RGP HDVXUH DV 1Q WH \MB1 Z RUW LQ KLY FRQIM WDV D QRXQ - & RMGHUXVIQ)
RKHUWUP VXFK DV P HUEY

© H NHSWP HDVXUAV DV MY P R 1Q @H Z W KRZ MY UHHUWHG \R 1Q LQIRP DIRQ \M \ERR\W 7R P DNH IW

HDVHUVR BHDG Z H UHQDP HG \WH VHRIRQ 38 QGHYABQAQ) DQG YIVXDQ 1Q) \WH P HDVXUAV R IQRP DIRY \R
DYRIG DP ELJXIW EH& HHQ XVHV Rl WH Z R 3P HDVXUAV DV D QRXQDQG DV D YHE



O  $CAWH SURSHWAV Z HUH QHYHUGVFXWHG : KDWDUH \KHVH'

7KV BHHY HJ \R HTXDIRQ  Z KIFK W@ XV \WDWQ \WH \RBOIQIRWP DIRQ P HDVXUHG B\ RIQAHQRRS\  ZH
DFFRXQMRUUHGXQEDQR. B\ VXEWDRIZY \WH \RBOFRUMDMRQ ILRP WH VXP R HQARSIHY : HQRZ H STFM®
UHHUORHT  DQG XVH \WH P RUH DFFXUDM \MP _DCGMYH UHDMRQY

O  3GDVHFRMGHUFOUL IQJ KLY @H DV IRURXUSUHYIRXY GVFXWIRQ

© HQRZ FOULIHG\KDVZ W P D[ lP DO LQIRWP DIYH Z H P HDQ UHGXFIQ) \RVBIOKGFHUBIQIN DERXVIKH VHWR
RXWRP HV IDIHUWDQ IRFXMQ) RQ D VSHALLE YDUDE®! RUG—HMRQSLIRE(BP

« @DG\RDPD[LPD@LQRLPUMH\A—QRJQMRLN RUA

O  +RZHYHUWHH IV QR FROHQXV RQKRZ \R P IQP [} H UHGXQEDQAQIRWP DURQ |, \KIQN WDWKHUH IV QR
FRQVHQUXV RQ W GH IQURQ UDKHUWDQ RQ W Z D\ VR P LGP IVH WO RAWMDX\KRY Z LODJ UHH WDWAH RQD Z D\
VR ILQGWH RSUP DO UHVX@NY VR BAVRWAR [XCHQXP HIDVMRQ Z KIB! RXHY KDYH XVHG P RUH HILFHQWP HIKRGY
\R JHWKHUH VR \WH SUIREGP FDQDRXD® EH UHDOAFD® VROHG ,Q SDMEXDU Z KHQ UAYIMQ) $ GRQVR HWDO
ZHIRXQGRXWKDW 0 3 1V D FUMUD IRUGHIQQ) WHGXQEDQR  ZKIB WH Z D\ \R VROH WH SUREGP
ZDVUAVRMQI \R16* $ ,, 7KHVH GLIHHQRHY KDYH R EH FOULLHG DV\KH VHHP P I[ HG XS IQWH GRFXP HQW
7KDQW : H P RAUHG \KH M WR FOUL\ \KLY : H P HDQWKHUH IV QR FROVHQVXY RQKRZ R P IQIP [} H
UHGXQEDQNQIRP DIRQIQ\MP VR P IQP [} 1Q) \RBCFRUHDMRQ RUSDILZ IVH WDQUIQI RUP DURQ

$AHGIQ/

+ RZ HYHU WHUH IV QR FRQVHQUXV RQ
P 1QP [} H BHGXQEDQNQIRWP DIRQ
(T DUH IUDP HG DV JUWHHG. DGG DV \WH BHDG\R RSWP [VH \WH JLYHQ P HWE JLYHQ D VIR SUHYIRXY
MADIRQY DQG D QHZ FDQACDM 7 KHIHRUH W IR XOMRQ LV QRAVXIMIE®! [RUIW XVH IQ\WH JUHG. GRS

© RX@ QRAEH EHWHUMWAR KDYH D GHIQURQ R \WH REMIPIYH IXQRIRQ DQG SUMVHQAHSDUDMO \WH Z D\ \R
VROH W

: H DI UHH \WWDVWKHVH HTXDUIRQV DUH IRUWP XOWMG IURP D JUHHG DGG SHY/SHAYH EHFDXVHVRP HR WH

PHKRGYZHFRP SDIHZIW : 0 3 DQGP IQ7  DUH IQKHUHQ® IRWP XOWG\WDW D\ : HDIUWH WDV ,0 5 DQG
PO -( FRXGEH IRP XOWG ALIHHQ® Z MRXWHHUWIQ] W) F DQG\WH JUHHG DGG EXWWKDVW RX@ P DNH \WWH
FRP SDUMRQZ W : 0 3 DQGP IQ7 P RUH FRP STFDWG DQG Z RX@G DOR P DNHWH Z D\ Z H LG\ \KH
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JUHG DQG DQGWDVD ,0 5 DQGP D) - ( FRX@ EH HDVI® P RALHG |RUH, KDXVAYH RSWP [} DURQ

O 7KV DSSIRDFK FDQIRUH DP S® EH XVHXAQ$ GIQH WUDIQ Z KHUH UHEFDMT) D VHQURUUHT XILHY
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SOFHP HOAR \KH VHQURY EXW GR QRAWHH IMDV DQ DU XP HOWZ KHQ WMDY SRWQIDARFDMRQY Z KIB! 1O \WH
GHJQ SKDWH

+DYIQJ GRQH IIHOZ RN IRUKDWSIRWFW 6 UHD@ HG \WDWRIWQ GHS® P HOW DUH QRAVSDQRHG IX® [Q
DGYDQFH  EXWDEDSWG EDVHG RQ GDW FRIPWG ,Q \WDVWHQVH WH GHVLI Q SKDVH FDQ EH VRP HZ KDWOIG
%HFDXVH RN WH Z RIN IQYROHG DQGM] HR WHWDP  KINQJ WP H HW D IDIL® @ WMG QXP EHUR ABMRQV SHU
IIHG YMWARX@ EH SOFHG 7 KH GHAMRQ Z KHUH R SOFH WH QH WARMRQ RUZ KHIKHU\R UHP RYH D VHQVRU
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REMIPIYH [XQPURQY H SBRUHG IQWLY SDSHU ;- H WHQ SURYIGH WH \& R GDJ WDP V \R KHS RXUUHDGHULQMSUHW
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/I \R/ FROBIQVWH FRUMH UDVRQQI R RXUDUXP HONQWLY SDSHU 7KH/ R/ SWRVIGHV
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o) ' RQWERZ B0\ \ RXAWHDRU\ RXUVHXS W Z HONGQRZ Q WDWARP EICDRUDCSUREGP V DUH QRW
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3& 26 HW
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0] B\ GHIQUWRQ HYHY VHDURK DORWKP LV P RUH HIHHQWKDQ H KDXWWYH VHDURK
: HDIWHHZ WA\ RX @ HP RALHG WH W WQG UHP RYHG \WWH FRP SDUVRQ R \WH H KDX\WWYH DO RUMKP
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VHOH

2 XUDUXP HQBARQ IV AMDXDWKHUH 1V QR FEDUMMEDMRQ J LYHQ IRUP QP [} LQJ UHGXQEDQR\ 1Q SUHYIRXV
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TXDQIVDIRQ P HKRG \WH SRIMQUDOXSHYHWR SRIWMQIDABRFDMRQY DQG WH KDUEZ DUH DYDIDEIDW | FDQ
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Abstract. This paper concerns the problem of optimal monitoring network layout using information-theoretical methods.
Numerous different objectives based on information measures have been proposed in recent literature, often focusing simul-

dancy, or dependence between monitored signals, as a secondary objective is not desirable and has no intrinsic justi cation.
The negative effect of redundancy on total collected information is already accounted for in joint entropy, which measures total
information net of any redundancies. In fact, for two networks of equal joint entropy, the one with a higher amount of redundant
information should be preferred for reasons of robustness against failure. In attaining the maximum joint entropy objective, we

investigate exhaustive optimization, a more computationally tractable greedy approach that adds one station at a time, and we

1 Introduction

Over the last decade, a large number of papers on information theory based design of monitoring networks have been published
These studies apply information-theoretical measures on multiple time series from a set of sensors, to identify optimal subsets.
Jointly, these papers (Alfonso et al., 2010a, b; Li et al., 2012; Ridol etal., 2011; Samuel et al., 2013; Stosic et al., 2017; Keum
and Coulibaly, 2017; Banik et al., 2017; Wang et al., 2018; Huang et al., 2020; Khorshidi et al., 2020) have proposed a wide
variety of different optimization objectives. Some have suggested that either a multi-objective approach or a single objective
derived from multiple objectives is necessary to nd an optimal monitoring network. These methods were often compared to
other existing methods in case studjassed to demonstratebasedon-theresultingretworks;that one objective should be

In this paper, we do not answer the question “what is optimal?” with an optimal network. Rather, we re ect on the question
of how to de ne optimality in a way that is logically consistent and useful within the monitoring network optimization context,
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The objective of a hydrological monitoring network depends on its purpose, which can usually be framed as supporting
decisions. The decisions can be relating to management of water systems, as for example considered by Alfonso et al. (2010a) ¢
ood warning and evacuation decisions in uncontrolled systems. Also purely scienti ¢ research can be formulated as involving
decisions to accept or reject certain hypotheses, focus research on certain aspects, or collect more data (Raso et al., 2018).
fact, choosing monitoring locations is also a decision, whose objective can be formulated as choosing monitoring locations to
optimally support subsequent decisions.

The decision problem of choosing an optimal monitoring network layout needs an explicit objective function to be optimized.

While this objective could be stated in terms of a utility function (Neumann and Morgenstern, 1953), this requires knowledge of

multitude of users. As a special case of utility, it is possible to state the objective of a monitoring network in terms of information
(Bernardo, 1979). This can be done using the framework of information theory, originally outlined by Shannon (1948), who
introduced information entropy H(X) as a measure of uncertainty or missing information in the probability distribution of
random variable X, as well as many related measures.

Although ultimately the objective will be a more general utility, the focus of this paper is on information-theoretical methods
for monitoring network design, which typically do not optimize for a speci ¢ decision problem supported by the network.
Because information and utility (value of information) are linked through a complex relationship, this does not necessarily
optimize decisions for all decision makers. Since we do not consider a speci ¢ decision problem, the focus in the present paper
is on methods for maximization of information retrieved from a sensor network.

In this paper, the rationale behind posing various information-theoretical objectives is discussed in detail. While measures
from information theory provide a strong foundation for mathematically and conceptually rigorous quanti cation of informa-
tion content, it is important to pay attention to the exact meaning of the measures used. This paper is intended to shed some
light on these meanings in the context of monitoring network optimization and provides new discussion motivated in part by
recently published literature.

We present three main arguments in this paper. Firstly, we argue that objective functions for optimizing monitoring networks
can, in principle, not be justi ed by analysing the resulting networks from application case studies. Evaluating performance of
a chosen monitoring network would require a performance indicator which in itself is an objective function. Case studies could
be helpful in assessing whether one objective function (the optimization objective) could be used as an approximation of an-
other, underlying, objective function (the performance indicator). However, from results of case studies we should not attempt
to draw any conclusions as to what objective function should be preferred. In other words: the objective function is intended to
assess the quality of the monitoring network, as opposed to a practice where the resulting monitoring networks are used to as:
sess the quality of the objective function. Secondly, we argue that, in purely information-based approaches, the joint entropy of
all signals together is in principle suf cient to characterize information content and can therefore serve as single optimization
objective. Notions of minimizing dependence between monitored signals through incorporation of other informedtios
measures the objective function lack justi cation and are therefore not desirable. Thipdlyaustheundesirablénformation
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imization of redundancy would mean that each sensor becomes more essential, and therefore the network as a whole mor
vulnerable to failures in delivering information. Adding a trade-off with maximum redundancy is outside the scope of this
paper, but serves to further illustrate the argument against use of minimum redundancy.

expansion to new locations, models are always needed to describe what could be measured in those locations. These coul

vary from simple linear models to full hydrodynamic transport models, suébrascampledenein{Aydin-etak;-2619)used

In this paper, our main focus is to discuss the formulation of information-theoretical objective functions and previous liter-
aturen-thattepic. Therefore, we restrict our scope to those information-theory based objective functions, bapetadiy

Furthermore, we investigate whether the desired optimum in the objective function can be found by greedy approaches, or
whether exhaustive search is needed to prevent a loss of optimality.



95

100

105

110

115

120

Only after it is agreed on what is wanted from a network and this is captured as an optimization problem, other issues such
as the solution or approximation of the solution to the problem become relevant. The numerical approach to this solution and

data fromthecasestudyfor-Brazos River in Texas, as presented in Li et al. (2012), to allow for comparisons. However, as
we will-argue, the case study can only serve as illustration, and not for normative arguments for use of a particular objective
function. Such an argument would be circular, as the performance metric will be one of the objective functions.

In this paper, since we are discussing the appropriate choice of objective function, there is no experimental setup that could
be used to provide evidence for one objective version versus the other. Rather, we must make use of normative theoretical
reasoning, and shining light on the interpretation of the objectives used and their possible justi cations. The practical case
studies in this paper therefore serve as illustration, but not as evidence for all the conclusions advocated in this paper, some o
which are arrived at through interpretation and argumentation in the discussion sétimmethodologysectionintroduces

andillustratetherole of objectivefunctions.In section3, we discussistatizationef theseinformationmeasuresand-naty;-

a N on or-rmopitornanebano Ade aTal¥Via a aYaala¥a ab hocpe

2.1 Information theory terms

Shannon (1948) developed information theory (IT) based on entropy, the concept that explains a system's uncertainty re-

duction as a function of added information. To understand how, congidet of N events for which possible outcomes are
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onthe data.

In monitoring network design, IT has been applied in the literature to evaluate data collection networks that serve a variety
of purposes, including rainfall measurement, water quality monitoring, and stream ow monitoring. These evaluations are then
used to optimizghe placement of sensors. In the monitoring network optimization literature, three expressions from IT are
often used in monitoring network design: (1) entropy (H), to estimate the expected information content of observations of
random variables; (2) Mutual information, often called transinformation (T), to measure redundant information or dependency
between two variables; (3) total correlation (C), a multivariate analogue to mutual information, to measure the total nonlinear
dependency among multiple random variabiebj
of eachexpressiorarepresentedbelow.

The Shannon entropy H (X) is a honparametric measure, directly on the discrete probabilities, with no prior assumptions on

data distribution. It is also referred to as discrete marginal entropy, to distinguish it both from continuous entropy and from

measures the number of questions needed to determme the outcome of a multivariate system.

X X
H(X1;X2) = P(X1;X2)10g, p(X1;X2) @)
X12X1X22X >

. For a bivariate cagé+X~), if two random variables
are independent, then their joint entropy(>H; X ), is equal to the sum of marginal entropie®H) + H(X>). Conditional
entropy (Eq.3), KX 1jX ), explains the amount of informatiof; delivers thatX , can not explain.

. X X X1:X
H(X1jX2) = p(x1;x2)log, % 3
X12X1X22X > p 2
06 H(X1jX2) 6 H(X1) (4)
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H(X1jX>) can have a range (Eq.4) between zero when both variables are completely dependent and marginal(ettjopy H
when they are independent. Mutual information, in this eld often referred to as transinformation (EX%)Xz), explains
the level of dependency and shared information between two variables by considering their joint distribution.

X X 10X
T(X1iX2) = P(X1;X2)|092M
X12X1%22X 2 p(x1) p(x2)

®)

" #
C(X1;X ;10 X0n) = : H(Xi)  H(X1; X255 X0) (6)
i=1
Total Correlation (C) gives the amount of information shared between all variables by taking into account their nonlinear
dependencies. C can only be non-negative since sum of all marginal entropies cannot be smaller than their multivariate joint
entropy, though in the special case of independent variables, C would become zero.

2.2 Understandingandvisualizing-the-measuresingle-objectivegptimization
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, Which minimizestotal remaininguncertaintyaboutthe outcomesat all potentiallocations.Also, it shouldbe notedthatthe

195 appliedin agreedysearchaddingonenewstationatatime, this approachianksstationshasecbn growingjoint informationas



Figure 1. Venn diagram illustrating the relations between the relevant information measures. In the legend, the joint and marginal
information-theoretical quantities (joint) entropy H(X), conditional entropy H(X|Y), and transinformation T (X;Y) for the variable from
sets of already selected sensors S, not yet selected sensors F and the current candidateaensurésented by the surfaces in the Venn
diagram. For the 3 basic circle colors (rst three circles in the legend), "free" gives the quantity represented by the non-covered part and
"full" gives the quantity represented by the entire circle surface. The joint entropy that is proposed to be maximized in this paper is the area

enclosed in the thick red line.
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2.3 Multi-objective optimization
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information content, through either the sum of marginal entropy or joint entropy, is the common theme among existing methods
(Alfonso et al., 2010b; Li et al., 2012; Samuel et al., 2013; Keum and Coulibaly, 2017; Wang et al., 2018; Huang et al.,

redundant information. Table 1 gives an overview of the large number of objectives and combinations of objectives used in

the last decade. On the one hand, water monitoring in polders (WMP) method (Alfonso et al., 2010a) and joint permutation
entropy (JPE) method (Stosic et al., 2017) used normalized transinformation to minimize redundant information. While, on the
other hand, multi-objective optimization problem (MOOP) method (Alfonso et al., 2010b), Combined regionalization and dual
entropy-multi-objective optimization (CRDEMO) method (Samuel et al., 2013), multivariable hydrometric networks (MHN)
method (Keum and Coulibaly, 2017) and greedy rank based optimization (GR 5 and 6) method (Banik et al., 2017) adopted
total correlation to achieve minimum redundancy. Interestingly, both C and T were used as competing objectives in maximum
information minimum redundancy (MIMR) method proposed by Li et al. (2012). They argued that transinformation between
selected stations in the optimal set and non-selected stations should be maximized to account for the information transfer
ability of a network. Meanwhile, recently proposed methods in the literature attempted to improve monitoring network design

by introducing yet other additional objectives (Huang et al., 2020; Wang et al., 2018; Banik et al., 2017; Keum and Coulibaly,

2017). These additional objective are further discussed in Appendix B.
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8
3 maximize H(hWXs,;Xs,;::5; X, 1 XE)

Objective function (MIMR)= 5 maximize 1, T(WXs,;Xs,;::0 X, i

k i

8

< maximize H(F¢)

T(Si;Fc)

Objective function (WMP)= _ o)
- subjectto  ,5 —FEy” <SBM

8
<

_— . . maximize first H(Fc¢)
Objective function (minT)=

2.4 Exhaustive search vs greedy add and drop

Apart from the objective function, the optimization of monitoring networks is also characterized by constraints. These con-
straints can either be implemented for numerical reasons or to re ect practical aspects of the real world protsieithe
majority of existing literature listed in Table ;4 implici [

objeetivefunetion, without reconsidering theet'salready selected stationsheset.. A practical reason for this is numerical
ef ciency; an exhaustive search of all subsets of k stations out of n possible stations will need to consider a large number of
combinations, since the search space grows exponentially with the size n of the full set of s#hsorskinations of sensors
need to be considered).

In this paper, for the maximization of joint entropy that we advocateytieconsider and compare 3 cases for constraints
with a large in uence on computational cost, with the purpose of investigating whether these in uence the results. We also
interpret the constraints as re ections of placement strategies. Firstly, the “greedy add” strategy is the commonly applied
constraint that each time the network expands, the most favorable additional station is chosen, while leaving the already

chosen network intact. The optimal network foistations is found by expanding one station at a time. This approach can

10
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for example be useful in Alpine terrain, where relocating a sensor requires signi cant effort (Simoni et al., 2011). Secondly,
“greedy drop” is the reverse strategy, not previously discusse¢leifiterature, where the starting point is the full network

with all n stations-anethe, Theoptimal network fork stations is found by reducing the full network one step at a time, each

step dropping the least informative station. Since all of the discussed monitoring design strategies use recorded data and henc
discuss networks whose stations are already established, network reduction is perhaps the more realistic application scenari
for information-based design methods. Thirdly, “exhaustive search” is the strategy where the optimal netwsidtiohs is

found by considering all subsets lofstations out oh. This unconstrained search is far more computationally expensive, and
may not be feasible in larger networks for computational reasons. It can therefore be seen as a optimality benchmark. Becaust

the objective function.

In this comparison, wevil-investigate whether the exhaustive optimization yields a series of networks where an increase in
network size may also involve relocating stations. This may not always be practically feasible or desired in actual placement
strategies, where networks are slowly expanded one station at a time. Occurrence of relocation in the sequence of growing

subsets would also show that no greedy algorithm could exist that guarantees optimality.

aper,we usea shorthandhotation:we usethe setsof

of stations Varioustypesof informationinteractiongfor threevariablesareconceptuallyunderstandablasingVenndiagram

rsizeof outerarclengthsshouldnotbeinterpretedas

entanglements anactiveareaof researchin 3 or moredimensions|n this papertheotal sizeof the outerarclengthsis setfo

representhe
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320

325

3 Study area and data description

In previous studies, the focus of the research has been on nding an optimal network for the subject case study with only little
330 discussion on the theoretical justi cation of applying a new methodology. For this reason, the primary goal of this paper is
critically discussing the rationale for use of several objective functions in monitoring network design. To illustrate differences
between the methods, we decided to apply our methodology to the Brazos River stream ow network (Figure 3) since this
network was subject of study for the MIMR method. This network is under-gauged, according to the World Meteorological
Organization density requirement. However, using the exact same case study eliminates the effect of other factors besides th
335 objective function on the comparison. Such factors could be initial network density, temporal, and spatial variability. To isolate
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345

our comparison from those effects, as well as from methodological choice such as resolution, time period considered, and
guantization method, we used the same data period and oor function quantization (Eqg.11) proposed by Li et al. (2012).

2X+ a

“a (11)

Here,a is the histogram bin-width for all intervals except the rst one, for which the bin-width is equdl tois station's

stream ow value, and is its corresponding quantized value; @ndis the conventional mathematical oor function.

Figure 3. Brazos stream ow network and USGS stream gauges locations.

In Li et al. (2012), 12 USGS stream gauges on the Brazos River were selected for the period of 1990-2009 with monthly
temporal resolution; some statistics of the data are presented in Figure 4. For the discretization of the time series, they usec
a binning approach where they empirically optimized paraneetersatisfy three goals: (1) to guarantee all 12 stations have
distinguishable marginal entropy, (2) to keep spatial and temporal variability of stations' time series, bin-width should be ne
enough to capture the distribution of the values in the time series while being coarse enough so that enough data points are
available per bin to have a representative histogram, and (3) to prevent rank uctuation to due to the bin-width assumption,
sensitivity analysis must be conducted. They carried out the sensitivity analysis and prapdss@ m3=sfor this case studly,
the resulting marginal entropy for each station is illustrated in Figure 4.

14



6441444880

Figure 4. Brazos River stream owm®=s) statistics and resulting entropy values (bits).The stations' IDs are organized from upstream to
downstream gauges in the watershed. Entropy values are calculated by oor function and paaani&germ?S=s.

4 Results and Discussion
350 4.1 Comparison of the objectives for Brazos River case

As indicated in the introduction, we should not attempt to gauge the merits of the objective functions by the intuitive optimality

of the resulting network. Rather, the merits of the networks should be gauged by the objective functions. Still, the case study

can provide insight in some behaviours resulting from the objective functions.

To assess and illustrate the workings of the different objectives in retrieving information from the water system, we compared

355 three existing methods with a direct maximization of the joint entropy of selected seH$&3;5c), indicated with maxJE in

the results, such as Tables 2 and 3. The joint entropy results in Table 2 indicate that maxJE is able to nd a combination

of 8 stations that contains joint information of all 12 stations ranked by other existing methods. Figure 5 displays spatial

distribution of the top 8 stations chosen by different methods. Before any interpretation of the placement, we must note that

the choices made in quantization and the availability of data play an important role in the optimal networks identi ed. Whether
360 the saturation that occurs with 8 stations has meaning for the real world case study depends on whether the joint probability

distribution can be reliably estimated. This is highly debatable and merits a separate detailed discussion which is out of the

scope of this paper. We present this case study solely to illustrate behaviour of the various objectives.

15



Multivariate dimensions

MIMR 247 284 287 321 323 323 323 332 333 352 393 41

WMP1/2 247 307 321 336 338 338 3.38 3.38 338 352 382 4.1

minT, 247 253 269 272 276 289 306 3.08 3.33 352 393 4.1
maxJE 247 307 35 37 388 402 409 41 41 41 41 41

Note that MIMR's trade-off weight (1 = 0 :8) is based on the recommendation of Li et al. (2012) for this dataset.

Station ranking in multivariate dimensions

Method

1 2.3 4 .5 .6 .7 .8 9 10 11 12
MIMR 12 6 2 3 4 7 5 9 10 11
WMP1/2 12 9 5 4 3 2 1 8 11 10
r::qinT: L1201 . 3 4 5 7 6 8 9 10 11
maxJE 12 9 10 11 8 5 7 2 1 3 4 6

Note that for the last 5 stations, indicated withmultiple optimal orders are possible.

The most notable difference between MaxJE and the other methods is the selection of all 3 of the stations located most
downstream. While other methods would not select these together due to high redundancy between them, maxJE still select:
365 all stations, because despite the redundancy, there is still found to be enough new information in the second-most and third-
most downstream station. This can be in part attributed to the quantization choice of equally sized bins throughout the network,
leading to higher information contents downstream. While this quantization choice is debatable, it is important, in our opinion,
to not compensate artifacts from quantization by modifying the objective function, even if the resulting network may seem more
reasonable, but rather to address those artifacts in the quantization choices themselves. To repeat the key point: An objective
370 function should not be chosen based on whether it yields a “reasonable network” but rather based on whether the principles
that de ne it are reasonable.
Though already necessarily true from the formulation of the objective functions, we use the case study to illustrate how
other methods with a separate minimum redundancy objective lead to the selection of stations with lower new information
content (green area in Figure 6). Reduction of the yellow area in each iteration (i.e. the information loss compared to the full
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380

network) in Figure 6 corresponds to the growth of joint entropy values in Table 2 for each method. maxJE (by de nition) has the
fastest, and minT the slowest rate of reduction of information loss. Methods' preference for reaching minimum redundancy or
growing joint information (red area in Figure 6) governs the reduction rate of information loss. Also, Figure 7 provides auxiliary
information about the evolution of pairwise information interaction between already selected statiohs :::; X 1 in the

previous iterations and new proposed statign Figure 7 illustrates the contrast between the choice of the proposed stations

in the rst six iterations by different methods. For instance, minT method aims to nd a station that has minimum mutual
information (red links in Figure 7) with already selected stations. In contrast, the maxJE method tries to grow joint entropy,
which translates to nding a station that has maximum conditional entropy (green segments in Figure 7). Other methods opt to
combine two approaches by either imposing a constraint (WMP) or having a trade-off between them (MIMR).
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385

4.2 Is minimization of dependence needed?

The existing approaches considered above have in common that they all involve some form of dependence criterion to be
minimized. For example, the total correlation gives a measure of total redundant information within the selected set. This is
information that is duplicated and therefore does not contribute to the total information content of the sensors, which is given
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by the joint entropy. Focusing fully on minimizing dependence, such as done in the minT objective optimization, makes the
optimization insensitive to the amount of non-duplicated information added. This results in many low entropy sensors being
selected. It is important to note that the joint entropy already accounts for duplicated information and only quanti es the
non-redundant information. This is exactly the reason why it is smaller then the sum of individual entropies. In terms of joint

only.

Mishra and Coulibaly (2009) stated that "The fundamental basis in designing monitoring networks based the entropy ap-
proach is that, the stations should have as little transinformation as possible, meaning that the stations must be indepen
dent of each other". However, no underlying argument for this fundamental basis is given in the paper. The question is then
whether there is another reason, apart from information maximization, why the total correlation should be minimized. In
three of the early papers (Alfonso et al., 2010a, b; Li et al., 2012) introducing the approaches that employed or evaluated
total correlation, no such reason was given other than the one by Mishra and Coulibaly (2009). Also in later citing research

but these are not very relevant in monitoring network design, since those costs are often negligible compared to the costs of
the sensor installation and maintenance (see (Barrenetxea et al., 2008; Nadeau et al., 2009; Simoni et al., 2011)). Moreovel
information theory tells us that, if needed, redundant information can be removed before transmission and storage by employ-

criterion for monitoring network design. Given that sensors often fail or give erroneous values, one could argue that redundancy
(total correlation) should actually be maximized, given a maximum value of joint entropy. We might even want to gain more
robustness at the cost of losing some information. One could for example imagine placing a new sensor directly next to another

to gain con dence in the values and increase reliability, instead of using it to collect more informative data in other locations.
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The Pareto front that would be interesting to explore in this context is the trade-off betmgeé@mumtotal correlation
(robustness) vs. joint entropy (expected information gained from the network), indicated by the red line in Figure 8. Different
points on this Pareto front re ect different levels of trust in the sensors' reliability. Less trust requires more robustness and
leads to a network design yielding more redundant information. Previous approaches, such as the MOOP approach propose:
by Alfonso et al. (2010b), explore the Pareto front given by the black dashed line, wiireumtotal correlation is con-

tion as a by-product of new information, so highly informative stations also carry more redundant information. This redundant
information does not reduce the utility of the new information, so does not need to be included as a minimization objective in
the optimization.

Summarizing, the maximization of joint entropy while minimizing redundancy is akin to maximizing effectiveness while

signi cant associated cost. If installing and maintaining a monitoring location has a xed cost, then ef ciency should be ex-
pressed as unique information gathered per sensor installed, which could be found by maximizing joint entropy (effectiveness)

for a given number of stations, as we suggest in this paper.
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Figure 8. Theresultingtotal correlationandjoint entropyfor. all. 924 possiblecombinationsof 6.out.of 12 sensorocations.In. somepast

4.3 Greedy algorithms vs. exhaustive optimization of maximum joint entropy

Different search strategies have been adopted in the literature for monitoring network design. The most commonly used greedy
algorithms impose a constraint on exhaustive search space to reduce computational effort. We investigated three different searc
strategies to obtain the optimal network in the context of using maxJE as an objective function. We discuss the advantages anc

limitations of each search strategy in terms of optimality of the solution and computational effort.

here Aato orrelatiorandioint-entropvic 024n0ssiblecombination
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entropy of a set of locations does not depend on the order in which they are added, the number of possible combinations is

n
k

computational burden is therefore greatest when about half of the stations are selected. For a number of potential sensor:
under 20, this is still quite tractable (4 minutes on normal PC, implemented -by a hydrologist- in MATi#&Breemfor
[ imizi ammer), but for larger numbers, the computation time increases very

(i.e. n choosek), wheren is the number of potential stations in the pool dnis the number of selected stations. The

rapidly. When considering all sub-network sizes, the number of combinations to consilessan exponential growth. We

could make an optimistic estimate, only considering the scaling from station combinations to evaluate, but not considering
the dimensionality of the information measures. For 40 stations, this estimate would yield a calculation time of more than 5
years, unless a more ef cient algorithm can be found. Regardless of potential improvements in implementation, the exponential
scaling will cause problems for larger systems.

Greedy approaches might be candidates for ef cient algorithms. For the proposed joint entropy objective, we tested the
optimality of greedy approaches against the benchmark of exhaustive optimization of all possible station combinations. For
the Brazos River case study, both the “add” and “drop” greedy selection strategies resulted in the global optimum sets, i.e. the
same gauge order and resulting joint entropy as was found by the exhaustive optimization. These results can be read from las
row of Tables 2 and 3. Therefore, for this case, the greedy approaches did not result in any loss of optimality. For the last few
sensors, multiple different optimal sets could be identi ed, which are detailed in Table 4. Results in Table 4 show multiple
network layouts with equal network size and joint information exist. For this case, network robustness could be an argument

to prefer the network with maximum redundané

In a further test, using arti cially generated data, we experimentally falsi ed the hypothesis that greedy approaches can
guarantee optimality. For this test, we generated a correlated random Gaussian datasetdaitdiZstations, based on the

for the three different approaches. Note how for the exhaustive optimization in this example, in some instances, one or two

previously selected gauges are dropped in favor of selecting new stations. The resulting joint entropies for the selected sets ar

shown in Table 6. This means no greedy approach can exist that nds results equivalent to the exhaustive approach.
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Table 4. All optimal combinations of sensors for the joint entropy objective. For number of sensors above 7, multiple optimal combinations

can be found due to saturation of joint entropy. Black squares are selected sensors.

Number of selected stations with Station ID

multiple optimal combinations 1 2 3 4 5 6 7 8 9 10 11 12
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points

Method
1| 2 [3] 4 | 5| 6 |7]8]|9]10|11]12
] Added 3/1;12| 6571126912 3|10|5| 8| 4 |11
Exhaustive
Removed 3 6;12 5 11
Greedy Add 31 [1] 7 [ 6| 9 [2]10]5]8 12]4
Greedy Drop 1 12 |6 7 | 2| 9 |3|1w0]|5|8]4|nm

means a previously selected station is removed from optimal set of selected stations.

Number of stations
Method

1 2 3 4 5 6 7 8 9 10 11 12

Exhaustive 1538 3.003 4.225 5.058 5.732 6.172 6.515 6.695 6.832 6.933 7.024 7.083
Greedy add 1.538 2.898 4.164 5.043 5681 6.111 6.486 6.646 6.789 6.899 6.996 7.083
Greedydrop 1.530 3.003 4.225 5.041 5.724 6.172 6515 6.695 6.832 6.933 7.024 7.083
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5 Conclusions

The aim of this paper was to contribute to better understanding the problem of optimal monitoring network layout using
information-theoretical methods. Since using resulting networks and performance metrics from case studies to demonstrate
that one objective should be preferred over the other would be circular, the results from our case study served as an illustration
of the effects, but not as arguments supporting the conclusions we draw about objective functions. We investigated the rationale
for using various multiple-objective and single-objective approaches, and discussed the advantages and limitations of using
exhaustive vs. greedy search. The main conclusions for the study can be summarized as follows:

The purpose of the monitoring network governs which objective functions should be considered. When no explicit
information about users and their decision problems can be identi ed, maximizing the total information collected by the
network becomes a reasonable objective. Joint entropy is the only objective needed to maximize retrieved information,
assuming that this joint entropy can be properly quanti ed.

We argued that the widespread notion of minimizing redundancy, or dependence between monitored signals, as a sec-
ondary objective is not desirable and has no intrinsic justi cation. The negative effect of redundancy on total collected
information is already accounted for in joint entropy, which measures total information net of any redundancies.

When the negative effect on total information is already accounted for, redundant information is arguably bene cial, as
it increases robustness of the network information delivery when individual sensors may fail. Maximizing redundancy as
an objective secondary to maximizing joint entropy could therefore be argued for, and trade-off between these objectives
could be explored depending on the speci c case.

The comparison of exhaustive and greedy search approaches shows that no greedy approach can exist that is guarantet
to give the true optimum subset of sensors for each network size. However, the exponential computational complex-
ity, which doubles the number of sensor combinations to evaluate with every sensor added, makes exhaustive searct

prohibitive w

in the number of locations, and therefore feasible for large search spaces.

The constraints to the search space imposed by the greedy approach could also be interpreted as a logistical constraini

In a network expansion scenario, it disallows replacement of stations already selected in the previous iteration.

We introduced the “greedy drop” approach that starts from the full set and deselects stations one by one. We have
demonstrated that the two types of greedy approaches do not always lead to the same result, and neither approacl
guarantees the unconstrained true optimal solution. Synergistic interactions between variables may play a role, although
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this is not the only possible explanation. In our case study, the suboptimality of greedy algorithms was not visible in
original data, but we demonstrated its existence with arti cially generated data. In our speci c case studies, differences
between exhaustive and greedy approaches were small; especially when using a combination of the greedy add anc
greedy drop strategy. It remains to be demonstrated in further research how serious this loss of optimality is in a range of
practical situations, and how results compare to intermediate computational complexity approaches such as metaheuristic
algorithms.

5.1 Further work

In this paper, we focused on the theoretical arguments for justifying the use of various objective functions, and compared a
maximization of joint entropy to other methods, while using the same data set and quantization scheme. Since the majority of
previous research used greedy search tools to nd optimal network con gurations, we compared greedy and exhaustive search
approaches to raise awareness in the scienti c community that greedy optimization might fall into local optimum, though its
application can be justi ed considering computation cost of exhaustive approach. Banik et al. (2017) compared computation
cost for greedy and metaheuristic optimization (Non-dominated Sorting Genetic Algorithm II). They reported that the greedy
approach resulted in drastic reduction of the computational time for the same set of objective functions (metaheuristic com-
putation cost was higher 58 times in one trial and 476 times in another). We recommend further investigation of these three
search tools in terms of both optimality (for the maxJE objective) and computation cost.

Another important question that needs to be addressed in future research is to investigate how the choices and assumption
made (i.e., data quantization which in uences probability distribution) in the numerical calculation of objective functions would
affect network ranking. What many of these objective functions have in common, is that they rely on multivariate probability
distributions. For example, in our case study, the joint entropy is calculated from a 12-dimensional probability distribution.
These probability distributions are hard to reliably estimate from limited data, especially in higher dimensions, since data re-
guirements grow exponentially. Also, these probability distributions and the resulting information measures are in uenced by
multiple factors, including choices about the data's temporal scale and quantization. To have an unbiased comparison frame-
work of objective functions, we kept data and quantization choices from a case study previously described in the literature. It is
worth acknowledging that these assumptions, as well as data availability, can greatly inagimsetnretworkrankingstation

Numerically, the limited data size in the case study presents a problem for the calculation of multivariate information mea-
sures. Estimating multivariate discrete joint distributions exclusively from data requires quantities of data that exponentially
grow with the number of variables, i.e. potential locations. When these data-requirements are not met and joint distributions
are still estimated directly based on frequencies, independent data will be falsely quali ed as dependent and joint information
content severely underestimated. This can also lead to apparent earlier saturation of joint entropy, at a relatively low number of
stations. For the case study presented here, we do not recommend interpreting this saturation as reaching the number of need:
stations, since it could be a numerical artifact. This problem applies to all methods discussed in this paper. Before numerics
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can be discussed, clarity is needed on the interpretation and choice of the objective function. In other words, before thinking

about how to optimize, we should be clear on what to optimize. We hope that this paper helped illuminate this.
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p(X1)
P(X1;X2)
H(Fc)
H(Xkc)
H(XFjXs)
T(Xg;Xs)

AE
RDI
SI,(X)
p( 2)

Anetwork
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Set of indices of potential monitoring locations not yet selected

The index of the monitoring station currently under consideration for addition

The marginal probability distribution of random variat{e

The joint probability distribution of variabl¥ ; andX ,

A shorthand foH(X ¢, ). In information measures, the set is used as shorthand for variables in that set
The entropy of the marginal distribution of time serie$in

The conditional joint entropy of variables i, given knowledge of variables &

Mutual information or transinformation between set of variables iand set of variables i8

Total Correlation, the amount of information shared between all variables

Histogram bin-width

Station's stream ow value

Quantized value after discretization

Apportionment entropy

Ranking disorder index

Local spatiotemporal information of the giid in local windowz in the time series
Probability distribution of the standard deviatiop in time series

Network accuracy

Kriging variance

Detection time

The average of the shortest time among the detection times for monitoring station
Reliability

Binary choice of 1 or O for whether the contamination is detected or not
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Appendix B: Additional objectives used in recent literature

Recent literature has expanded the information-theoretical objectives with additional objectives. For instance: (1) Wang et al.
(2018) proposed dynamic network evaluation framework (DNEF) method that follows MIMR method for network con gura-
tion in different time windows and optimal network ranking is determined by maximum Ranking disorder index (RDI) (Eq.B2),
which is normalized version of apportionment entropy (AE). RDI was proposed by Fahle et al. (2015) and named by Wang
et al. (2018) to analyze the uncertainty of the rank assigned to a monitoring station under different time windows; (2) Huang
et al. (2020) proposed information content, spatiotemporality, and accuracy (ISA) method, which extends MIMR method by
adding two objectives: maximizing spatiotemporality information (SlI), and maximizing accuracy (A). The Sl (Eq.B4) objec-

tive is introduced to incorporate spatiotemporality of satellite data into network design, and A (Eq.B5) objective is proposed

(2017) proposed six combinations (GR 1-6) of four objectives: detection time (D) (Eq.B6), reliability (R) (Eq.B7), H (Eq.2)
and C (Eq.6) for locating sensors in sewer systems; and (4) Keum and Coulibaly (2017) proposed to maximize conditional
entropy as a third objective in dual entropy-multi-objective optimization to integrate multiple networks (in their case: rain-
gauge and stream ow networks). Although maximizing conditional entropy can indirectly be achieved in other used-objective
(joint entropy), this new objective gives more preference to maximizing unique information that one network can provide when
another network can't deliver. These multi-objective optimization problems are solved by either nding an optimal solution in
a Pareto front (Alfonso et al., 2010b; Samuel et al., 2013; Keum and Coulibaly, 2017) or by merging multiple objectives with
weight factors into a single objective function (Li et al., 2012; Banik et al., 2017; Stosic et al., 2017).

fi

pE= T, Tt
= M 092y

i=1

(B1)

RDI= nAE= AE_ (B2)

log, n

Wheren is the number of possible ranks that a station can haverfiie.equal to the total number of stationg). ratio is an
occurrence probability of the outcome, whéfeis the number of ranks under different time windows, and the number

of a certainf" rank. Therefore, AE takes on its maximum value when the ranking probability of a station has equally probable
outcome while minimum AE happens when the station's rank is constant. RDI ranges from 0 to 1, and higher RDI values
indicate ranking sensitivity of a station to temporal variability of the data.

X
SL(X)=  p( 2)logzp( ) (B3)
i=1
2 3
1 X
Shework (X; £)= ——7 % Sl2(Xs)+ Sl.( 7)° (B4)

j=1
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1X' X
Anework (X; F)= T V arjj (B5)
i=1j=1
Where S}(X) is the local spatiotemporal information of the goid in local window z in the time series; ang( ;) is
probability distribution of the standard deviatiop in time series. Shework (X; F,) IS Spatiotemporal of the network, which

is calculated by the average of spatiotemporal information of already selecte&ki{ess, ) and a potential sitSI,( F,).

study area.
16

D()= 2 Ds() (B6)
Ss:l P
1%

R()=25 s (B7)
SS:l

WhereS is the total number of scenarios considered,@ggl ) is the average of the shortest time among the detection times
for monitoring stations, and; is binary choice of 1 or 0 for whether the contamination is detected or not.
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