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Table S.1: Chronological summary of 148 spectral vegetation indices developed from 1968 to the present time. Indices are defined using formulas
based on reflectance (p), the first derivative of reflectance (p’), and the second derivative of reflectance (p”’) with wavelengths (\) identified either
specifically in nanometers (i.e., Ag75) or generally as blue (AgLu), green (Agrn), red (Arep), red edge (Arpg), or near-infrared (Anir) wavebands.

Year Code Description Type' Formula Citation

1968 BRSR Birth simple ratio SR '(:ﬁ Birth and McVey (1968)
675

1969 JSR Jordan simple ratio SR P50 Jordan (1969)

675
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Year Code Description Type! Formula Citation
1973 NDVI Normalized Difference Vegetation In- ND PNIR — PRED Rouse et al. (1973)
dex (NDVI) PNIR + PRED
Richardson and
. . PNIR —aprep —b . Wiegand (1977);
1977 PVI Perpendicular Vegetation Index (PVI)  SA Vi : (a=1.166,b = 0.024) Jackson et al. (1980);
Huete et al. (1984)
1978  WLREIP  Wavelength of red edge inflection point ~ SF Arb = arg max, (o/(A) : 680 < A < 750) Coulzts ;fggfg)égorler
1979 DVI Difference Vegetation Index (DVI) DF PNIR — PRED Tucker (1979)
Normalized Difference Vegetation In- PGRN — PRED
1979 NDVI2 o NDVI) ND irem—— Tucker (1979)
. . . Guyot and Baret (1988);
92— )
1988  WLREIP2 ;Navelength of red edge inflection point g, 700 + 40 <('0 510 + P150)/2 ~ p 700) Cho and Skidmore
P740 — P700 (2006)
1088 SAVI Soil-Adjusted Vegetation Index SA (1+1L) ( PNIR — PRED ) (L =0.5) Huete (1988)

(SAVT)

PNIR + PRED + L
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Year Code Description Type! Formula Citation
Transformed Soil-Adjusted Vegetation a(pNir — aprep —b) B Baret et al. (1989);
1989 TSAVI Index (TSAVT) SA pr———— (a =1.166,b = 0.024) Huete et al. (1984)
Weighted Difference Vegetation Index _ o Clevers (1989); Huete
1989 WDVI (WDVI) SA pNnir — Cprep : (C = 1.166) et al. (1984)
1989 MSI Moisture Stress Index SR P1600 Hunt and Rock (1989)
£820
1990 BD Boochs derivative SF Pros Boochs et al. (1990)
/
1990 BDR Boochs derivative ratio SF max(7 () :%7808 X <750) Boochs et al. (1990)
Soil-Adjusted Vegetation Index 2 PNIR ., _ Major et al. (1990);
; ; ARDE = Ao + 0 : p(A) =
1990 WLREIPG ~ \vavelength of red edge inflection  gp o= \)? Miller et al. (1990)
point, Gaussian fit ps — (ps — po) exp 0
® i 202
Wavelength of chlorophyll-well mini- _ o —(Xo—N)? .
1990 WLCWMRG mum reflectance, Gaussian fit SF Aot p(A) = ps — (ps — po) exp gz Miller et al. (1990)

Continued on next page
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Year Code Description Type! Formula Citation
o . a(pNir — apreD — b) v
1991 TSAVI2 ;FTEHSf;rH%eSA%)f;_AdJUSted Vegetation A apnir + preD —ab+ X(1 + a2) - ( Baret and Guyot (1991);
ndex 2 ( ) 0.08,a = 1.166, b = 0.024) Huete et al. (1984)
1992 CPSR1 Chappelle simple ratio 1 SR 'ZGj Chappelle et al. (1992)
700
1992 CPSR2 Chappelle simple ratio 2 SR _Pors Chappelle et al. (1992)
P6500700
1992 CPSR3 Chappelle simple ratio 3 SR '(:ﬂ Chappelle et al. (1992)
500
Ph hemical fl -
1992 PRI Potoc emical Reflectance Index ND P550 — P531 Gamon et al. (1992)
(PRI) P550 + P531
1992 GEMI Global Environment Monitoring Index EN il 1—preD Pinty and Verstraete
(GEMI) 2(pRar — PRep) + 1.5pN1R + 0.5pRED (1992)
PNIR + PRED + 0.5
1993 BMSR Buschmann simple ratio SR Paso Buschmann and Nagel
P800 (1993)
1993 BMLSR Buschmann log simple ratio SR Buschmann and Nagel

(1993)
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Year Code Description Type! Formula Citation

1993  BMDVI  Bushmann difference vegetation index ~ DF 300 — P550 B“SChm??ggg?d Nagel

1993 PSR Pefiuelas simple ratio SR Zz% Pefiuelas et al. (1993)

1993 PD Penuelas derivative SF min(p’(A) : 900 < A < 970) Penuelas et al. (1993)

1993 WLPD Wavelength of PD SF arg min, (p/'(A) : 900 < X\ < 970) Penuelas et al. (1993)

1993 VSR Vogelmann simple ratio SR % Vogelmann et al. (1993)

1993 VDR Vogelmann derivative ratio SF Z:”E’ Vogelmann et al. (1993)
705

1994 CRSR1 Carter simple ratio 1 SR Zi—zz Carter (1994)

1994 CRSR2 Carter simple ratio 2 SR % Carter (1994)

1994 CRSR3 Carter simple ratio 3 SR Zi% Carter (1994)

1994 CRSR4 Carter simple ratio 4 SR Z:—;z Carter (1994)

Continued on next page




Table S.1 — Continued from previous page

Year Code Description Type! Formula Citation
1994 CRSR5 Carter simple ratio 5 SR P695 Carter (1994)
P670
Filella and Penuelas
T 780
1994 FSUM Area of the first derivative red edge SF S /(\)dA (1994); Filella ct al.
peak from 680 nm to 780 nm 22650
= (1995)
. o Filella and Penuelas
1994  prErp  Amplitudeofthe first derivative at red g max(p/ () : 680 < A < 780) (1994); Filella et al.
edge inflection point
(1995)
Normalized Difference Vegetation In- P750 — P705 Gitelson and Merzlyak
9t ADVE S ex s (NDVI3) b p——— (1994)
Sum of reflectance from 705 nm to 750 750 .
1994 GSUM1 nm, normalized by reflectance at 705  SF > (P()\) — 1) dA Gitelson and Merzlyak
nm A=705 \ P705 (1994)
Sum of reflectance from 705 nm to 750 750 \) Gitel d Merzlvak
1994 GSUM2 nm, normalized by reflectance at 555 ~ SF > (p — 1) dA HESoR and WIerzya
nm A=705 \ P555 (1994)
2
1994 NLI Nonlinear Index (NLI) ND PNIR — PRED Goel and Qin (1994)

PQNIR + PRED

Continued on next page
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Year Code Description Type! Formula Citation
(bTb)(aT ) ( b)?
(a”
1994 CAR Chlorophyll Absorption in Reflectance SF Kim et al. (1994)
(CAR) A700 — A X670 — A
700 — A550 670 — A550
a =
P700 — P550 P670 — P550
1994 CARI Chlorophyll Absorption Ratio Index SF CAR x (p70o> Kim et al. (1994)
(CARI) P670
Normalized Pigments Chlorophyll ra- P680 — P430 -
1994 NPCI tio Index (NPCI) ND p—— Petiuelas et al. (1994)
Edge -G First-derivative N max (i nos)) max( Qern)) 500 <
1994 EGFN setareer 1rsfc— erivative R max(p’(Arpe)) + max(p' (Acry)) - Petiuelas et al. (1994)
malised difference index (EGFN) Acry < 600, 68 < ArpE < 750)
Modified Soil-Adjusted Vegetation I (1+L)( L = A )'(LZ i et al. (1994); Huet
1994 MSAVTL odified Soil-Adjusted Vegetation In- SA IR + prED + L Qi et al. ( ); Huete
dex 1 (MSAVI1) 1 — 2a x NDVI x WDVT, a = 1.166) et al. (1984)
i il-Adj i - 2 1-—- 2 1)2-38 —
1994 MSAVI2 Modified Soil-Adjusted Vegetation In SA pnir + 1= /(2pnir + 1) (PNIR — PRED) Qi et al. (1994)

dex 2 (MSAVI2)

2

Continued on next page
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Year Code Description Type! Formula Citation
Area of the first derivative red edge [CL .

1995 ESUM1 peak from 626 nm to 795 nm SF /\:26:26 |0/ (M) |dA Elvidge and Chen (1995)
Area of the second derivative red edge [ .

1995 ESUM2 peaks from 626 nm to 795 nm SF )\226:26 [p" (N)|dA Elvidge and Chen (1995)

1995 NDPI Normalized Difference Pigment Index ND P670 — P420 Peiiuelas et al. (1995a)
(NDPI) P670 + P420

1995 SIPI Structure Independent Pigment Index ND P800 — P445 Peiiuelas et al. (1995a)
(SIPI) P800 — P680

1995 SRPI Simple Ratio Pigment Index (SRPI) SR Pazo Penuelas et al. (1995b)

P680

Normalized Phaeophytinization Index P4a15 — P435 -

1995 NPQI ND _ Penuelas et al. (1995b

Q (NPQI) Pa15 + P435 ( )
Renormalized Difference Vegetation PNIR — PRED Roujean and Breon
-1 . :
1996 MSR Modified Simple Ratio (MSR) EN PNIR/PRED Chen (1996); Roujean

V/ PNIR/PRED + 1

and Breon (1995)

Continued on next page
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Year Code Description Type! Formula Citation
1996 PRI2 Photochemical Reflectance Index 2 ND £539 — P570 Filella ct al. (1996)
(PRI2) P539 + P570
Normalized Difference Water Index P860 — P1240
1996 NDWI ND _ Gao (1996
(NDWI) P860 T P1240 ( )
Gitelson and Merzlyak
. . : P750 (1996, 1997);
1996 GTSR1 Gitelson simple ratio 1 SR 717550 Lichtenthaler ot al.
(1996)
Gitelson and Merzlyak
: : : P750 (1996, 1997);
1996 GTSR2 Gitelson simple ratio 2 SR 7,0700 Lichtenthaler ot al.
(1996)
Green Normalized Difference Vegeta- PNIR — PGRN .
1996 GNDVI fion Index (GNDVI) ND pre— Gitelson et al. (1996)
Optimized Soil-Adjusted Vegetation PNIR — PRED o
1996 OSAVI Index (OSAVT) SA (1+1L) premprme—— Y (L =0.16) Rondeaux et al. (1996)
1997 WI Water Index (WI) SR £900 Penuelas et al. (1997)
970

Continued on next page
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Year Code Description Type! Formula Citation
1997 WNR WI NDVTI rati EN WL Penuelas et al. (1997)
ratio NDVI efiuelas et al.

Pigment Specific Simple Ratio for P800

1998 PSSRA chlorophyll a (PSSRa) SR . Blackburn (1998a,b)
Pigment Specific Simple Ratio for P800

1998 PSSRB chlorophyll b (PSSRD) SR . Blackburn (1998a,b)
Pigment Specific Simple Ratio for P800

1998 PSSRC carotenoid (PSSRc) SR o Blackburn (1998a,b)
Pigment Specific Normalized Differ- P800 — P680

1998 PSNDA ence for chlorophyll a (PSNDa) ND a0 T poso Blackburn (1998a,b)
Pigment Specific Normalized Differ- P800 — P635

1998 PSNDB ence for chlorophyll b (PSNDb) ND om00 F Poss Blackburn (1998a,b)
Pigment Specific Normalized Differ- P800 — P470

1998 PSNDC ence for carotenoid (PSNDe) ND P Blackburn (1998a,b)

1998 DSR1 Datt simple ratio 1 SR _perz Datt (1998)

P550P708

Continued on next page
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Table S.1 — Continued from previous page

Year Code Description Type! Formula Citation
1998 DSR2 Datt simple ratio 2 SR P72 Datt (1998)
P550
1999 DNDR  Datt normalized difference ratio ND P850 — P10 Datt (1999a,b)
P850 — P680
/
1999 DDRI1 Datt first derivative ratio SF p 754 Datt (1999b)
Proa
/!
1999 DDR2 Datt second derivative ratio SF pf/ﬁ Datt (1999b)
Pess
1999 GMSR Gamon simple ratio SR PRED Gamon and Surfus
PGRN (1999)
1999 PSRI Plant Senescence Reflectance Index ND P678 — P500 Merzlyak et al. (1999)
(PSRI) P750
. . Broge and Leblanc
2000 TVI Triangular Vegetation Index (TVI) EN 0.5[120(p750 — P550) — 200(pe70 — P550)] (2000)
Modified Chlorophyll Absorption in _ _ P700
2000 MCARI Reflectance Index (MCARI) EN [(p700 — p670) 0.2(p700 p550)] 7‘0670 Daughtry et al. (2000)
MCARI
2000 MOR MCARI OSAVI ratio EN OSAVI Daughtry et al. (2000)

Continued on next page
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Year Code Description Type! Formula Citation
. . . P685 Zarco-Tejada et al.
2000 ZTSR1 Zarco-Tejada simple ratio 1 SR 7;0655 (2000a,b)
2 .
0683 Zarco-Tejada et al.
2000 CI Curvature Index (CI EN —
() P6750691 (2000a,b)
/ .
2000 ZTDRI1 Zarco-Tejada derivative ratio 1 SF p/730 Zarco-Tejada et al.
Pos (2000b)
2000 ZTSR2 Zarco-Tejada simple ratio 2 SR P50 Zarco-Tejada et al.
P10 (2000b)
2001 CAI Cellulose Absorption Index (CAI) EN 0.5(p2019 + p2206) — P2109 Daughtry (2001)
2001 ARI Anthocyanin Reflectance Index (ARI) EN (ps50) "L — (pro0) ~* Gitelson et al. (2001)
2000  MNDI  Maccioni normalized difference 1 ND prs0 — P10 Maccloni et al. (2001);
P780 — P680 Datt (1999b)
—mi A
2001 MND2 Maccioni normalized difference 2 ND psaz = min(pOReD)) . gen o\ g Maccioni et al. (2001)

prs0 — min(p(AreD

Continued on next page
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Year Code Description Type! Formula Citation
— mi A
2001 MND3 Maccioni normalized difference 3 ND pros = min(pOAreED)) . gen o\ g Maccioni et al. (2001)
pr50 — min(p(AreD))
— mi A
2001 MND4 Maccioni normalized difference 4 ND psse = min(pOAreD)) . gen o\ g Maccioni et al. (2001)
pr50 — min(p(AreD))
735
p(A) , _
Chlorophyll ~ Absorption INTegral /\_z: (y(,\)) dA:y(d) = Oppelt and Mauser
2001 CAINT (CAINT) SF P7g560B P600 (2001, 2004)
T (A =1600) + peoo ’
A735 — A600
Area of the first derivative peak from 6o Zarco-Tejada et al.
2001 ZISUM 620 wm to 760 nm SF 2 P NdA (2001b)
Photochemical Reflectance Index 3 P531 — P570 Zarco-Tejada et al.
2001 PRI3 ND _
(PRI3) Ps531 + P570 (2001b)
0 Zarco-Tejada et al.
2001 ZTDPR1 Zarco-Tejada derivative peak ratio 1 SF ,’\& : Arpg from WLREIPG (2001b); Miller et al.
Pxrpr+12 (1990)
o) Zarco-Tejada et al.
2001 ZTDPR2 Zarco-Tejada derivative peak ratio 2 SF ,)‘& : Arpe from WLREIPG (2001b); Miller et al.
p)\RDE+22 (1990)

Continued on next page
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Year Code Description Type! Formula Citation
o Zarco-Tejada et al.
2001 ZTDP21 Zarco-Tejada derivative peak ratio 21 SF M : Agpg from WLREIPG (2001b); Miller et al.
P03 (1990)
0 Zarco-Tejada et al.
2001 ZTDP22 Zarco-Tejada derivative peak ratio 22 SF M : Arpg from WLREIPG (2001b); Miller et al.
P720 (1990)
2001 GI Greenness Index SR Po51 Zarco-Tejada et al.
PeT7 (2001b)
2001 ZTSR3 Zarco-Tejada simple ratio 3 SR Peso Zarco-Tejada et al.
P630 (2001a)
2001 ZTSR4 Zarco-Tejada simple ratio 4 SR Pess Zarco-Tejada et al.
P630 (2001a)
2001 ZTSR5 Zarco-Tejada simple ratio 5 SR pesz Zarco-Tejada et al.
P630 (2001a)
2001 ZTSR6 Zarco-Tejada simple ratio 6 SR P60 Zarco-Tejada et al.
630 (2001a)

Continued on next page
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Year Code Description Type! Formula Citation
9002 VARI Visible Atmospherically Resistant In- ND PGRN — PRED Gitelson et al. (2002a)
dex (VARI) PGRN + PRED — PBLU
2002 CRisop  Carotenoid - Reflectance Index  py (p510) ™" — (pss0) " Gitelson et al. (2002D)
(CRI550)
2002 CRizop  Carotenoid o Reflectance - Index g (p510) " — (pr00) 2 Gitelson et al. (2002b)
(CRI700)
Transformed Chlorophyll Absorption B B P700
2002 TCARI Ratio Index (TCARI) EN 3 (p700 — p670) 0.2(/)700 p550) 7670 Haboudane et al. (2002)
TCARI
2002 TOR TCARI OSAVT ratio EN Haboudane et al. (2002)
OSAVI
2002 EVI Enhanced Vegetation Index (EVI) EN z5< PNIR 7 PRED Huete et al. (2002)
PNIR + 6prED — 7.9pBLU + 1
. . . 1 —1 1 —1
92002 NDNI Nl\cl)]r)rilzihzed Difference Nitrogen Index EN 0g10(P1_5110) Oglo(pl_glgo) Serrano et al. (2002)
( ) 10810 (P1510) + 10810 (P1680)
. . . . 1 —1 1 —1
9002 NDLI Normalized Difference Lignin Index EN 0810(P1754) — 10810 (P1680) Serrano et al. (2002)

(NDLI)

10g10(p1754) + 10810 (P1es0)

Continued on next page
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Year Code Description Type! Formula Citation
2002 MSR2 Modified Simple Ratio 2 ND P50 — Pads Sims and Gamon (2002)
P705 — P445
2002 SMNDVI Sims M.odlﬁed Normalized Difference ND P750 — P705 Sims and Gamon (2002)
Vegetatlon IndeX P750 + P705 — 2p445
9003 GRRGM Gitelson Reciprocal Reflectance Green SR PNIR ) 4 Gitelson et al. (2003,
Model PGRN 2005)
Gitelson Reciprocal Reflectance Red PNIR Gitelson et al. (2003,
2003 GRRREM Edge Model SR (PRDE> 1 2005)
/ / .
2003 DPI Double-Peak Index (DPI) SF Pesslr10 Zarco-Tejada et al.
P697 (2003&)
2003 SRWI Simple Ratio Water Index (SRWT) SR 560 Zarco-Tejada et al.
P1240 (2003b)
92004 MTCI MERIS Terrestrial Chlorophyll Index ND P754 — P709 Dash and Curran (2004)
(MTCI) P709 — P68l
2004 ~ WDRyp  Wide Dynamic Range Vegetation In- g UPNTR ~ PRED ., _ (.15) Gitelson (2004)

dex (WDRVT)

ApPNIR + PRED

Continued on next page
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Year Code Description Type! Formula Citation
Modified Chlorophyll Absorption in B B B
2004 MCARI1 Reflectance Index 1 (MCARI].) EN 12[25([)800 PG?O) 1-3(P800 p550)] Haboudane et al. (2004)
i i i .D|2. - —1. -
2004 MCARI2 Modified Chlorophyll Absorption in EN 1.5[2.5(pso0 — Pe70) 3(psoo — Ps50)] Haboudane et al. (2004)
Reflectance Index 2 (MCARI2) V/@0so0 + 1)2 — (6ps00 — Hr/po70) — 0.5
o004 mryr  Vodified Triangular Vegetation Index g 1.2[1.2(pso0 — pss0) — 2.5(psr0 — pss0)] Haboudane et al. (2004)
1 (MTVI1)
i i i 1.5]1.2 — — 2. —
2004 MTVI2 Modified Triangular Vegetation Index o 5[1.2(psoo . P550) 5(pe70 — P550)] Haboudane et al. (2004)
2 (MTVI2) v/ (2ps00 + 1)% — (6pso0 — 5v/pe70) — 0.5
2004 DD Double Difference index (DD) DF (pra9 — pr20) — (P701 — P672) Le Maire et al. (2004)
2005 LCA %ﬁ%lzi Cellulose - Absorption  Index EN 100[(p2205 — p2165) + (P2205 — P2330)] Daughtry et al. (2005)
2005 RGI Red Green Pigment Index (RGI) SR P6%0 Zarco-Tejada et al.
P550 (2005)
2005 BGI1 Blue Green Pigment Index 1 (BGI1) SR Paoo Zarco-Tejada ef al.
P550 (2005)

Continued on next page
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Year Code Description Type! Formula Citation
2005 BGI2 Blue Green Pigment Index 2 (BGI2) SR Paso Zarco-Tejada et al.
P550 (2005)
2005 BRI1 Blue Red Pigment Index 1 (BRI1) SR Paoo Zarco-Tejada ef al.
P690 (2005)
2005 BRI2 Blue Red Pigment Index 2 (BRI2) SR Paso Zarco-Tejada et al.
P690 (2005)
—(c1— ¢
2006  WLREIPE Wz.welength of .red edge inflection SF M+ c1, Py(\) = ma + co, my = o and Skidmore
point, extrapolation method / 7 / / (2006)
P700 — P80 My = P760 ~ P725
A700 = A6so A760 — A725
2
1
2006 RVIOPT Reyniers VIopt EN (1+ 0.45)M Reyniers et al. (2006)
PrRED + 0.45
2006 SPVI (Sé’fe)if;)al Polygon  Vegetation Index  py 0.4[3.7(psoo0 — per0) — 1.2|ps50 — perol] Vincini et al. (2006)
MCARI
2007 MMR MCARI MTVI2 ratio EN MV Eitel et al. (2007)
2008 TCI Triangular Chlorophyll Index (TCI) EN 1.2(pr00 — ps50) — 1.5(pe70 — p550) ? Haboudane et al. (2008)
\ pe7o

Continued on next page
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Year Code Description Type! Formula Citation
) 2.5(pNIR — PRED) )
2008 EVI2 Enhanced Vegetation Index 2 (EVI2) EN Jiang et al. (2008)
PNIR + 2.4pRrED + 1
2008 DDN New Double Difference index (DDN) DF 20710 — P660 — P760 Le Maire et al. (2008)
2008 CVI Chlorophyll Vegetation Index (CVI) ~ EN PNIRPRED Vincini et al. (2008)
PGRN
Transformed Chlorophyll Absorption B B B P750
2008 WUTCARI Ratio Index [705’ 750] EN 3 (p750 p705) 0.2(/)750 p550) 7p705 Wu et al. (2008)
Optimized Soil-Adjusted Vegetation P750 — P705 T
2008  WUOSAVI Tndex [705, 750] SA (1+1L) pemerm— (L =0.16) Wu et al. (2008)
Modified Chlorophyll Absorption in B B B P750
2008 WUMCARI Reflectance Index [7057 750] EN [(p750 p705) 0.2(p750 p550)] 7[0705 Wu et al. (2008)
—1
2008  WUMSR  Modified Simple Ratio [705, 750] EN _prso/pros — 1 Wu et al. (2008)
vV prso/pros + 1
WUTCARI
i _— Wu et al. (2008
2008 WUTOR TCARI OSAVT ratio [705, 750] EN WUOSAVI u et al. ( )
WUMCARI

Continued on next page
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Year Code Description Type! Formula Citation
<P720 - p700>
2010 DCNI Double-peak Canopy Nitrogen Index SF P700 — P70 Chen et al. (2010)
(DCNI) pr20 — Pero + 0.03
2011 TGI Triangular Greenness Index (TGI) EN ~05[(Armp — AsLU) (PRED — PaRN) Hunt et al. (2011)
(ARED — AGRN)(PRED — PBLU)]
Wide Dynamic Range Vegetation In- OPNIR —PRED 1 —« Peng and Gitelson
2011 WDRVI2 EN (=02
92016 ATVI Angular Insensitivity Vegetation In- EN paas(pr20 + pr3s) — psr3(pr20 — Pr3s) He et al. (2016)
dex (AIVI) p720(P573 + Paas)
’
2017 DND Derivative Normalized Difference SF Po22 — Pros Sonobe and Wang
Ps22 t Pr2s (2017)

1 Types of spectral vegetation indices include the following: simple ratio (SR), difference (DF), normalized difference (ND), soil-adjusted (SA), spectral feature
(SF), and enhanced (EN).
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Table S.2: Additional information for each spectral vegetation index (indicated by its year and code from Table S.1), including the evaluated plant
species, the scale of the remote sensing data, and the evaluated dependent variables. Information was collected only from the original publication(s)
for each spectral index as cited, and use of indices for other plant species and dependent variables can likely be found with further literature review.

Year Code Plant Species! Scale Dependent Variables? Citation
1968 BRSR Kentucky bluegrass, tall fescue, colonial canopy visual color scores Birth and McVey (1968)
bentgrass
1969 JSR forest canopy canopy LAI, Chl a Jordan (1969)
Stipa and Bouteloua genera, rangeland
grasses including warm-season grasses
(blue grama, buffalograss, sideoats .
1973 NDVI grama, big and little bluestem) and canopy green and dry biomass Rouse et al. (1973)
cool-season grasses (western wheatgrass,
needle-and-thread, Texas wintergrass)
crop cover and height, Richardson and
1977 PVI sorghum canopy LAT Wiegand (1977)
wheat, alfalfa, cotton, sugar beet, sudan
grass, milo, pea, maize, sunflower, silver Collins (1978); Horler
1978 WLREIP birch, ash, hawthorn, pendunculate oak, canopy Chl et al. (1983)
winter and spring barley, winter wheat
1979 DVI, NDVI2 blue grama grass cano wet and dry biomass, Tucker (1979)
’ & & Py leaf water content, Chl
maize, rye, mixed grass (Brachypodium
Frotute speces) and herb (oo enrpet Guyot and Baret: (1988);
1988 WLREIP2 PUCa Specie W carpet, leaf, canopy leaf N Cho and Skidmore
Cirsium creticum, pygmy hawksbeard, (2006)

Lamium garganicum, common sainfoin,
feverfew, red clover)

Continued on next page
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Table S.2 — Continued from previous page

Year Code Plant Species! Scale Dependent Variables? Citation
1988 SAVI cotton, Lehmann lovegrass canopy LAI Huete (1988)
1989 TSAVI wheat canopy LAI, APAR Baret et al. (1989)
1989 WDVI barley canopy LAI Clevers (1989)
California live oak, blue spruce leaf relative water
1989 MSI v ’ pruee, leaf content, equivalent Hunt and Rock (1989)
sweetgum, red spruce, soybean .
water thickness
plant species, cultivar, N
1990 BD, BDR sugar beet, wheat canopy fertilizer rate, sowing Boochs et al. (1990)
date
1990 SAVI2 wheat canopy LAI Major et al. (1990)
WLREIPG, burr oak, sugar maple, balsom fir, .
1990 WLCWMRG American beech, black spruce leaf none Miller et al. (1990)
1991 TSAVI2 none canopy LAI Baret and Guyot (1991)
1992 CPSR1 soybean leaf Chl a Chappelle et al. (1992)
1992 CPSR2 soybean leaf Chl b Chappelle et al. (1992)
1992 CPSR3 soybean leaf carotenoid Chappelle et al. (1992)
xanthophyll epoxidation
1992 PRI sunflower leaf, canopy state, photosynthetic Gamon et al. (1992)
efficiency
1992 GEMI none canopy none Pinty and Verstraete

(1992)

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation
BMSR, BMLSR, Buschmann and Nagel
1993 BMDVI bean leaf Chla—+10 (1993)
leaf relative water
content, leaf water
1993 PSR, PD, WLPD gerbera, pepper, bean canopy potential, leaf Pefiuelas et al. (1993)
conductance,
photosynthetic rate
1993 VSR, VDR sugar maple leaf Chla+1b Vogelmann et al. (1993)
CRSR1, CRSR2, . . . . .
1994 CRSR3, CRSRA. persimmon, loblolly pine, slash pine, loaf ph.y810(?hemlca1 & Carter (1994)
CRSR5 switchcane, golden euonymus, live oak biological stress
Filella and Penuelas
1994 FSUM, DREIP gerbera, pepper, bean, wheat canopy LAI Chl (1994); Filella et al.
(1995)
NDVI3, GSUM1, Gitelson and Merzlyak
1994 GSUM2 horse chestnut, Norway maple leaf Chl a (1994)
1994 NLI aspen, corn canopy LAI fPAR Goel and Qin (1994)
1994 CAR soybean leaf Chl a Kim et al. (1994)
1994 CARI soybean canopy fPAR, LAI Kim et al. (1994)
Chl, leaf N, net CO4
uptake, light use -
1994 NPCI sunflower leaf efficiency, leaf thickness, Penuelas et al. (1994)
leaf starch
1994 EGFN sunflower leaf Chl, leaf N Penuelas et al. (1994)

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation
1994 MSAVI1, MSAVI2 cotton canopy % green cover Qi et al. (1994)
1995 ESUM1, ESUM2 pinyon pine canopy LAI, % green cover Elvidge and Chen (1995)
maize, wheat, tomato, soybean,
1995 NDPI, SIPI sunflower, sugar beet, oak, boxelder leaf carotenoid:Chl a (ratio)  Penuelas et al. (1995a)
maple, succulent
1995 SRPI apple canopy carotenoid:Chl a (ratio)  Pefiuelas et al. (1995b)
1995 NPQI apple canopy Chl Petiuelas et al. (1995Db)
1995 RDVI none canopy fPAR Roujean and Breon
(1995)
1996 MSR jack pine, black spruce canopy LAIL fPAR Chen (1996)
xanthophyll epoxidation
1996 PRI2 barley canopy state, zeaxanthin, Filella et al. (1996)
photosynthetic efficiency
1996 NDWI unspecified Woodland7'grassland, and canopy vegetation liquid water Gao (1996)
crop species

horse chestnut, Norway maple, tobacco, Gltel(S(l)EI)IQZH(glg/I;;Zlyak

1996 GTSR1, GTSR2 fig, oleander, hlblscus, common grape leaf Chl a + b, Chl a Lichtenthaler ot al.
vine, rose (1996)

1996 GNDVI horse chestnut, Norway maple leaf Chl a + b, Chl a Gitelson et al. (1996)
1996 OSAVI none canopy foliage cover Rondeaux et al. (1996)

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation
kermes oak, strawberry tree, grey-leaved
1097 WI, WNR cistus, Montpellier ms‘gus, Mediterranean canopy plant Wat.er Peiiuelas et al. (1997)
false brome, Aleppo pine, evergreen oak, concentration
narrow-leaved mock privet, mastic tree
1998 PSSRA, PSNDA bracken, beech, oak, boxelder maple, leaf Chl a Blackburn (1998a,b)
sweet chestnut
1998 PSSRB, PSNDB bracken, beech, oak, boxelder maple, leaf Chl b Blackburn (1998a,b)
sweet chestnut
1998 PSSRC, PSNDC bracken, beech, oak, boxelder maple, leaf carotenoid Blackburn (1998a,b)
sweet chestnut
1998 DSR1, DSR2 Fucalyptus species leaf Chl e, Chl b, C.hl a+b, Datt (1998)
carotenoid
1999  DNDR, DDR1, DDR2 FEucalyptus species leaf Chla, Chla+b Datt (1999a,b)
. . Gamon and Surfus
1999 GMSR Douglas fir, coast live oak, sunflower leaf anthocyanin (1999)
1999 PSRI Norway maple, horse chestnut, potato, loaf Chl, carot@nmd:Chl Merzlyak et al. (1999)
coleus (ratio)
2000 TVI none canopy Chl a + b, LAI Broge and Leblanc
(2000)
2000 MCARI, MOR corn leaf, canopy Chl a + b, LAI Daughtry et al. (2000)
2000 ZTSR1, ZTSR2, CI, suear manle loaf. cano Auorescence Zarco-Tejada et al.
ZTDR1 ugar map » Canopy rorescent (2000a,b)
2001 CAI corn, soybean, wheat canopy residue cover Daughtry (2001)

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation
2001 ARI Norway maple, cotoneaster, dogwood, leat anthocyanin Gitelson et al. (2001)
pelargonium
2001 MND1 croton, spotted elacagnus, Japanese leaf Chla+b, Chla, Chlh  Maccioni et al. (2001)
pittosporum, Benjamin fig
2001 MND2 croton, spotted elacagnus, Japanese leaf Chla+b Maccioni et al. (2001)
pittosporum, Benjamin fig
2001 MND3 croton, spotted elacagnus, Japanese leaf Chl a Maccioni et al. (2001)
pittosporum, Benjamin fig
2001 MND4 croton, spotted elacagnus, Japanese leaf Chl b Maccioni et al. (2001)
pittosporum, Benjamin fig
. leaf N, Chl a + b, Chl a, Oppelt and Mauser
2001 CAINT maize, wheat canopy Chl b (2001, 2004)
ZTSUM, ZTDPRI, Zarco-Tejada et al
2001 ZTDPR2, ZTDP21, sugar maple leaf, canopy Chla+0 ) '
ZTDP22, PRI3, GI (2001b)
2001 ZTSR3, ZTSR4, sugar maple leaf, cano fluorescence Zarco-Tejada et al.
ZTSR5, ZTSR6 gar map » canopy (2001a)
2002 VARI wheat canopy vegetation fraction Gitelson et al. (2002a)
2002 CRI500, CRI700 Norway maple, horse chestnut, beech leaf Chl, carotenoid Gitelson et al. (2002b)
2002 TCARI, TOR corn leaf, canopy Chl Haboudane et al. (2002)
2002 EVI grass/shrub, savanna, and tropical forest canopy LAI Huete et al. (2002)

biomes

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation
ceanothus chapparal (Ceanothus
2002 NDNI species), charmse .chapar.ral, coastal 5880 canopy leaf and canopy N Serrano et al. (2002)
scrub (Salvia species, Eriogonum species,
California sagebrush)
ceanothus chapparal (Ceanothus
species), chamise chaparral, coastal sage .
2002 NDLI scrub (Salvia species, Eriogonum species, canopy leaf and canopy lignin Serrano et al. (2002)
California sagebrush)
2002 MSR2, SMNDVI 53 plant species leaf Chl Sims and Gamon (2002)
2003 GRRGM, GRRREM Norvs.zay maple, horse chestnut7 beech, loaf Chl Gitelson et al. (2003,
wild vine shrub, maize, soybean 2005)
Zarco-Tejada et al.
2003 DPI boxelder maple canopy fluorescence (2003a)
various chapparal species (chamise,
redshanks, California sagebrush, bigpod Zarco-Tejada et al.
2003 SRWI ceanothus, greenbark, San Luis purple canopy leaf water content (2003b)
sage, Californian black sage)
2004 MTCI Douglas fir, bigleaf maple canopy Chl Dash and Curran (2004)
2004 WDRVI wheat, soybean, maize canopy LAI, vegetation fraction Gitelson (2004)
MCARI1, MCARI2,
2004 MTVIL, MTVI2 corn, wheat, soybean leaf, canopy LAI Haboudane et al. (2004)
sycamore, Betula species, European
2004 DD beech, ash, wild cherry, oak, evergreen leaf Chl Le Maire et al. (2004)

oak, Salixz species

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation
2005 LCA corn, soybean, wheat, tall fescue, alfalfa canopy residue cover Daughtry et al. (2005)
RGI, BGI1, BGI2, . Zarco-Tejada et al.

2005 BRI1, BRI2 common grape vine leaf, canopy  Chl a + b, Chl a, Chl b (2005)

maize, rye, mixed grass (Brachypodium

genuense, quaking-grass, erect brome,

Festuca species) and herb (snow carpet, Cho and Skidmore
2006 WLREIPE Cirsium creticum, pygmy hawksbeard, leaf, canopy leaf N (2006)

Lamium garganicum, common sainfoin,

feverfew, red clover)
2006 RVIOPT winter wheat canopy plant N Reyniers et al. (2006)
2006 SPVI maize, sugar beet canopy Chl, LAI Vincini et al. (2006)
2007 MMR spring wheat canopy SPAD meter, leaf N Eitel et al. (2007)
2008 TCI corn, wheat, bean, pea canopy Chl, LAI Haboudane et al. (2008)
2008 EVI2 none canopy none Jiang et al. (2008)
2008 DDN oak, sessile oak, Scots pine, beech canopy Chl Le Maire et al. (2008)
2008 CVI sugar beet canopy Chla-+1b Vincini et al. (2008)
WUTCARI, WUOSAVI,
2008 WUMCARI, WUMSR, wheat, corn canopy Chl, LAI Wu et al. (2008)
WUTOR, WUMOR
2010 DCNI wheat, corn canopy plant N, LAI Chen et al. (2010)
corn, soybean, sorghum, dandelion,

2011 TGI sweetgum, tuliptree, small-leaf linden, leaf, canopy Chl a + b, SPAD meter, Hunt et al. (2011)

wheat

LAI

Continued on next page
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Year Code Plant Species! Scale Dependent Variables? Citation

. gross primary Peng and Gitelson
2011 WDRVI2 maize, soybean, wheat, oat canopy productivity (2011)
2016 ATVI winter wheat canopy leaf N He et al. (2016)
2017 DND 29+ deciduous species leaf Chl Sonobe and Wang

(2017)

1 Scientific names for plant species are as follows: Aleppo pine, Pinus halepensis; alfalfa, Medicago sativa; American beech, Fagus grandifolia; apple, Malus
domestica; ash, Frazinus excelsior; aspen, Populus tremula; balsom fir, Abies balsamea; barley, Hordeum wvulgare; bean, Phaseolus vulgaris; beech, Fagas
sylvatica; Benjamin fig, Ficus benjamina; big bluestem, Andropogon gerardi; bigleaf maple, Acer macrophyllum; bigpod ceanothus, Ceanothus megacarpus;
black spruce, Picea mariana; blue grama grass, Bouteloua gracilis; blue spruce, Picea pungens; boxelder maple, Acer negundo; bracken, Pteridium aquilinum;
buffalograss, Bouteloua dactyloides; burr oak, Quercus macrocarpa; California live oak, Quercus agrifolia; Californian black sage, Salvia mellifera; California
sagebrush, Artemisia californica; chamise chaparral, Adenostoma fasciculatum; coast live oak, Quercus agrifolia; coleus, Coleus blumei; colonial bentgrass,
Argrostis tenuis; common grape vine, Vitis vinifera; common sainfoin, Onobrychis viciifolia; corn, Zea mays; cotoneaster, Cotoneaster alaunica; cotton,
Gossypium hirsutum; croton, Codiaeum wvariegatum; dandelion, Taraxacum officinale; dogwood, Cornus alba; Douglas fir, Pseudotsuga menziesii; erect
brome, Bromus erectus; European beech, Fagus sylvatica; evergreen oak, Quercus ilex; feverfew, Tanacetum parthenium; fig, Ficus carica; gerbera, Gerbera
jamesonii; golden euonymus, Euonymus japonica; greenbark, Ceanothus spinosus; grey-leaved cistus, Cistus albidus; hawthorn, Crataegus monogyna; hibiscus,
Hibiscus esculentus; horse chestnut, Aesculus hippocastanum; jack pine, Pinus banksiana; Japanese pittosporum, Pittosporum tobira; Kentucky bluegrass,
Poa protensis; kermes oak, Quercus coccifera; Lehmann lovegrass, FEragrostis lehmanniana; little bluestem, Schizachyrium scoparium; live oak, Quercus
virginiana; loblolly pine, Pinus taeda; maize, Zea mays; mastic tree, Pistacia lentiscus; Mediterranean false brome, Brachypodium retusum; milo, Sorghum
bicolor; Montpellier cistus, Cistus monspeliensis; narrow-leaved mock privet, Phillyrea angustifolia; needle-and-thread, Hesperostipa comata; Norway maple,
Acer platanoides; oak, Quercus rober; oleander, Netrium oleander; pea, Pisum sativum; pelargonium, Pelargonium zonale; pendunculate oak, Quercus robur;
pepper, Capsicum annuum; persimmon, Diospyros virginiana; pinyon pine, Pinus edulis; potato, Solanum tuberosum; pygmy hawksbeard, Crepis pygmaea;
quaking-grass, Briza media; red clover, Trifolium pratense; redshanks, Adenostoma sparsifolium; red spruce, Picea rubens; rose, Rosa rugosa; rye, Secale
cereale; San Luis purple sage, Salvia leucophylla; Scots pine, Pinus sylvestris; sessile oak, Quercus petraea; sideoats grama, Bouteloua curtipendula; silver
birch, Betula pendula; slash pine, Pinus elliotti; small-leaf linden, Tilia cordata; snow carpet, Anthemis carpatica; sorghum, Sorghum bicolor; soybean, Glycine
mazx; spring barley, Hordeum vulgare; spring wheat, Triticum aestivum; spotted elacagnus, Elacagnus pungens; strawberry tree, Arbutus unedo; succulent,
Othonnopsis cheirifolia; sudan grass, Sorghum X drummondii; sugar beet, Beta wvulgaris; sugar maple, Acer saccharum; sunflower, Helianthus annuus;
sweet chestnut, Castanea sativa; sweetgum, Liquidambar styraciflua; switchcane, Arundinaria gigantea; sycamore, Acer pseudoplatanus; tall fescue, Lolium
arundinaceum; Texas wintergrass, Nassella leucotricha; tobacco, Nicotiana tabacum; tomato, Lycopersicon esculentum; tuliptree, Liriodendron tulipifera;
western wheatgrass, Pascopyrum smithii; wheat, Triticum aestivum; wild cherry, Prunus avium; wild vine shrub, Parthenocissus tricuspidata; winter barley,
Hordeum vulgare; winter wheat, Triticum aestivum

2 Abbreviations for dependent variables are as follows: absorbed photosynthetically active radiation, APAR; chlorophyll, Chl; fraction of photosynthetically
active radiation absorbed, fPAR; leaf area index, LAI; nitrogen, N.
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Table S.3: Simple linear regression statistics, including root mean squared errors (RMSE, %) and coefficients of determination (r?), for 148 spectral
vegetation indices to estimate area-basis cotton leaf chlorophyll a + b (Chl a + b; ug cm~2) for data sets collected during field studies at Maricopa,
Arizona, USA. Definitions and formulas for each spectral index are given in Table S.1.

2019-2020 data 2021-2022 data All data, 80% random split All data, 20% random split
Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r2
1 WLREIPG 8.33 0.7203 GTSR2 16.44 0.6277 WUMCARI 16.27 0.6513 WUMCARI 16.22 0.6852
2 DDN 8.36 0.7184 GSUM1 16.93 0.6054 WUMOR 16.59 0.6375 MSR2 16.53 0.6731
3 DNDR 8.40 0.7157 GRRGM 17.20 0.5927 MSR2 16.84 0.6265 WUMOR 16.82 0.6614
4 DD 8.43 0.7138 WUTOR 17.21 0.5923 WLCWMRG 17.39 0.6018 DCNI 17.11 0.6497
5 MND1 8.46 0.7114 GTSR1 17.25 0.5904 MTCI 17.40 0.6010 GSUM1 17.27 0.6430
6 WLREIP2 8.56 0.7048 WUMSR 17.27 0.5895 DCNI 17.48 0.5976 ZTSR2 17.29 0.6421
7 MND3 8.57 0.7045 GSUM2 17.35 0.5854 ZTSR2 17.54 0.5949 GTSR2 17.33 0.6405
8 MTCI 8.75 0.6916 BMLSR 17.44 0.5812 DDR1 17.57 0.5931 WLCWMRG 17.48 0.6344
9 WLREIPE 8.85 0.6842 ZTSR2 17.58 0.5743 GSUM1 17.68 0.5883 WUMSR 17.50 0.6337
10 VDR 8.87 0.6830 NDVI3 17.60 0.5737 SMNDVI 17.75 0.5851 MTCI 17.58 0.6304
11 WLCWMRG 8.88 0.6824 GNDVI 17.65 0.5709 WUMSR 17.75 0.5850 SMNDVI 17.80 0.6209
12 MMR 8.95 0.6774 CRSR3 17.69 0.5690 WUOSAVI 17.82 0.5817 WUOSAVI 17.89 0.6168
13 ZTDR1 8.99 0.6743 CPSR2 17.70 0.5688 GTSR2 17.85 0.5801 VSR 17.90 0.6165
14 ZTDP22 9.03 0.6716 WUMCARI 17.70 0.5686 ZTDP21 17.90 0.5781 DDRI1 17.94 0.6148
15 VSR 9.03 0.6714 WUOSAVI 17.80 0.5635 VSR 17.90 0.5780 NDVI3 18.20 0.6037
16 DDR1 9.05 0.6699 BMSR 17.89 0.5592 WLREIP 17.94 0.5758 WLREIP 18.30 0.5992
17 CRSR4 9.14 0.6637 VSR 18.10 0.5491 WLREIPG 18.09 0.5690 WLREIPG 18.48 0.5912
18 SMNDVI 9.17 0.6614 MSR2 18.11 0.5483 DD 18.11 0.5678 CRSR4 18.53 0.5889
19  WUMCARI 9.28 0.6534 CRSR4 18.16 0.5458 DDN 18.16 0.5656 DDN 18.68 0.5825
20  WUOSAVI 9.28 0.6533 WUMOR 18.29 0.5393 NDVI3 18.22 0.5625 DD 18.70 0.5816
21 ZTSR2 9.32 0.6498 CRSR2 18.44 0.5317 WLREIPE 18.35 0.5565 ZTDP21 18.71 0.5811
22 MSR2 9.36 0.6470 SMNDVI 18.50 0.5287 CRSR4 18.39 0.5545 WLREIPE 18.78 0.5780
23 MOR 9.44 0.6411 DCNI 18.67 0.5200 MND3 18.48 0.5502 MND3 18.92 0.5716
24 ZTDPR1 9.61 0.6281 WLCWMRG 18.75 0.5159 MND1 18.50 0.5490 MND1 18.94 0.5709
25 MCARI 9.63 0.6264 MTCI 18.85 0.5110 DNDR 18.51 0.5485 DNDR 18.94 0.5707
26 CARI 9.63 0.6262 ARI 18.97 0.5043 ZTDRI1 18.57 0.5460 VDR 19.10 0.5636
27 NDVI3 9.68 0.6226 WLREIP 19.13 0.4963 VDR 18.59 0.5450 ZTDRI1 19.19 0.5595
28 WUMSR 9.72 0.6196 WLREIPG 19.16 0.4947 BDR 18.59 0.5447 WLREIP2 19.54 0.5430
29 DCNI 9.78 0.6147 DNDR 19.27 0.4890 WLREIP2 18.78 0.5354 BDR 19.57 0.5417
30  WLREIP 9.79 0.6139 TOR 19.28 0.4884 DDR2 19.52 0.4980 CPSR2 19.74 0.5335
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Table S.3 — Continued from previous page

2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
31 CI 9.84 0.6103 WLREIPE 19.28 0.4883 CRSR1 19.89 0.4790 CRSR1 19.93 0.5249
32 CRSR5 10.07 0.5912 DD 19.30 0.4870 CPSR2 20.06 0.4698 BRI2 19.98 0.5221
33 GSUM1 10.11 0.5880 VDR 19.32 0.4860 CPSR1 20.29 0.4579 DDR2 20.65 0.4895
34 ZTSR3 10.28 0.5740 DDN 19.34 0.4849 MMR 20.32 0.4560 CI 21.12 0.4664
35 WUMOR 10.37 0.5670 MND3 19.35 0.4847 CI 20.42 0.4505 MMR 21.19 0.4627
36 CAR 10.54 0.5528 MND1 19.35 0.4844 GRRREM 20.49 0.4469 CPSR1 21.46 0.4490
37 ZTDPR2 10.55 0.5514 DDRI1 19.36 0.4838 CRSR5 20.80 0.4300 CRSR5 21.54 0.4448
38 ZTSR4 10.65 0.5435 ZTDRI1 19.40 0.4819 CAR 21.20 0.4082 CRSR3 21.56 0.4437
39 GTSR2 10.71 0.5384 EGFN 19.46 0.4786 MOR 21.29 0.4031 CAR 21.77 0.4327
40 CPSR1 10.83 0.5275 AIVI 19.56 0.4731 CRSR3 21.29 0.4028 ZTSR3 21.94 0.4242
41 DDR2 10.98 0.5143 WLREIP2 19.71 0.4653 ZTSR3 21.30 0.4023 GRRREM 22.08 0.4165
42 ZTSR5 11.00 0.5127 DND 19.81 0.4596 BRI2 21.47 0.3927 MOR 22.27 0.4064
43 CRSR1 11.16 0.4982 CAR 19.92 0.4538 MCARI 21.62 0.3842 MCARI 22.65 0.3863
44 CPSR2 11.29 0.4868 ZTDP21 19.98 0.4504 CARI 21.62 0.3840 CARI 22.65 0.3862
45 TCI 11.31 0.4848 MND4 20.05 0.4468 ZTDP22 21.95 0.3651 ZTSR4 22.70 0.3835
46 ZTDP21 11.43 0.4734 PSSRB 20.05 0.4464 ZTSR4 21.97 0.3643 AIVI 22.74 0.3810
47 BD 11.69 0.4496 TCARI 20.11 0.4433 AIVI 22.35 0.3420 ZTDP22 23.30 0.3501
48 ESUM2 11.87 0.4321 TGI 20.13 0.4419 ZTSR5 22.50 0.3333 ZTSR5 23.31 0.3496
49 AIVI 12.20 0.4007 MND2 20.24 0.4362 BD 22.52 0.3318 BD 23.45 0.3420
50 TCARI 12.30 0.3910 BRI2 20.30 0.4326 ZTDPR1 22.66 0.3234 TCI 23.67 0.3296
51 ZTSR6 12.32 0.3883 PSNDB 20.35 0.4298 TCI 22.88 0.3104 ZTDPR1 23.81 0.3214
52 ZTSR1 12.33 0.3876 BDR 20.49 0.4221 TOR 23.39 0.2795 TOR 23.93 0.3146
53 TOR 12.35 0.3860 BMDVI 20.58 0.4171 TCARI 23.56 0.2687 WUTOR 23.99 0.3116
54 GRRREM 12.36 0.3842 CVI 20.78 0.4053 WUTOR 23.57 0.2680 TCARI 24.21 0.2989
55 DREIP 12.47 0.3733 DSR1 20.83 0.4023 SPVI 23.70 0.2599 CRSR2 24.28 0.2948
56 CRSR3 12.73 0.3469 DDR2 20.88 0.4000 CRSR2 23.92 0.2466 BRI1 24.34 0.2912
57 BDR 12.84 0.3361 MMR 21.06 0.3895 ZTDPR2 24.01 0.2406 PSSRB 24.50 0.2819
58 WUTOR 12.93 0.3262 BD 21.07 0.3887 BRI1 24.08 0.2359 SPVI 24.62 0.2745
59 CRSR2 12.95 0.3247 CAINT 21.08 0.3882 BMDVI 24.30 0.2223 PSNDB 24.76 0.2664
60 DND 13.26 0.2920 TCI 21.13 0.3853 PSSRB 24.37 0.2174 BMDVI 25.08 0.2475
61 BMDVI 13.45 0.2712 CRSR1 21.15 0.3839 NDLI 24.39 0.2162 CAINT 25.47 0.2237
62 GI 13.54 0.2611 MOR 21.37 0.3712 PSNDB 24.46 0.2118 ZTDPR2 25.48 0.2228
63 MND4 13.64 0.2505 CI 21.53 0.3618 ZTSR6 24.68 0.1979 ZTSR1 25.64 0.2132
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Table S.3 — Continued from previous page

2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
64 MND2 13.70 0.2442 7ZTDP22 21.59 0.3582 EVI 24.71 0.1955 ZTSR6 25.69 0.2102
65 TGI 13.74 0.2397 ZTDPR1 21.62 0.3563 ZTSR1 24.83 0.1881 EVI 26.03 0.1895
66 PSSRB 13.79 0.2336 CARI 21.78 0.3468 PVI 25.13 0.1683 DND 26.11 0.1842
67 BMSR 13.80 0.2325 MCARI 21.78 0.3468 WDVI 25.13 0.1683 PRI3 26.47 0.1616
68 PSNDB 13.82 0.2303 WUTCARI 21.84 0.3433 DND 25.13 0.1678 PVI 26.52 0.1582
69 MCARI2 13.97 0.2141 GRRREM 21.85 0.3430 DVI 25.14 0.1676 WDVI 26.52 0.1582
70 MTVI2 13.97 0.2141 ZTSR3 21.98 0.3351 CAINT 25.14 0.1672 GEMI 26.56 0.1561
71 GNDVI 14.04 0.2063 ZTSR4 22.00 0.3335 FSUM 25.23 0.1614 DVI 26.58 0.1549
72 DSR1 14.09 0.2001 ZTSR5 22.08 0.3287 GEMI 25.28 0.1578 NDLI 26.65 0.1498
73 SPVI 14.20 0.1874 BGI1 22.12 0.3262 PRI3 25.62 0.1353 FSUM 26.68 0.1480
74 NDVI2 14.36 0.1698 BGI2 22.36 0.3116 DPI 25.65 0.1334 ESUM2 26.78 0.1415
75 BMLSR 14.39 0.1656 CRSR5 22.37 0.3113 ZTSUM 25.71 0.1296 MND4 26.82 0.1396
76 NDNI 14.41 0.1640 CPSR1 22.61 0.2962 MND4 25.79 0.1237 BMSR 26.87 0.1360
77 MCARI1 14.57 0.1450 ZTDPR2 22.62 0.2958 ESUM2 25.80 0.1234 TGI 26.94 0.1313
78 MTVI1 14.57 0.1450 ZTSR6 23.02 0.2704 GI 25.88 0.1180 MND2 26.97 0.1296
79 EGFN 14.57 0.1444 PRI3 23.03 0.2699 BMSR 25.91 0.1153 CAI 26.97 0.1294
80 PSRI 14.61 0.1404 SPVI 23.18 0.2600 MND2 25.93 0.1145 EVI2 27.14 0.1189
81 BGI2 14.62 0.1387 ESUM2 23.32 0.2511 EVI2 25.93 0.1144 RDVI 27.18 0.1159
82 VARI 14.63 0.1376 BRI1 23.42 0.2445 TGI 25.94 0.1135 ZTSUM 27.22 0.1132
83 DSR2 14.64 0.1362 GI 23.76 0.2227 RDVI 25.96 0.1120 GI 27.23 0.1130
84 GMSR 14.66 0.1349 NDVI2 23.93 0.2113 RVIOPT 26.04 0.1065 RVIOPT 27.27 0.1100
85 TVI 14.71 0.1289 DSR2 24.01 0.2062 DSR1 26.12 0.1014 GNDVI 27.28 0.1097
86 BGI1 14.80 0.1178 GMSR 24.02 0.2054 SAVI 26.16 0.0988 DSRI1 27.28 0.1095
87 NDLI 14.84 0.1134 EVI 24.12 0.1993 GNDVI 26.23 0.0938 SAVI 27.35 0.1047
88 PRI 14.84 0.1130 PRI2 24.21 0.1933 PD 26.29 0.0893 SRPI 27.39 0.1021
89 GRRGM 14.85 0.1119 PRI 24.36 0.1832 CRI700 26.50 0.0751 NPCI 27.43 0.0999
90 BRI2 14.86 0.1101 DREIP 24.49 0.1740 BMLSR 26.71 0.0602 PRI2 27.84 0.0723
91 BRI1 14.87 0.1099 DPI 24.67 0.1618 EGFN 26.72 0.0595 SIPI 27.87 0.0707
92 GTSR1 14.88 0.1082 ZTSRI1 24.68 0.1616 DREIP 26.75 0.0576 BMLSR 27.88 0.0697
93 CAINT 14.92 0.1037 VARI 24.89 0.1468 BGI2 26.75 0.0575 MSAVI2 27.89 0.0695
94 DPI 14.95 0.0998 GEMI 24.99 0.1403 MSAVI2 26.75 0.0573 DREIP 27.94 0.0656
95 WUTCARI 14.97 0.0979 EVI2 25.10 0.1323 CAI 26.76 0.0570 NDPI 27.95 0.0655
96 RGI 15.00 0.0943 RGI 25.11 0.1322 NDVI2 26.76 0.0567 MSAVI1 27.96 0.0643
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
97 GSUM2 15.04 0.0886 MCARI1 25.12 0.1315 MCARI2 26.82 0.0524 BGI2 28.01 0.0612
98 CVI 15.07 0.0853 MTVI1 25.12 0.1315 MTVI2 26.82 0.0524 CRI700 28.02 0.0604
99 PD 15.19 0.0711 RDVI 25.13 0.1307 MSAVI1 26.86 0.0498 EGFN 28.06 0.0581
100 LCA 15.20 0.0698 SAVI 25.16 0.1282 PRI 26.86 0.0495 NDVI2 28.12 0.0535
101  CRI500 15.23 0.0661 SIPI 25.17 0.1278 NDNI 26.90 0.0469 MCARI2 28.20 0.0481
102 NPQI 15.28 0.0599 RVIOPT 25.19 0.1262 WUTCARI 26.97 0.0419 MTVI2 28.20 0.0481
103 SIPI 15.37 0.0479 CRI700 25.32 0.1174 CRI500 26.98 0.0410 WUTCARI 28.31 0.0412
104 ARI 15.47 0.0361 PVI 25.36 0.1147 SRPI 26.99 0.0403 BGI1 28.35 0.0381
105 DVI 15.52 0.0299 WDVI 25.36 0.1147 NPCI 27.00 0.0397 PRI 28.42 0.0335
106 PVI 15.53 0.0286 MSAVI2 25.46 0.1076 BGI1 27.00 0.0395 DSR2 28.45 0.0312
107  WDVI 15.53 0.0286 DVI 25.49 0.1055 PRI2 27.02 0.0383 GMSR 28.46 0.0306
108 CPSR3 15.58 0.0224 TVI 25.54 0.1022 DSR2 27.09 0.0330 PD 28.47 0.0299
109 BRSR 15.58 0.0219 FSUM 25.57 0.0998 GMSR 27.10 0.0327 TSAVI2 28.53 0.0263
110 FSUM 15.59 0.0216 MSAVI1 25.57 0.0995 NDPI 27.18 0.0271 GRRGM 28.54 0.0251
111  GEMI 15.59 0.0216 MCARI2 25.58 0.0989 VARI 27.18 0.0269 VARI 28.57 0.0230
112 CAI 15.59 0.0214 MTVI2 25.58 0.0989 SIPI 27.18 0.0269 DPI 28.58 0.0224
113 ESUMI1 15.59 0.0205 TSAVI2 25.86 0.0795 GRRGM 27.23 0.0230 OSAVI 28.59 0.0217
114 MSI 15.65 0.0136 NDLI 25.87 0.0782 BRSR 27.28 0.0200 GTSR1 28.59 0.0216
115 PRI2 15.67 0.0113 OSAVI 25.93 0.0746 PSNDC 27.28 0.0199 NDNI 28.60 0.0214
116 EVI2 15.67 0.0113 NLI 25.98 0.0706 GTSR1 27.28 0.0198 ARI 28.62 0.0201
117 ZTSUM 15.67 0.0110 ZTSUM 26.01 0.0689 PSSRC 27.29 0.0188 NLI 28.62 0.0199
118 RDVI 15.67 0.0110 PSRI 26.04 0.0665 ESUM1 27.30 0.0179 MCARI1 28.70 0.0143
119 RVIOPT 15.68 0.0100 CRI500 26.28 0.0491 WI 27.33 0.0164 MTVI1 28.70 0.0143
120 PSNDA 15.68 0.0093 SAVI2 26.30 0.0474 PSR 27.33 0.0163 CRI500 28.71 0.0138
121  PSSRA 15.69 0.0089 NPCI 26.31 0.0468 TSAVI2 27.34 0.0155 PSSRC 28.74 0.0119
122 JSR 15.69 0.0086 SRPI 26.36 0.0431 NPQI 27.35 0.0146 PSNDC 28.74 0.0119
123 SAVI 15.69 0.0084 PSNDA 26.44 0.0378 OSAVI 27.39 0.0115 NPQI 28.74 0.0118
124  WLPD 15.70 0.0069 TSAVI 26.49 0.0338 ARI 27.40 0.0108 TVI 28.75 0.0111
125 NDPI 15.70 0.0068 NDVI 26.53 0.0307 LCA 27.41 0.0103 SAVI2 28.79 0.0082
126 PRI3 15.70 0.0067 WNR 26.57 0.0283 NLI 27.42 0.0097 SRWI 28.80 0.0077
127 PSSRC 15.70 0.0066 WDRVI2 26.58 0.0275 MCARI1 27.43 0.0089 NDWI 28.80 0.0077
128  WNR 15.71 0.0062 PSSRA 26.59 0.0267 MTVI1 27.43 0.0089 GSUM2 28.80 0.0077
129 NDVI 15.71 0.0056 WDRVI 26.59 0.0266 CVI 27.44 0.0083 CVI 28.80 0.0076
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
130  WDRVI2 15.71 0.00564 MSR 26.64 0.0232 GSUM2 27.45 0.0075 BRSR 28.83 0.0057
131  WDRVI 15.71 0.0053 JSR 26.69 0.0194 RGI 27.46 0.0066 ESUM1 28.85 0.0040
132 NPCI 15.72 0.0053 MSI 26.80 0.0113 TVI 27.47 0.0061 WLPD 28.85 0.0040
133  SRPI 15.72 0.0051 NDPI 26.84 0.0082 JSR 27.47 0.0057 RGI 28.87 0.0030
134 MSR 15.72 0.0051 PD 26.86 0.0069 MSI 27.47 0.0056 MSI 28.88 0.0017
135 TSAVI 15.72 0.00560 WLPD 26.87 0.0061 WNR 27.48 0.0052 LCA 28.90 0.0008
136 PSNDC 15.72 0.0047 NDNI 26.88 0.0050 CPSR3 27.49 0.0043 PSRI 28.90 0.0006
137  CRI700 15.72 0.0045 NPQI 26.90 0.0041 MSR 27.50 0.0040 PSNDA 28.90 0.0003
138  MSAVI2 15.74 0.0027 LCA 26.90 0.0038 WDRVI 27.50 0.0036 TSAVI 28.90 0.0002
139 MSAVI1 15.74 0.0020 BRSR 26.91 0.0031 WDRVI2 27.50 0.0035 PSSRA 28.91 0.0002
140 PSR 15.75 0.0014 SRWI 26.92 0.0023 PSSRA 27.51 0.0033 CPSR3 28.91 0.0001
141  WI 15.75 0.0014 NDWI 26.92 0.0022 NDVI 27.51 0.0031 JSR 28.91 0.0001
142  SAVI2 15.75 0.0014 CPSR3 26.93 0.0012 WLPD 27.52 0.0023 NDVI 28.91 0.0000
143 NDWI 15.75 0.0007 PSSRC 26.94 0.0008 PSNDA 27.52 0.0022 WNR 28.91 0.0000
144 SRWI 15.75 0.0007 CAI 26.94 0.0005 TSAVI 27.53 0.0019 WDRVI2 28.91 0.0000
145 EVI 15.76 0.0002 WI 26.95 0.0001 SAVI2 27.54 0.0011 WDRVI 28.91 0.0000
146 OSAVI 15.76 0.0001 PSR 26.95 0.0001 PSRRI 27.55 0.0001 MSR 28.91 0.0000
147 NLI 15.76 0.0001 ESUM1 26.95 0.0000 NDWI 27.55 0.0000 PSR 28.91 0.0000
148 TSAVI2 15.76 0.0000 PSNDC 26.95 0.0000 SRWI 27.55 0.0000 WI 28.91 0.0000
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Table S.4: Simple linear regression statistics, including root mean squared errors (RMSE, %) and coefficients of determination (r?), for 148 spectral
vegetation indices to estimate area-basis cotton leaf chlorophyll a (Chl a; ug cm~2) for data sets collected during field studies at Maricopa, Arizona,
USA. Definitions and formulas for each spectral index are given in Table S.1.

2019-2020 data 2021-2022 data All data, 80% random split All data, 20% random split
Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r2
1 DDN 8.40 0.7019 GTSR2 16.98 0.6057 WUMCARI 14.62 0.6604 WUMCARI 15.00 0.6762
2 DD 8.47 0.6974 GSUM1 17.35 0.5884 WUMOR 14.98 0.6435 MSR2 15.41 0.6582
3 WLREIPG 8.51 0.6940 GRRGM 17.43 0.5845 MSR2 15.24 0.6310 WUMOR 15.62 0.6486
4 DNDR 8.56 0.6903 GTSR1 17.51 0.5807 ZTSR2 15.54 0.6161 ZTSR2 15.68 0.6458
5 MND1 8.57 0.6898 WUMSR 17.61 0.5759 WLCWMRG 15.59 0.6136 GSUM1 15.68 0.6458
6 MND3 8.64 0.6851 WUTOR 17.63 0.5751 MTCI 15.61 0.6126 GTSR2 15.72 0.6440
7 WLREIP2 8.78 0.6743 BMLSR 17.71 0.5713 GSUM1 15.75 0.6056 WUMSR 15.86 0.6380
8 VDR 8.79 0.6738 GSUM2 17.72 0.5708 WUMSR 15.76 0.6051 DCNI 16.07 0.6282
9 MTCI 8.82 0.6717 ZTSR2 17.81 0.5662 VSR 15.77 0.6045 WLCWMRG 16.14 0.6249
10 WLREIPE 8.82 0.6713 GNDVI 17.93 0.5604 WUOSAVI 15.80 0.6030 VSR 16.16 0.6239
11 WLCWMRG 8.82 0.6712 NDVI3 17.93 0.5603 SMNDVI 15.85 0.6005 WUOSAVI 16.22 0.6213
12 ZTDP22 8.85 0.6689 WUMCARI 17.99 0.5574 DDR1 15.88 0.5991 MTCI 16.23 0.6205
13 WUMCARI 8.86 0.6682 WUOSAVI 18.12 0.5511 DCNI 15.94 0.5963 SMNDVI 16.33 0.6162
14 ZTDR1 8.89 0.6665 BMSR 18.17 0.5484 GTSR2 15.96 0.5954 NDVI3 16.43 0.6111
15 VSR 8.92 0.6642 VSR 18.23 0.5458 WLREIPG 16.07 0.5895 DDRI1 16.62 0.6024
16 CRSR4 9.05 0.6542 CRSR4 18.37 0.5387 DDN 16.09 0.5887 CRSR4 16.69 0.5988
17 WUOSAVI 9.14 0.6475 MSR2 18.38 0.5381 DD 16.10 0.5882 WLREIPG 16.85 0.5910
18 SMNDVI 9.15 0.6462 CRSR3 18.43 0.5356 NDVI3 16.14 0.5859 DDN 16.97 0.5851
19 Z'TSR2 9.22 0.6412 CPSR2 18.44 0.5349 WLREIP 16.15 0.5855 WLREIP 16.98 0.5849
20  MMR 9.23 0.6401 WUMOR 18.53 0.5304 CRSR4 16.22 0.5820 DD 17.03 0.5823
21 ZTDPR1 9.23 0.6401 SMNDVI 18.75 0.5194 WLREIPE 16.25 0.5805 WLREIPE 17.07 0.5804
22 MSR2 9.35 0.6312 WLCWMRG 19.00 0.5064 ZTDRI1 16.32 0.5765 DNDR 17.20 0.5740
23  DDRI1 9.48 0.6205 MTCI 19.03 0.5048 VDR 16.36 0.5745 MND1 17.21 0.5737
24 NDVI3 9.54 0.6156 DCNI 19.04 0.5041 DNDR 16.39 0.5729 MND3 17.22 0.5731
25  WUMSR 9.58 0.6121 WLREIPG 19.26 0.4925 MND1 16.40 0.5727 VDR 17.25 0.5715
26 WUMOR 9.72 0.6008 WLREIP 19.29 0.4909 MND3 16.41 0.5722 ZTDRI1 17.31 0.5684
27 MOR 9.84 0.5910 VDR 19.32 0.4898 ZTDP21 16.62 0.5610 WLREIP2 17.75 0.5462
28 WLREIP 9.86 0.5894 ZTDR1 19.33 0.4891 WLREIP2 16.72 0.5558 ZTDP21 17.80 0.5437
29  DCNI 9.89 0.5871 DDRI1 19.35 0.4882 DDR2 17.34 0.5224 CPSR2 18.00 0.5336
30 CI 9.94 0.5826 WLREIPE 19.35 0.4882 BDR 17.34 0.5222 CRSRI1 18.56 0.5043
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
31 GSUM1 9.95 0.5823 DNDR 19.36 0.4874 MMR 18.05 0.4820 BRI2 18.57 0.5033
32 MCARI 10.04 0.5748 DDN 19.41 0.4850 CPSR2 18.09 0.4796 BDR 18.65 0.4991
33 CARI 10.04 0.5745 DD 19.44 0.4831 CRSRI1 18.31 0.4674 DDR2 18.70 0.4968
34 ZTDPR2 10.10 0.5691 CRSR2 19.46 0.4823 CI 18.43 0.4600 MMR 19.19 0.4700
35 CRSR5 10.29 0.5532 MND1 19.46 0.4819 CPSR1 18.50 0.4558 CRSR3 19.37 0.4598
36 GTSR2 10.49 0.5352 EGFN 19.50 0.4799 GRRREM 18.65 0.4471 CI 19.43 0.4563
37 DDR2 10.51 0.5334 MND3 19.51 0.4798 CRSR5 18.67 0.4458 CRSR5 19.74 0.4390
38 ZTSR3 10.67 0.5189 TOR 19.54 0.4780 MOR 18.93 0.4304 CAR 19.76 0.4380
39 CAR 10.87 0.5007 AIVI 19.68 0.4705 CAR 18.98 0.4277 CPSR1 20.04 0.4220
40 ZTSR4 11.03 0.4865 DND 19.73 0.4680 CRSR3 19.07 0.4222 MOR 20.12 0.4169
41 CPSR1 11.04 0.4853 WLREIP2 19.83 0.4621 ZTDP22 19.19 0.4145 ZTSR3 20.34 0.4044
42 CPSR2 11.28 0.4629 ARI 19.88 0.4594 MCARI 19.24 0.4115 MCARI 20.47 0.3966
43 ZTSR5 11.38 0.4536 CAR 20.11 0.4472 CARI 19.25 0.4113 CARI 20.47 0.3964
44 CRSR1 11.40 0.4514 MND4 20.16 0.4441 ZTSR3 19.42 0.4004 GRRREM 20.55 0.3919
45 ZTDP21 11.44 0.4478 TGI 20.21 0.4416 BRI2 19.73 0.3812 ZTDP22 20.71 0.3823
46 BD 11.64 0.4275 ZTDP21 20.23 0.4402 ZTDPR1 19.73 0.3810 AIVI 20.84 0.3749
47 TCI 11.71 0.4210 MND2 20.26 0.4386 BD 19.95 0.3677 ZTSR4 20.98 0.3665
48 ESUM2 11.85 0.4075 TCARI 20.27 0.4384 ZTSR4 20.01 0.3639 BD 21.05 0.3617
49 CRSR3 12.34 0.3572 BRI2 20.57 0.4217 AIVI 20.22 0.3500 ZTDPR1 21.09 0.3594
50 DREIP 12.35 0.3559 BMDVI 20.65 0.4169 ZTSR5 20.49 0.3329 TCI 21.47 0.3361
51 GRRREM 12.38 0.3525 DDR2 20.67 0.4160 TCI 20.53 0.3302 ZTSR5 21.52 0.3331
52 ZTSR1 12.43 0.3481 BDR 20.74 0.4119 ZTDPR2 21.00 0.2990 WUTOR 21.68 0.3235
53 AIVI 12.53 0.3366 CVI 20.77 0.4103 TOR 21.08 0.2937 TOR 21.74 0.3197
54 TCARI 12.58 0.3320 DSR1 20.87 0.4046 WUTOR 21.23 0.2837 CRSR2 21.99 0.3035
55 TOR 12.60 0.3301 BD 20.95 0.3996 TCARI 21.23 0.2834 TCARI 22.00 0.3033
56 ZTSR6 12.60 0.3298 PSSRB 21.00 0.3972 CRSR2 21.66 0.2546 PSSRB 22.08 0.2982
57 BDR 12.71 0.3177 MMR 21.05 0.3941 SPVI 21.69 0.2520 PSNDB 22.37 0.2795
58 CRSR2 12.93 0.2944 TCI 21.13 0.3894 BMDVI 22.08 0.2250 BRI1 22.51 0.2701
59 WUTOR 13.06 0.2803 MOR 21.33 0.3778 PSSRB 22.08 0.2249 ZTDPR2 22.60 0.2648
60 DND 13.47 0.2338 PSNDB 21.34 0.3771 PSNDB 22.17 0.2191 SPVI 22.65 0.2612
61 PSSRB 13.49 0.2314 ZTDPR1 21.35 0.3769 NDLI 22.21 0.2159 BMDVI 22.91 0.2443
62 PSNDB 13.50 0.2307 CRSR1 21.35 0.3767 BRI1 22.37 0.2046 CAINT 22.93 0.2430
63 BMDVI 13.56 0.2232 ZTDP22 21.42 0.3729 ZTSR6 22.51 0.1949 ZTSR6 23.62 0.1967
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
64 GI 13.75 0.2021 CARI 21.70 0.3559 DND 22.70 0.1809 ZTSR1 23.64 0.1951
65 MND4 13.80 0.1960 MCARI 21.70 0.3559 EVI 22.72 0.1795 DND 23.70 0.1914
66 MND2 13.85 0.1901 CI 21.83 0.3484 CAINT 22.73 0.1786 EVI 23.97 0.1727
67 TGI 13.89 0.1857 GRRREM 21.86 0.3467 ZTSR1 22.79 0.1747 ESUM2 24.04 0.1681
68 BMSR 13.90 0.1842 CAINT 21.88 0.3452 ESUM2 23.02 0.1579 NDLI 24.27 0.1519
69 NDNI 13.92 0.1821 WUTCARI 22.07 0.3338 PVI 23.05 0.1556 GEMI 24.34 0.1472
70 SPVI 14.04 0.1672 ZTDPR2 22.25 0.3233 WDVI 23.05 0.1556 PRI3 24.35 0.1463
71 GNDVI 14.10 0.1606 CRSRb5 22.29 0.3205 DVI 23.06 0.1546 PVI 24.36 0.1454
72 MCARI2 14.13 0.1566 BGI2 22.33 0.3182 DPI 23.07 0.1541 WDVI 24.36 0.1454
73 MTVI2 14.13 0.1566 BGI1 22.36 0.3165 FSUM 23.15 0.1484 BMSR 24.40 0.1430
74 DSR1 14.19 0.1495 ZTSR3 22.41 0.3134 GEMI 23.18 0.1462 MND4 24.41 0.1423
75 CAINT 14.39 0.1250 ZTSR4 22.48 0.3089 MND4 23.39 0.1305 DVI 24.43 0.1408
76 BMLSR 14.40 0.1247 ZTSR5 22.59 0.3021 GI 23.46 0.1251 TGI 24.50 0.1360
77 NDVI2 14.42 0.1214 CPSRI1 22.66 0.2978 BMSR 23.48 0.1235 FSUM 24.52 0.1342
78 BRI2 14.45 0.1185 ESUM2 23.26 0.2604 PRI3 23.50 0.1221 MND2 24.54 0.1327
79 PSRI 14.46 0.1167 SPVI 23.30 0.2579 TGI 23.51 0.1218 EVI2 24.74 0.1184
80 MCARI1 14.56 0.1042 GI 23.62 0.2372 MND2 23.51 0.1216 RDVI 24.78 0.1158
81 MTVI1 14.56 0.1042 ZTSR6 23.69 0.2328 ZTSUM 23.57 0.1174 GNDVI 24.78 0.1157
82 EGFN 14.61 0.0988 NDVI2 23.82 0.2242 EVI2 23.70 0.1075 GI 24.84 0.1117
83 VARI 14.64 0.0951 DSR2 23.94 0.2165 RDVI 23.72 0.1055 RVIOPT 24.84 0.1113
84 NDLI 14.64 0.0950 GMSR 23.94 0.2164 DSRI1 23.73 0.1053 DSRI1 24.88 0.1090
85 BGI2 14.65 0.0940 BRI1 24.02 0.2109 PD 23.73 0.1049 SAVI 24.92 0.1061
86 DSR2 14.65 0.0933 PRI3 24.08 0.2068 RVIOPT 23.79 0.1008 ZTSUM 24.98 0.1013
87 GMSR 14.66 0.0921 EVI 24.26 0.1956 GNDVI 23.79 0.1005 DREIP 25.12 0.0913
88 TVI 14.67 0.0912 DREIP 24.26 0.1951 SAVI 23.89 0.0933 SRPI 25.15 0.0891
89 BRI1 14.69 0.0889 DPI 24.34 0.1899 DREIP 23.94 0.0889 NPCI 25.18 0.0872
90 LCA 14.72 0.0856 PRI 24.79 0.1597 CRI700 24.17 0.0714 CAI 25.30 0.0784
91 PD 14.75 0.0816 VARI 24.83 0.1567 BMLSR 24.26 0.0647 BMLSR 25.36 0.0743
92 GRRGM 14.77 0.0790 RGI 25.01 0.1449 NDNI 24.26 0.0647 MSAVI2 25.36 0.0742
93 GTSR1 14.79 0.0762 MCARI1 25.20 0.1317 EGFN 24.30 0.0616 MSAVI1 25.42 0.0696
94 BGI1 14.79 0.0761 MTVI1 25.20 0.1317 NDVI2 24.33 0.0589 PRI2 25.46 0.0664
95 DPI 14.81 0.0744 PRI2 25.22 0.1301 MCARI2 24.35 0.0580 SIPI 25.47 0.0661
96 PRI 14.81 0.0740 GEMI 25.22 0.1300 MTVI2 24.35 0.0580 BGI2 25.57 0.0589
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
97 WUTCARI 14.87 0.0665 CRI700 25.28 0.1263 BGI2 24.36 0.0572 EGFN 25.58 0.0580
98 GSUM2 14.92 0.0595 SIPI 25.37 0.1197 MSAVI2 24.39 0.0544 NDPI 25.58 0.0576
99 RGI 14.93 0.0593 EVI2 25.40 0.1178 MSAVI1 24.49 0.0470 NDVI2 25.66 0.0517
100 CVI 14.96 0.0550 RDVI 25.42 0.1162 PRI 24.50 0.0459 CRI700 25.67 0.0513
101 SIPI 15.08 0.0393 NDLI 25.45 0.1141 WUTCARI 24.51 0.0449 MCARI2 25.72 0.0476
102 DVI 15.12 0.0345 ZTSR1 25.46 0.1136 CRI500 24.60 0.0384 MTVI2 25.72 0.0476
103 PVI 15.12 0.0341 SAVI 25.47 0.1128 BGI1 24.62 0.0368 PD 25.74 0.0460
104 WDVI 15.12 0.0341 RVIOPT 25.48 0.1123 PRI2 24.66 0.0339 WUTCARI 25.75 0.0449
105 CRI500 15.13 0.0339 PVI 25.50 0.1108 DSR2 24.66 0.0338 NDNI 25.86 0.0375
106 NPQI 15.16 0.0294 WDVI 25.50 0.1108 GMSR 24.66 0.0335 BGI1 25.88 0.0359
107  GEMI 15.17 0.0278 MCARI2 25.51 0.1099 SRPI 24.72 0.0291 TSAVI2 25.93 0.0322
108 FSUM 15.18 0.0265 MTVI2 25.51 0.1099 CAI 24.72 0.0288 DSR2 25.96 0.0299
109 MSI 15.21 0.0234 TVI 25.60 0.1039 NPCI 24.72 0.0288 GMSR 25.96 0.0294
110 CPSR3 15.22 0.0219 DVI 25.61 0.1033 VARI 24.73 0.0279 DPI 25.97 0.0291
111 EVI2 15.25 0.0183 FSUM 25.68 0.0983 LCA 24.76 0.0259 PRI 25.97 0.0291
112 RDVI 15.25 0.0182 MSAVI2 25.78 0.0913 GRRGM 24.77 0.0250 GRRGM 25.99 0.0276
113  ARI 15.25 0.0177 MSAVI1 25.89 0.0836 SIPI 24.79 0.0233 OSAVI 25.99 0.0274
114 RVIOPT 15.25 0.0174 PSRI 26.06 0.0711 WI 24.81 0.0221 NLI 26.01 0.0257
115 ZTSUM 15.27 0.0156 ZTSUM 26.12 0.0669 PSR 24.81 0.0220 GTSR1 26.04 0.0240
116 SAVI 15.27 0.0149 TSAVI2 26.15 0.0647 GTSR1 24.81 0.0216 VARI 26.06 0.0221
117 ESUM1 15.28 0.0147 OSAVI 26.22 0.0602 MSI 24.82 0.0205 ARI 26.10 0.0188
118 BRSR 15.28 0.0138 CRI500 26.24 0.0583 BRSR 24.85 0.0187 MCARI1 26.12 0.0178
119 PRI3 15.28 0.0135 NLI 26.27 0.0561 NDPI 24.87 0.0168 MTVI1 26.12 0.0178
120 CAI 15.29 0.0122 MSI 26.47 0.0418 PSNDC 24.87 0.0167 TVI 26.16 0.0145
121  WLPD 15.32 0.0094 NPCI 26.49 0.0403 PSSRC 24.88 0.0166 SAVI2 26.18 0.0129
122 PSSRC 15.32 0.0084 SRPI 26.54 0.0370 TSAVI2 24.89 0.0157 CRI500 26.23 0.0096
123 MSAVI2 15.33 0.0071 SAVI2 26.56 0.0355 ESUM1 24.91 0.0135 GSUM2 26.23 0.0090
124 PSNDC 15.34 0.0069 PSNDA 26.65 0.0292 MCARI1 24.93 0.0126 LCA 26.24 0.0089
125 NPCI 15.34 0.0062 PD 26.70 0.0249 MTVI1 24.93 0.0126 CVI 26.25 0.0080
126  SRPI 15.34 0.0061 TSAVI 26.72 0.0241 OSAVI 24.94 0.0118 PSSRC 26.27 0.0064
127 MSAVI1 15.34 0.0058 NDVI 26.75 0.0215 ARI 24.95 0.0105 NPQI 26.27 0.0062
128 PSR 15.35 0.0053 LCA 26.77 0.0204 NLI 24.96 0.0101 PSNDC 26.27 0.0062
129 WI 15.35 0.0053 PSSRA 26.78 0.0191 TVI 24.96 0.0095 WLPD 26.29 0.0050
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
130 PSNDA 15.35 0.0045 WDRVI2 26.79 0.0187 CVI 24.98 0.0086 RGI 26.32 0.0029
131 PSSRA 15.35 0.0044 WDRVI 26.80 0.0179 GSUM2 24.98 0.0084 BRSR 26.32 0.0023
132 NDWI 15.36 0.0043 WNR 26.81 0.0174 RGI 25.00 0.0070 ESUM1 26.32 0.0023
133  JSR 15.36 0.0042 MSR 26.84 0.0150 WLPD 25.02 0.0050 PSNDA 26.33 0.0019
134 SRWI 15.36 0.0042 JSR 26.87 0.0126 JSR 25.02 0.0048 PSSRA 26.33 0.0018
135 NDPI 15.36 0.0036 NPQI 26.89 0.0110 WNR 25.03 0.0046 TSAVI 26.33 0.0017
136 WNR 15.36 0.0033 WLPD 26.95 0.0068 NPQI 25.03 0.0043 PSR 26.33 0.0016
137 PRI2 15.37 0.0023 NDPI 26.98 0.0044 CPSR3 25.04 0.0035 WI 26.33 0.0016
138 NDVI 15.37 0.0022 CAI 26.99 0.0042 MSR 25.04 0.0032 MSI 26.34 0.0012
139  WDRVI2 15.37 0.0020 PSSRC 26.99 0.0037 WDRVI 25.05 0.0028 WDRVI2 26.34 0.0010
140 WDRVI 15.37 0.0020 PSR 27.02 0.0021 WDRVI2 25.05 0.0027 NDVI 26.34 0.0010
141  CRI700 15.37 0.0019 WI 27.02 0.0020 PSSRA 25.05 0.0027 WDRVI 26.34 0.0010
142 MSR 15.37 0.0019 NDWI 27.02 0.0018 SRWI 25.05 0.0026 MSR 26.34 0.0009
143 TSAVI 15.38 0.0017 SRWI 27.02 0.0017 NDWI 25.05 0.0025 SRWI 26.34 0.0008
144  TSAVI2 15.38 0.0009 PSNDC 27.03 0.0009 NDVI 25.06 0.0022 NDWI 26.34 0.0008
145 NLI 15.38 0.0005 BRSR 27.03 0.0008 PSNDA 25.07 0.0014 PSRI 26.35 0.0005
146 OSAVI 15.39 0.0005 NDNI 27.04 0.0002 TSAVI 25.07 0.0013 WNR 26.35 0.0004
147 EVI 15.39 0.0002 ESUM1 27.04 0.0002 SAVI2 25.07 0.0012 JSR 26.35 0.0004
148 SAVI2 15.39 0.0000 CPSR3 27.04 0.0000 PSRI 25.08 0.0001 CPSR3 26.35 0.0002
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Table S.5: Simple linear regression statistics, including root mean squared errors (RMSE, %) and coefficients of determination (r?), for 148 spectral
vegetation indices to estimate area-basis cotton leaf chlorophyll b (Chl b; ug cm~2) for data sets collected during field studies at Maricopa, Arizona,
USA. Definitions and formulas for each spectral index are given in Table S.1.

2019-2020 data 2021-2022 data All data, 80% random split All data, 20% random split
Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r2
1 MOR 19.18 0.4246 CRSR2 24.35 0.4799 ZTDP21 34.49 0.4544 WUMCARI 32.64 0.5595
2 CARI 19.20 0.4237 CPSR2 24.55 0.4714 BDR 34.75 0.4461 MSR2 32.74 0.5567
3 MCARI 19.20 0.4237 GTSR2 24.62 0.4684 WUMCARI 34.91 0.4411 WUMOR 33.01 0.5494
4 DDR1 19.21 0.4233 CRSR3 24.83 0.4592 DCNI 34.98 0.4388 DCNI 33.10 0.5470
5 ZTSR3 19.35 0.4149 ARI 24.95 0.4538 MSR2 34.99 0.4385 ZTDP21 33.52 0.5355
6 MMR 19.48 0.4065 GSUM1 25.21 0.4424 WUMOR 35.07 0.4360 BDR 34.13 0.5183
7 Z'TSR4 19.52 0.4041 WUTOR 25.27 0.4400 DDR1 35.77 0.4130 WLCWMRG 34.29 0.5137
8 WLREIP2 19.65 0.3965 WUMSR 25.62 0.4244 WLCWMRG 35.88 0.4096 DDR1 34.43 0.5099
9 ZTSR5 19.65 0.3962 GSUM2 25.68 0.4213 MTCI 35.92 0.4084 MTCI 34.46 0.5090
10 TCI 19.66 0.3955 PSSRB 25.70 0.4204 WLREIP 36.23 0.3979 GSUMI1 34.62 0.5045
11 WLREIPG 19.72 0.3918 PSNDB 25.72 0.4196 SMNDVI 36.50 0.3890 GTSR2 34.62 0.5045
12 CAR 19.75 0.3902 NDVI3 25.82 0.4152 GSUM1 36.62 0.3850 WLREIP 34.79 0.4995
13 DNDR 19.82 0.3858 GTSRI1 25.86 0.4133 ZTSR2 36.69 0.3825 ZTSR2 34.84 0.4981
14 CRSRI1 19.87 0.3825 GRRGM 25.90 0.4114 GTSR2 36.70 0.3822 SMNDVI 34.91 0.4962
15 MND1 19.97 0.3765 BMLSR 25.93 0.4099 WUMSR 36.84 0.3775 'WUMSR 35.03 0.4927
16 CRSR5 20.01 0.3738 GNDVI 26.02 0.4059 CRSRI1 37.00 0.3722 WUOSAVI 35.93 0.4780
17 MND3 20.09 0.3692 WUOSAVI 26.07 0.4037 WUOSAVI 37.03 0.3712 BRI2 35.71 0.4726
18 DD 20.14 0.3661 ZTSR2 26.16 0.3997 WLREIPG 37.11 0.3682 VSR 35.86 0.4684
19 DDN 20.14 0.3660 BMSR 26.17 0.3993 DD 37.19 0.3656 NDVI3 36.05 0.4627
20 MTCI 20.17 0.3639 WUMCARI 26.25 0.3956 VSR 37.33 0.3608 WLREIPG 36.09 0.4614
21 AIVI 20.18 0.3636 DCNI 26.41 0.3883 DDN 37.39 0.3587 CRSRI1 36.22 0.4574
22 CPSR1 20.34 0.3532 CRSR4 26.53 0.3826 NDVI3 37.48 0.3557 DD 36.38 0.4526
23 CI 20.35 0.3528 MSR2 26.53 0.3825 WLREIPE 37.56 0.3529 DDN 36.47 0.4500
24  DCNI 20.36 0.3519 SMNDVI 26.70 0.3746 MND3 37.57 0.3526 CRSR4 36.67 0.4441
25 WLREIPE 20.50 0.3432 PRI3 26.74 0.3727 MND1 37.70 0.3482 WLREIPE 36.68 0.4438
26 ZTSR6 20.50 0.3429 VSR 26.75 0.3723 DNDR 37.77 0.3457 MND3 36.73 0.4421
27 SMNDVI 20.51 0.3423 WLCWMRG 26.84 0.3681 WLREIP2 37.80 0.3447 MND1 36.84 0.4388
28 TCARI 20.51 0.3422 WUMOR 26.84 0.3680 CRSR4 37.86 0.3425 DNDR 36.89 0.4374
29  WLCWMRG 20.52 0.3414 CAINT 26.99 0.3609 CPSR1 37.86 0.3425 VDR 37.38 0.4223
30  MSR2 20.59 0.3368 TOR 27.05 0.3583 VDR 38.11 0.3338 WLREIP2 37.51 0.4181
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
31 WLREIP 20.60 0.3368 MTCI 27.14 0.3536 ZTDR1 38.17 0.3317 CPSR2 37.54 0.4174
32 VDR 20.64 0.3336 WLREIP 27.22 0.3501 GRRREM 38.18 0.3313 ZTDRI1 37.57 0.4164
33 TOR 20.71 0.3291 MND3 27.45 0.3391 CPSR2 38.36 0.3250 CPSR1 38.32 0.3929
34 ZTDR1 20.76 0.3260 WLREIPG 27.47 0.3382 CI 38.81 0.3091 GRRREM 38.67 0.3816
35 CRSR4 20.77 0.3257 PRI2 27.49 0.3370 BRI2 38.85 0.3078 CI 38.97 0.3721
36 VSR 20.80 0.3239 DD 27.54 0.3345 DDR2 38.88 0.3068 DDR2 39.28 0.3619
37 ZTSR2 20.90 0.3172 DNDR 27.56 0.3337 ZTSR3 39.12 0.2979 ZTSR3 39.61 0.3513
38 ZTDP22 20.93 0.3147 MND1 27.58 0.3326 CRSR5 39.52 0.2839 CRSR5 39.62 0.3510
39 WUOSAVI 20.98 0.3118 CAR 27.68 0.3277 MMR 39.60 0.2807 MMR 39.84 0.3436
40 NDVI3 21.14 0.3015 WLREIPE 27.69 0.3273 ZTSR4 39.98 0.2668 CRSRS3 40.24 0.3306
41 WUMSR 21.14 0.3012 DDN 27.76 0.3240 CAR 40.17 0.2600 CAR 40.40 0.3251
42 DND 21.19 0.2979 WLREIP2 27.78 0.3231 CRSR3 40.53 0.2466 ZTSR4 40.73 0.3141
43 GI 21.19 0.2977 ZTDP21 27.85 0.3196 ZTSR5 40.60 0.2439 AIVI 41.00 0.3049
44 ZTSR1 21.21 0.2968 AIVI 27.85 0.3196 MOR 40.69 0.2407 BRI1 41.15 0.2999
45 CPSR2 21.30 0.2905 TCARI 27.92 0.3163 BRI1 40.86 0.2343 MOR 41.35 0.2929
46 MCARI2 21.36 0.2865 VDR 27.92 0.3159 AIVI 40.99 0.2296 ZTSR5 41.54 0.2865
47 MTVI2 21.36 0.2865 EGFN 27.95 0.3146 MCARI 41.02 0.2281 MCARI 41.82 0.2767
48 GSUM1 21.42 0.2825 DDRI1 27.99 0.3129 CARI 41.03 0.2280 CARI 41.83 0.2766
49 ZTDP21 21.48 0.2786 MND4 28.08 0.3082 TCI 42.07 0.1882 SPVI 42.62 0.2490
50 MND4 21.52 0.2757 ZTDR1 28.18 0.3033 BD 42.19 0.1837 TCI 42.90 0.2389
51 WUTOR 21.55 0.2736 TGI 28.18 0.3032 SPVI 42.29 0.1796 TOR 43.05 0.2338
52 TGI 21.57 0.2723 BDR 28.20 0.3024 TOR 42.42 0.1748 BD 43.12 0.2312
53 MND2 21.59 0.2713 BRI2 28.21 0.3017 ZTDP22 42.47 0.1727 WUTOR 43.27 0.2258
54 ESUM2 21.64 0.2680 ZTSR5 28.43 0.2910 ZTSR1 42.59 0.1682 TCARI 43.41 0.2206
55 BD 21.67 0.2658 DND 28.44 0.2905 TCARI 42.60 0.1678 CRSR2 43.49 0.2181
56 WUMCARI 21.67 0.2658 MND2 28.46 0.2892 CAI 42.65 0.1656 EVI 43.62 0.2131
57 ZTDPR1 21.72 0.2621 ZTSR4 28.47 0.28900 WUTOR 42.72 0.1629 ZTDP22 43.64 0.2126
58 GTSR2 21.84 0.2541 ZTSR6 28.54 0.2855 CRSR2 42.86 0.1575 CAI 43.64 0.2124
59 BMDVI 21.88 0.2513 ZTSR3 28.61 0.2817 EVI 42.94 0.1542 PSSRB 43.91 0.2027
60 GRRREM 21.93 0.2484 CI 28.66 0.2795 ZTSR6 43.04 0.1503 BMDVI 44.01 0.1990
61 DSR1 21.95 0.2467 CRSRI1 28.84 0.2704 BMDVI 43.23 0.1427 PSNDB 44.14 0.1944
62 BMSR 21.97 0.2453 DSRI1 28.85 0.2700 PRI3 43.39 0.1363 ZTDPR1 44.55 0.1795
63 NDVI2 22.15 0.2328 WUTCARI 29.00 0.2622 PSSRB 43.44 0.1345 ZTSR1 44.55 0.1795
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
64 CRSR2 22.21 0.2290 BMDVI 29.03 0.2605 NDLI 43.45 0.1342 ZTSR6 44.77 0.1714
65 GNDVI 22.22 0.2280 ZTSRI1 29.05 0.2598 PSNDB 43.51 0.1317 PRI3 44.89 0.1668
66 DREIP 22.33 0.2204 CVI 29.05 0.2596 ZTDPR1 43.52 0.1315 PVI 44.97 0.1636
67 EGFN 22.38 0.2169 MMR 29.11 0.2565 DVI 43.66 0.1256 WDVI 44.97 0.1636
68 ZTDPR2 22.41 0.2149 TCI 29.12 0.2561 PVI 43.69 0.1243 DVI 45.01 0.1623
69 BGI2 22.41 0.2147 BD 29.26 0.2491 WDVI 43.69 0.1243 FSUM 45.16 0.1568
70 MCARI1 22.55 0.2052 MOR 29.42 0.2405 FSUM 43.75 0.1223 GEMI 45.16 0.1568
71 MTVI1 22.55 0.2052 GRRREM 29.52 0.2353 GEMI 43.97 0.1132 CAINT 45.19 0.1558
72 BGI1 22.55 0.2051 BGI1 29.72 0.2252 ZTSUM 44.32 0.0993 NDLI 45.78 0.1336
73 DSR2 22.56 0.2044 BRI1 29.74 0.2242 DND 44.46 0.0935 DND 45.92 0.1283
74 GMSR 22.57 0.2038 CARI 29.84 0.2190 CAINT 44.48 0.0927 ZTSUM 46.04 0.1237
75 VARI 22.58 0.2026 MCARI 29.84 0.2189 ZTDPR2 44.87 0.0768 SRPI 46.04 0.1235
76 BDR 22.61 0.2004 DDR2 29.85 0.2185 EVI2 44.92 0.0746 NPCI 46.10 0.1211
77 DDR2 22.63 0.1990 ZTDP22 29.96 0.2123 MND4 44.93 0.0743 EVI2 46.36 0.1112
78 BMLSR 22.64 0.1987 CPSRI1 30.22 0.1986 RDVI 44.98 0.0720 RDVI 46.46 0.1076
79 NPQI 22.70 0.1942 ZTDPR1 30.24 0.1979 GI 44.99 0.0716 RVIOPT 46.63 0.1007
80 TVI 22.75 0.1910 CRSR5 30.33 0.1932 CRI700 45.10 0.0673 ZTDPR2 46.65 0.1000
81 WUMOR 22.78 0.1885 PRI 30.37 0.1907 MND2 45.10 0.0669 MND4 46.68 0.0991
82 PRI 22.83 0.1853 BGI2 30.38 0.1906 RVIOPT 45.11 0.0668 SAVI 46.76 0.0959
83 RGI 23.08 0.1670 ESUM2 30.80 0.1679 TGI 45.13 0.0658 BMSR 46.86 0.0920
84 CRI500 23.16 0.1615 SPVI 31.17 0.1475 DSRI1 45.14 0.0657 TGI 46.90 0.0905
85 GRRGM 23.25 0.1549 ZTDPR2 31.23 0.1446 BMSR 45.17 0.0644 MND2 46.90 0.0903
86 WUTCARI 23.29 0.1521 GI 31.64 0.1220 SAVI 45.22 0.0623 SIPI 47.08 0.0834
87 GTSR1 23.30 0.1510 DSR2 31.68 0.1195 DPI 45.25 0.0609 NDPI 47.11 0.0822
88 CVI 23.41 0.1429 NDNI 31.70 0.1182 SRPI 45.35 0.0566 GI 47.14 0.0811
89 CRSR3 23.46 0.1391 NDVI2 31.71 0.1178 NPCI 45.38 0.0557 DSRI1 47.15 0.0806
90 BRI1 23.47 0.1389 GMSR 31.72 0.1174 GNDVI 45.47 0.0518 PRI2 47.28 0.0755
91 GSUM2 23.50 0.1369 MCARI1 31.86 0.1094 NDPI 45.61 0.0457 CRI700 47.33 0.0738
92 PSRI 23.54 0.1334 MTVI1 31.86 0.1094 PRI 45.66 0.0438 GNDVI 47.34 0.0733
93 SPVI 23.64 0.1259 EVI 31.89 0.1078 NPQI 45.66 0.0438 ESUM2 47.62 0.0623
94 DPI 23.81 0.1136 SRWI 32.08 0.0971 PRI2 45.69 0.0426 MSAVI2 47.69 0.0596
95 PSSRB 23.82 0.1131 NDWI 32.10 0.0960 ESUM2 45.73 0.0409 MSAVI1 47.81 0.0547
96 PSNDB 23.88 0.1081 SAVI 32.10 0.0958 BGI2 45.74 0.0403 BGI2 47.96 0.0487
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
97 ARI 24.07 0.0945 EVI2 32.12 0.0948 EGFN 45.82 0.0369 BMLSR 48.07 0.0445
98 NDLI 24.11 0.0910 RDVI 32.14 0.0936 NDVI2 45.85 0.0359 EGFN 48.08 0.0442
99 PRI2 24.49 0.0626 DREIP 32.17 0.0923 CRI500 45.89 0.0343 NDWI 48.18 0.0401
100 CAI 24.62 0.0519 MSAVI2 32.17 0.0919 MSAVI2 45.92 0.0330 SRWI 48.18 0.0401
101  BRI2 24.73 0.0442 CAI 32.18 0.0918 BMLSR 45.94 0.0322 NDVI2 48.21 0.0389
102 BRSR 24.74 0.0431 RVIOPT 32.20 0.0905 BGI1 45.95 0.0317 PRI 48.33 0.0342
103  SIPI 24.79 0.0391 SIPI 32.22 0.0892 MCARI2 45.96 0.0311 BGI1 48.36 0.0330
104 NDNI 24.82 0.0372 MSAVI1 32.24 0.0883 MTVI2 45.96 0.0311 MSI 48.40 0.0315
105 ESUMI1 24.83 0.0362 GEMI 32.28 0.0860 MSAVI1 46.02 0.0288 NPQI 48.40 0.0315
106 NDPI 24.95 0.0266 TVI 32.28 0.0859 PSNDC 46.07 0.0264 MCARI2 48.42 0.0304
107  PSNDA 24.95 0.0266 VARI 32.35 0.0817 SIPI 46.07 0.0264 MTVI2 48.42 0.0304
108 JSR 24.96 0.0259 TSAVI2 32.41 0.0782 WUTCARI 46.10 0.0254 WUTCARI 48.53 0.0263
109 PSSRA 24.96 0.0259 OSAVI 32.46 0.0754 PD 46.11 0.0250 PSNDC 48.56 0.0251
110 NDVI 25.01 0.0218 NLI 32.50 0.0735 PSSRC 46.15 0.0230 PSSRC 48.57 0.0245
111  TSAVI 25.02 0.0216 RGI 32.64 0.0655 NDWI 46.18 0.0221 ARI 48.60 0.0232
112  WDRVI2 25.02 0.0215 SAVI2 32.75 0.0591 SRWI 46.18 0.0220 DSR2 48.63 0.0221
113 WDRVI 25.02 0.0215 CRI700 32.75 0.0590 BRSR 46.19 0.0215 GMSR 48.64 0.0217
114 MSR 25.02 0.0211 PVI 32.76 0.0582 DSR2 46.20 0.0212 CRI500 48.70 0.0192
115  SAVI2 25.06 0.0177 WDVI 32.76 0.0582 GMSR 46.20 0.0209 TSAVI2 48.72 0.0184
116 NLI 25.07 0.0172 DPI 32.79 0.0568 MSI 46.29 0.0171 VARI 48.81 0.0149
117  WNR 25.09 0.0159 WNR 32.82 0.0553 VARI 46.30 0.0168 OSAVI 48.82 0.0144
118 OSAVI 25.09 0.0158 MCARI2 32.86 0.0530 ESUM1 46.34 0.0151 DREIP 48.84 0.0139
119 TSAVI2 25.10 0.0149 MTVI2 32.86 0.0530 GRRGM 46.44 0.0111 GRRGM 48.84 0.0137
120 CRI700 25.11 0.0142 DVI 32.91 0.0501 ARI 46.45 0.0106 NLI 48.87 0.0126
121  CAINT 25.11 0.0140 TSAVI 32.95 0.0477 GTSRI1 46.48 0.0092 DPI 48.88 0.0120
122 PD 25.13 0.0124 MSI 32.96 0.0471 JSR 46.49 0.0089 ESUM1 48.89 0.0117
123 EVI 25.14 0.0119 PSNDA 32.97 0.0462 CPSR3 46.52 0.0074 GTSR1 48.90 0.0113
124 CPSR3 25.16 0.0106 FSUM 32.98 0.0457 MSR 46.53 0.0071 BRSR 48.93 0.0100
125 LCA 25.17 0.0094 NDVI 32.99 0.0452 WDRVI 46.53 0.0070 PD 48.96 0.0089
126 MSAVI1 25.19 0.0078 WDRVI2 33.02 0.0433 WDRVI2 46.53 0.0070 LCA 48.97 0.0086
127 SRWI 25.20 0.0075 WDRVI 33.03 0.0427 NDVI 46.53 0.0068 CPSR3 49.08 0.0039
128 MSAVI2 25.20 0.0074 MSR 33.08 0.0398 WNR 46.54 0.0067 SAVI2 49.09 0.0037
129 NDWI 25.20 0.0074 PSSRA 33.09 0.0395 DREIP 46.55 0.0063 MCARI1 49.09 0.0037
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
130 WI 25.21 0.0062 WI 33.09 0.0392 PSSRA 46.55 0.0063 MTVI1 49.09 0.0037
131 PSR 25.21 0.0061 PSR 33.10 0.0386 PSNDA 46.55 0.0060 CVI 49.09 0.0036
132 SAVI 25.25 0.0032 NPCI 33.12 0.0378 TSAVI2 46.56 0.0056 WLPD 49.09 0.0034
133 DVI 25.25 0.0031 SRPI 33.18 0.0344 TSAVI 46.57 0.0053 GSUM2 49.11 0.0028
134 RVIOPT 25.25 0.0030 JSR 33.19 0.0338 LCA 46.58 0.0048 PSR 49.11 0.0027
135 RDVI 25.26 0.0022 LCA 33.20 0.0331 CVI 46.60 0.0042 WI 49.11 0.0026
136 PVI 25.26 0.0020 PD 33.23 0.0315 OSAVI 46.61 0.0035 TVI 49.12 0.0023
137  WDVI 25.26 0.0020 PSRI 33.24 0.0304 RGI 46.62 0.0033 JSR 49.14 0.0016
138 PRI3 25.27 0.0019 ZTSUM 33.26 0.0297 GSUM2 46.63 0.0028 NDNI 49.14 0.0016
139 EVI2 25.27 0.0018 CRI500 33.51 0.0150 NLI 46.63 0.0026 RGI 49.15 0.0012
140 MSI 25.27 0.0015 NDPI 33.53 0.0139 MCARI1 46.63 0.0025 MSR 49.16 0.0009
141 FSUM 25.28 0.0010 BRSR 33.53 0.0135 MTVI1 46.63 0.0025 WDRVI 49.16 0.0008
142 GEMI 25.29 0.0003 CPSR3 33.54 0.0131 NDNI 46.65 0.0021 WDRVI2 49.16 0.0008
143 WLPD 25.29 0.0003 ESUM1 33.65 0.0067 TVI 46.66 0.0014 NDVI 49.16 0.0008
144 PSSRC 25.29 0.0001 PSNDC 33.66 0.0062 WI 46.67 0.0011 PSRI 49.17 0.0005
145 ZTSUM 25.29 0.0001 PSSRC 33.69 0.0042 PSR 46.67 0.0011 PSSRA 49.17 0.0003
146 PSNDC 25.29 0.0001 WLPD 33.74 0.0015 WLPD 46.69 0.0001 TSAVI 49.17 0.0003
147 SRPI 25.29 0.0000 NDLI 33.75 0.0008 PSRI 46.69 0.0000 PSNDA 49.17 0.0002
148 NPCI 25.29 0.0000 NPQI 33.76 0.0004 SAVI2 46.69 0.0000  WNR 49.17 0.0002
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Table S.6: Simple linear regression statistics, including root mean squared errors (RMSE, %) and coefficients of determination (r?), for 148 spectral
vegetation indices to estimate mass-basis cotton leaf chlorophyll @ + b (Chl a + b; mg g~1) for data sets collected during field studies at Maricopa,
Arizona, USA. Definitions and formulas for each spectral index are given in Table S.1.

2019-2020 data 2021-2022 data All data, 80% random split All data, 20% random split
Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r2
1 CPSR2 19.05 0.4441 PRI2 14.45 0.30563 CPSR2 18.99 0.3628 CPSR2 18.96 0.4373
2 NDVI3 19.25 0.4320 PSSRB 14.54 0.2970 GTSR2 19.56 0.3238 GTSR2 19.39 0.4118
3 WUMSR 19.27 0.4312 PSNDB 14.61 0.2900 CRSR3 19.67 0.3158 GSUM1 19.59 0.3994
4 CRSR4 19.30 0.4294 CRSR2 14.80 0.2712 GSUM1 19.75 0.31056 WUMSR 19.69 0.3935
5 GTSR2 19.31 0.4286 CAINT 14.85 0.2661 WUMSR 19.83 0.3051 NDVI3 19.78 0.3877
6 GSUM1 19.32 0.4277 PRI3 14.96 0.2554 NDVI3 19.83 0.3048 ZTSR2 19.87 0.3822
7 WUOSAVI 19.37 0.4249 CRSR3 15.27 0.2241 PSSRB 19.90 0.2998 WUOSAVI 19.96 0.3767
8 Z'TSR2 19.39 0.4236 CPSR2 15.28 0.2231 WUOSAVI 19.95 0.2965 CRSR4 20.02 0.3726
9 WLCWMRG 19.47 0.4194 WUTCARI 15.46 0.2048 CRSR2 19.96 0.2958 CRSR3 20.05 0.3707
10 WLREIP2 19.48 0.4186 WUTOR 15.49 0.2020 ZTSR2 20.03 0.2907 VSR 20.09 0.3682
11 VSR 19.56 0.4136 GSUM2 15.51 0.1999 CRSR4 20.04 0.2902 WLCWMRG 20.26 0.3579
12 DCNI 19.58 0.4128 BRIl 15.51 0.1998 PSNDB 20.08 0.2870 DCNI 20.26 0.3578
13 WLREIPG 19.60 0.4110 GTSR2 15.59 0.1917 ZTSR1 20.16 0.2816 SMNDVI 20.26 0.3578
14  MND3 19.62 0.4103 GTSR1 15.70 0.1800 VSR 20.19 0.2795 MSR2 20.35 0.3518
15 DD 19.63 0.4096 GRRGM 15.74 0.1755 WLCWMRG 20.22 0.2771 CRSR2 20.40 0.3489
16 MND1 19.70 0.4053 GSUM1 15.77 0.1722 ZTSR3 20.26 0.2743 WLREIPG 20.47 0.3440
17 DNDR 19.73 0.4037 BMLSR 15.80 0.1692 SMNDVI 20.29 0.2722 CRSRI1 20.48 0.3435
18 CAR 19.79 0.3997 ZTSR1 15.82 0.1672 DCNI 20.29 0.2720 PSSRB 20.49 0.3429
19 SMNDVI 19.81 0.3987 GNDVI 15.84 0.1647 CAR 20.31 0.2707 MTCI 20.51 0.3420
20 MTCI 19.84 0.3967 ARI 15.87 0.1624 MND3 20.36 0.2671 MND3 20.54 0.3397
21 DDN 19.89 0.3936 BMSR 15.88 0.1605 WLREIP2 20.37 0.2662 DNDR 20.55 0.3389
22 MSR2 19.96 0.3895 WUMSR 15.90 0.1593 WLREIPG 20.39 0.2652 WUMCARI 20.57 0.3380
23  MMR 20.13 0.3788 NDVI3 15.96 0.1521 DD 20.40 0.2646 CAR 20.57 0.3380
24 MOR 20.17 0.3763 ZTSR2 16.00 0.1481 ZTSR4 20.42 0.2632 MND1 20.57 0.3377
25 WLREIPE 20.31 0.3679 MSR2 16.05 0.1428 MND1 20.42 0.2627 DD 20.59 0.3368
26 CRSR3 20.37 0.3643 WUOSAVI 16.07 0.1409 DNDR 20.43 0.2623 WLREIP2 20.67 0.3316
27 WUMCARI 20.42 0.3613 DCNI 16.09 0.1387 CI 20.44 0.2614 WUTOR 20.68 0.3304
28 ZTDP22 20.46 0.3584 WUMCARI 16.14 0.1330 MTCI 20.45 0.2604 PSNDB 20.77 0.3250
29 VDR 20.46 0.3584 VSR 16.14 0.1329 MSR2 20.46 0.2600 DDN 20.78 0.3242
30 CARI 20.48 0.3575 CRSR4 16.15 0.1321 WUMCARI 20.46 0.2599 WLREIPE 20.82 0.3213
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
31 MCARI 20.48 0.3575 NDWI 16.15 0.1320 CRSR1 20.52 0.2557 ZTSR3 20.94 0.3136
32 CI 20.49 0.3566 SRWI 16.16 0.1314 WLREIP 20.53 0.2553 VDR 20.96 0.3123
33 ZTDR1 20.57 0.3514 WNR 16.18 0.1291 WUTOR 20.59 0.2510 DDRI1 20.97 0.3115
34 DDR1 20.58 0.3513 BRI2 16.19 0.1273 ZTSR5 20.59 0.2509 WLREIP 20.98 0.3112
35 ZTSR3 20.64 0.3474 SMNDVI 16.20 0.1263 DDN 20.60 0.2501 ZTDR1 20.99 0.3107
36 CRSR2 20.81 0.3363 TOR 16.22 0.1241 WLREIPE 20.67 0.2451 AIVI 21.11 0.3026
37 WLREIP 20.89 0.3311 ZTDP21 16.24 0.1229 VDR 20.77 0.2372 TOR 21.12 0.3017
38 ZTSR4 20.97 0.3262 WLREIP 16.25 0.1218 CAI 20.80 0.2351 CI 21.14 0.3008
39 PSSRB 20.98 0.3258 BDR 16.26 0.1198 ZTDRI1 20.80 0.2350 ZTSR4 21.20 0.2967
40 TCI 21.03 0.3223 PSR 16.28 0.1184 TOR 20.84 0.2324 MMR 21.37 0.2855
41 ESUM2 21.10 0.3176 MTCI 16.28 0.1183 MMR 20.85 0.2313 WUMOR 21.38 0.2847
42 PSNDB 21.17 0.3130 WI 16.28 0.1180 DDRI1 20.91 0.2269 TCARI 21.41 0.2828
43 ZTDPR1 21.18 0.3128 WLCWMRG 16.30 0.1156 MOR 20.94 0.2250 ZTSR5 21.45 0.2802
44 TOR 21.27 0.3067 ZTSR6 16.31 0.1148 AIVI 21.00 0.2203 ZTSR1 21.54 0.2738
45 WUTOR 21.27 0.3066 EGFN 16.32 0.1139 WUMOR 21.02 0.2191 MOR 21.54 0.2737
46 ZTSR1 21.30 0.3050 SIPI 16.33 0.1128 TCARI 21.03 0.2184 TCI 21.61 0.2695
47 ZTSR5 21.31 0.3042 WUMOR 16.34 0.1112 TCI 21.10 0.2134 CAI 21.78 0.2579
48 TCARI 21.38 0.2993 CRSR1 16.36 0.1096 CARI 21.14 0.2097 CARI 21.81 0.2558
49 BD 21.43 0.2962 TGI 16.37 0.1087 MCARI 21.14 0.2097 MCARI 21.81 0.2558
50 CRSR1 21.73 0.2765 AIVI 16.38 0.1074 ZTSR6 21.17 0.2079 BD 21.91 0.2487
51 AIVI 21.85 0.2682 CAR 16.38 0.1073 CAINT 21.18 0.2068 ZTDP21 21.92 0.2480
52 DREIP 21.93 0.2632 TSAVI 16.41 0.1034 ZTDP21 21.32 0.1967 CAINT 21.95 0.2461
53 ZTDPR2 21.97 0.2602 BGI1 16.42 0.1034 ZTDP22 21.38 0.1919 BRI1 22.00 0.2428
54 CRSR5 21.98 0.2594 NDVI 16.42 0.1032 BD 21.43 0.1879 BRI2 22.04 0.2397
55 WUMOR 22.06 0.2541 WDRVI2 16.42 0.1027 BDR 21.58 0.1766 DDR2 22.16 0.2313
56 ZTDP21 22.15 0.2480 WLREIPE 16.42 0.1025 CRSR5 21.63 0.1733 ZTDP22 22.19 0.2293
57 DDR2 22.18 0.2459 WDRVI 16.42 0.1024 ZTDPR1 21.65 0.1713 ZTSR6 22.28 0.2235
58 ZTSR6 22.24 0.2423 MND3 16.43 0.1017 DDR2 21.67 0.1697 CRSR5 22.29 0.2223
59 CAI 22.39 0.2315 TCARI 16.44 0.1012 GRRREM 21.84 0.1568 ZTDPR1 22.31 0.2208
60 DND 22.74 0.2074 WLREIPG 16.44 0.1007 BRI1 21.86 0.1553 BDR 22.42 0.2134
61 BMSR 22.79 0.2040 ZTDR1 16.44 0.1006 CPSR1 21.92 0.1506 BMSR 22.62 0.1995
62 TGI 22.92 0.1948 MSR 16.44 0.10056 BMSR 21.94 0.1490 DND 22.66 0.1966
63 CAINT 22.92 0.1946 DD 16.45 0.1001 DND 21.97 0.1464 CPSR1 22.73 0.1915
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
64 MND4 22.97 0.1912 VDR 16.45 0.1000 ESUM2 21.99 0.1449 BMDVI 22.78 0.1876
65 CPSR1 22.99 0.1900 DNDR 16.45 0.1000 MND4 22.10 0.1367 ESUM2 22.84 0.1839
66 GNDVI 23.00 0.1890 SAVI2 16.45 0.0995 GNDVI 22.12 0.1351 TGI 22.84 0.1838
67 MND2 23.07 0.1847 DDR2 16.45 0.0994 TGI 22.13 0.1345 MND4 22.87 0.1818
68 BDR 23.11 0.1818 PSNDA 16.45 0.0991 BMDVI 22.14 0.1332 GNDVI 22.89 0.1798
69 MCARI1 23.22 0.1739 MND1 16.46 0.0989 MND2 22.22 0.1276 MND2 23.00 0.1721
70 MTVI1 23.22 0.1739 CAI 16.48 0.0962 ZTDPR2 22.22 0.1275 DSR1 23.19 0.1584
71 DSR1 23.23 0.1729 MND4 16.48 0.0960 BRI2 22.23 0.1268 ZTDPR2 23.21 0.1566
72 TVI 23.31 0.1675 OSAVI 16.49 0.0955 DSRI1 22.24 0.1254 GRRREM 23.30 0.1501
73 BMLSR 23.34 0.1654 PSSRA 16.49 0.0952 BMLSR 22.43 0.1109 BMLSR 23.37 0.1449
74 PSRI 23.48 0.1551 NLI 16.49 0.0951 WUTCARI 22.50 0.1049 WUTCARI 23.64 0.1254
75 BMDVI 23.51 0.1530 WLREIP2 16.49 0.0951 GI 22.64 0.0940 GI 23.77 0.1159
76 GI 23.54 0.1507 DDN 16.50 0.0938 DREIP 22.77 0.0837 DREIP 23.80 0.1132
s WUTCARI 23.64 0.1436 TSAVI2 16.51 0.0935 EGFN 22.80 0.0815 SPVI 23.91 0.1052
78 MCARI2 23.71 0.1386 ZTSR5 16.51 0.0926 GRRGM 22.86 0.0763 EGFN 23.94 0.1034
79 MTVI2 23.71 0.1386 JSR 16.52 0.0924 SPVI 22.87 0.0756 BGI2 23.97 0.1007
80 CPSR3 23.77 0.1344 PD 16.52 0.0915 PRI 22.87 0.0753 NDPI 24.01 0.0976
81 GRRGM 23.81 0.1314 DDRI1 16.53 0.0906 BGI2 22.87 0.0752 MCARI1 24.06 0.0942
82 GTSR1 23.84 0.1294 BD 16.54 0.0900 BGI1 22.89 0.0739 MTVI1 24.06 0.0942
83 GRRREM 23.91 0.1241 ZTSR4 16.55 0.0884 GTSR1 22.90 0.0733 GRRGM 24.06 0.0939
84 NDVI2 23.95 0.1213 DND 16.58 0.0858 MCARI1 22.91 0.0724 BGI1 24.07 0.0936
85 EGFN 23.96 0.1203 PRI 16.60 0.0830 MTVI1 22.91 0.0724 GTSR1 24.12 0.0898
86 BGI2 24.05 0.1139 NPCI 16.60 0.0830 NDVI2 22.93 0.0704 NDVI2 24.16 0.0867
87 GSUM2 24.06 0.1132 MND2 16.60 0.0829 TVI 23.00 0.0653 TVI 24.17 0.0858
88 VARI 24.08 0.1114 SRPI 16.61 0.0822 MCARI2 23.02 0.0636 SRPI 24.24 0.0807
89 DSR2 24.09 0.1110 ZTSR3 16.61 0.0819 MTVI2 23.02 0.0636 NPCI 24.25 0.0793
90 GMSR 24.11 0.1095 DSRI1 16.61 0.0818 PRI3 23.03 0.0628 MCARI2 24.28 0.0775
91 BGI1 24.14 0.1068 NDPI 16.62 0.0806 DSR2 23.06 0.0603 MTVI2 24.28 0.0775
92 PSSRC 24.17 0.1051 MSI 16.64 0.0784 GMSR 23.07 0.0591 DSR2 24.34 0.0725
93 CVI 24.22 0.1009 NDNI 16.65 0.0777 VARI 23.11 0.0561 GMSR 24.37 0.0709
94 PSNDC 24.29 0.0961 MSAVI1 16.65 0.0774 GSUM2 23.11 0.0557 NDWI 24.41 0.0673
95 PRI 24.30 0.0955 CI 16.67 0.0755 CPSR3 23.13 0.0539 SRWI 24.42 0.0671
96 BRI1 24.36 0.0904 MSAVI2 16.68 0.0742 NDPI 23.18 0.0499 CPSR3 24.43 0.0657
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Table S.6 — Continued from previous page

2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
97 ESUM1 24.42 0.0862 CVI 16.68 0.0740 CVI 23.20 0.0489 GSUM2 24.43 0.0656
98 RGI 24.45 0.0839 BRSR 16.73 0.0688 NDWI 23.20 0.0485 PRI3 24.45 0.0644
99 CRI700 24.59 0.0731 TCI 16.73 0.0686 SRWI 23.20 0.0482 VARI 24.45 0.0643
100 BRI2 24.77 0.0599 MCARI1 16.75 0.0669 PSRI 23.21 0.0476 PRI 24.46 0.0638
101 ARI 24.78 0.0593 MTVI1 16.75 0.0669 MSI 23.23 0.0458 MSI 24.47 0.0633
102 SPVI 24.85 0.0537 GRRREM 16.75 0.0664 RVIOPT 23.37 0.0348 PSRI 24.55 0.0567
103 NDNI 24.89 0.0509 MMR 16.76 0.0652 MSAVI2 23.37 0.0343 CVI 24.57 0.0550
104 EVI 24.91 0.0491 ESUM2 16.77 0.0638 MSAVI1 23.37 0.0342 MSAVI1 24.72 0.0439
105 MSI 25.07 0.0370 MOR 16.79 0.0615 NPQI 23.38 0.0339 RVIOPT 24.72 0.0435
106 SRWI 25.12 0.0330 ZTDP22 16.83 0.0580 RGI 23.38 0.0335 MSAVI2 24.73 0.0429
107 NDWI 25.12 0.0328 CPSR3 16.83 0.0578 SAVI 23.39 0.0330 SAVI 24.75 0.0411
108 WNR 25.18 0.0284 LCA 16.83 0.0575 RDVI 23.39 0.0327 RDVI 24.76 0.0408
109 MSR 25.19 0.0279 TVI 16.83 0.0573 EVI2 23.41 0.0317 NPQI 24.76 0.0404
110 NPQI 25.20 0.0271 BMDVI 16.85 0.0557 NLI 23.41 0.0311 EVI2 24.77 0.0399
111 WDRVI 25.20 0.0265 SAVI 16.85 0.0550 PSSRC 23.42 0.0305 PSR 24.77 0.0397
112  WDRVI2 25.21 0.0261 ZTDPR1 16.86 0.0542 TSAVI2 23.42 0.0301 WI 24.77 0.0395
113 TSAVI 25.23 0.0246 CARI 16.88 0.0523 OSAVI 23.44 0.0290 NLI 24.78 0.0387
114 NDVI 25.23 0.0246 MCARI 16.88 0.0523 SAVI2 23.48 0.0256 TSAVI2 24.80 0.0374
115  SAVI2 25.24 0.0237 RVIOPT 16.90 0.0493 PSNDC 23.49 0.0245 OSAVI 24.82 0.0363
116 NLI 25.25 0.0227 EVI2 16.92 0.0469 GEMI 23.54 0.0206 SIPI 24.83 0.0349
117 NDPI 25.26 0.0221 RDVI 16.92 0.0469 SRPI 23.54 0.0201 SAVI2 24.84 0.0347
118 JSR 25.27 0.0217 BGI2 16.94 0.0455 WNR 23.55 0.0197 RGI 24.84 0.0341
119 PSSRA 25.28 0.0205 PSNDC 16.96 0.0426 NPCI 23.55 0.0193 ESUM1 24.89 0.0303
120 WI 25.29 0.0201 PSSRC 16.98 0.0406 MSR 23.56 0.0186 WNR 24.90 0.0297
121 PSR 25.29 0.0201 ZTDPR2 17.01 0.0367 TSAVI 23.57 0.0182 PSSRC 24.94 0.0268
122 OSAVI 25.30 0.0190 CRSR5 17.05 0.0325 WDRVI 23.57 0.0180 MSR 24.94 0.0266
123 TSAVI2 25.31 0.0181 CPSR1 17.06 0.0316 WDRVI2 23.57 0.0178 GEMI 24.94 0.0264
124 PSNDA 25.32 0.0178 PSRI 17.07 0.0307 ESUM1 23.57 0.0176 WDRVI 24.96 0.0252
125 PRI2 25.37 0.0139 DREIP 17.08 0.0290 NDVI 23.58 0.0171 PSSRA 24.96 0.0251
126  SIPI 25.38 0.0126 ESUMI1 17.09 0.0286 PSSRA 23.60 0.0152 WDRVI2 24.96 0.0247
127 MSAVI1 25.40 0.0116 NPQI 17.09 0.0277 PVI 23.60 0.0151 TSAVI 24.97 0.0244
128 BRSR 25.41 0.0109 NDLI 17.10 0.0273 WDVI 23.60 0.0151 NDVI 24.98 0.0231
129 MSAVI2 25.41 0.0107 EVI 17.12 0.0242 PSR 23.61 0.0148 JSR 25.00 0.0223
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r2 Index %RMSE r? Index %RMSE r?
130 LCA 25.43 0.0090 GEMI 17.17 0.0189 WI 23.61 0.0146 PSNDC 25.01 0.0214
131  ZTSUM 25.45 0.0073 SPVI 17.19 0.0172 JSR 23.61 0.0143 PSNDA 25.01 0.0213
132 WLPD 25.47 0.0062 DSR2 17.23 0.0122 PSNDA 23.62 0.0139 PVI 25.04 0.0188
133  RVIOPT 25.47 0.0062 GI 17.23 0.0120 NDNI 23.63 0.0128 WDVI 25.04 0.0188
134  CRI500 25.47 0.0060 GMSR 17.24 0.0115 DVI 23.63 0.0126 DVI 25.08 0.0153
135 SAVI 25.48 0.0052 NDVI2 17.24 0.0108 NDLI 23.65 0.0109 NDNI 25.12 0.0127
136 RDVI 25.49 0.0044 DPI 17.28 0.0068 FSUM 23.66 0.0102 FSUM 25.12 0.0125
137 EVI2 25.50 0.0035 CRI500 17.30 0.0043 ARI 23.68 0.0088 PRI2 25.14 0.0113
138 FSUM 25.50 0.0032 VARI 17.31 0.0031 PRI2 23.72 0.0055 EVI 25.14 0.0110
139 DPI 25.51 0.0029 MCARI2 17.31 0.0030 ZTSUM 23.72 0.0054 BRSR 25.16 0.0092
140 PRI3 25.52 0.0022 MTVI2 17.31 0.0030 BRSR 23.72 0.0053 NDLI 25.19 0.0070
141 DVI 25.53 0.0015 RGI 17.31 0.0027 CRI700 23.73 0.0044 ZTSUM 25.21 0.0057
142 PVI 25.54 0.0007 PVI 17.31 0.0027 EVI 23.73 0.0043 ARI 25.21 0.0053
143 WDVI 25.54 0.0007 WDVI 17.31 0.0027 CRI500 23.74 0.0038 CRI700 25.21 0.0053
144 NDLI 25.54 0.0003 DVI 17.33 0.0006 SIPI 23.74 0.0036 PD 25.25 0.0026
145 PD 25.54 0.0003 WLPD 17.33 0.0003 DPI 23.76 0.0019 LCA 25.25 0.0023
146 GEMI 25.54 0.0001 CRI700 17.33 0.0003 WLPD 23.77 0.0014 WLPD 25.26 0.0012
147 SRPI 25.54 0.0000 FSUM 17.33 0.0002 LCA 23.78 0.0006 DPI 25.27 0.0010
148 NPCI 25.54 0.0000 ZTSUM 17.34 0.0000 PD 23.78 0.0000 CRI500 25.28 0.0002
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Table S.7: Simple linear regression statistics, including root mean squared errors (RMSE, %) and coefficients of determination (r?), for 148 spectral
vegetation indices to estimate mass-basis cotton leaf chlorophyll a (Chl a; mg g~!) for data sets collected during field studies at Maricopa, Arizona,
USA. Definitions and formulas for each spectral index are given in Table S.1.

2019-2020 data 2021-2022 data All data, 80% random split All data, 20% random split
Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r2
1 CPSR2 19.96 0.4084 PSSRB 14.34 0.2358 CPSR2 19.15 0.3039 CPSR2 19.76 0.3638
2 NDVI3 20.01 0.4056 PSNDB 14.45 0.2245 PSSRB 19.51 0.2780 GTSR2 20.27 0.3306
3 WUMSR 20.03 0.4046 CAINT 14.53 0.2152 CRSR3 19.52 0.2771 GSUM1 20.43 0.3203
4 GTSR2 20.03 0.4043 CRSR2 14.57 0.2112 CRSR2 19.64 0.2679 WUMSR 20.47 0.3176
5 GSUM1 20.07 0.4022 PRI2 14.71 0.1955 PSNDB 19.67 0.2656 NDVI3 20.47 0.3172
6 CRSR4 20.07 0.4020 WUTCARI 14.76 0.1900 GTSR2 19.71 0.2630 CRSR3 20.48 0.3167
7 WUOSAVI 20.12 0.3991 CRSR3 14.82 0.1833 NDVI3 19.87 0.2506 CRSR4 20.62 0.3074
8 Z'TSR2 20.16 0.3969 CPSR2 14.85 0.1800 GSUM1 19.87 0.2504 ZTSR2 20.62 0.3070
9 WLCWMRG 20.24 0.3918 GSUM2 14.89 0.1759 WUMSR 19.92 0.2471 CRSR2 20.64 0.3059
10 VSR 20.30 0.3880 WUTOR 14.89 0.1757 WUOSAVI 20.01 0.2400 WUOSAVI 20.68 0.3034
11 WLREIP2 20.38 0.3834 BRIl 14.97 0.1674 CRSR4 20.01 0.2399 PSSRB 20.69 0.3023
12 DD 20.43 0.3806 PRI3 14.98 0.1666 ZTSR1 20.08 0.2348 VSR 20.73 0.2998
13 MND3 20.43 0.3801 GTSR2 15.02 0.1620 ZTSR2 20.10 0.2334 WUTOR 20.81 0.2944
14  DCNI 20.45 0.3789 GTSR1 15.03 0.1600 CAR 20.16 0.2288 CAR 20.90 0.2885
15  WLREIPG 20.47 0.3780 GRRGM 15.06 0.1566 VSR 20.18 0.2272 PSNDB 20.93 0.2865
16 MND1 20.53 0.3745 BMLSR 15.14 0.1485 WUTOR 20.20 0.2257 SMNDVI 21.00 0.2816
17 DNDR 20.57 0.3718 GSUM1 15.15 0.1467 ZTSR3 20.32 0.2166 WLCWMRG 21.05 0.2781
18 SMNDVI 20.59 0.3704 GNDVI 15.18 0.1434 MND3 20.35 0.2139 WLREIPG 21.09 0.2753
19 MTCI 20.65 0.3670 BMSR 15.22 0.1391 WLREIP2 20.37 0.2130 DNDR 21.10 0.2750
20 DDN 20.67 0.3655 WUMSR 15.24 0.1364 WLCWMRG 20.37 0.2130 MND3 21.11 0.2741
21 MSR2 20.74 0.3614 ZTSR2 15.30 0.1301 SMNDVI 20.37 0.2124 MND1 21.12 0.2734
22 CAR 20.85 0.3547 NDVI3 15.31 0.1292 DNDR 20.39 0.2112 DCNI 21.16 0.2706
23 CRSR3 20.91 0.3507 MSR2 15.34 0.1255 MND1 20.39 0.2110 WLREIP2 21.17 0.2697
24  WUMCARI 20.98 0.3469 WUOSAVI 15.39 0.1194 ZTSR4 20.39 0.2109 DD 21.18 0.2695
25 MMR 21.03 0.3434 VSR 15.40 0.1188 DD 20.40 0.2100 MSR2 21.23 0.2660
26 WLREIPE 21.04 0.3427 ARI 15.41 0.1177 WLREIPG 20.41 0.2097 MTCI 21.25 0.2645
27 ZTDP22 21.13 0.3375 SIPI 15.43 0.1156 CI 20.42 0.2085 TOR 21.26 0.2635
28 MOR 21.16 0.3355 DCNI 15.43 0.1151 TOR 20.49 0.2036 DDN 21.32 0.2594
29 VDR 21.17 0.3349 WUMCARI 15.43 0.1147 ZTSR5 20.50 0.2024 CRSRI1 21.33 0.2589
30 ZTDR1 21.26 0.3289 CRSR4 15.44 0.1143 DCNI 20.53 0.2006 WLREIPE 21.34 0.2582
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Table S.7 — Continued from previous page

2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
31 CI 21.29 0.3271 BRI2 15.44 0.1137 DDN 20.56 0.1982 VDR 21.39 0.2545
32 MCARI 21.45 0.3173 SMNDVI 15.49 0.1079 MTCI 20.56 0.1982 ZTDR1 21.40 0.2541
33 CARI 21.45 0.3173 DDR2 15.50 0.1068 CAINT 20.57 0.1967 WUMCARI 21.41 0.2532
34 DDR1 21.52 0.3125 ZTDP21 15.51 0.1065 WUMCARI 20.60 0.1948 AIVI 21.48 0.2483
35 PSSRB 21.61 0.3068 TOR 15.53 0.1041 WLREIPE 20.60 0.1944 TCARI 21.49 0.2480
36 ZTSR3 21.64 0.3048 WLREIP 15.53 0.1041 MSR2 20.63 0.1928 ZTSR3 21.51 0.2464
37 WLREIP 21.66 0.3034 BDR 15.53 0.1037 WLREIP 20.63 0.1926 CI 21.61 0.2394
38 CRSR2 21.70 0.3008 EGFN 15.53 0.1037 VDR 20.64 0.1914 MMR 21.63 0.2380
39 ZTDPR1 21.72 0.2996 MTCI 15.54 0.1028 TCARI 20.65 0.1911 ZTSR4 21.66 0.2360
40 PSNDB 21.77 0.2962 WNR 15.57 0.0988 MOR 20.66 0.1904 DDR1 21.67 0.2351
41 ESUM2 21.86 0.2906 TGI 15.58 0.0974 MMR 20.66 0.1900 TCI 21.67 0.2349
42 ZTSR4 21.96 0.2844 WLCWMRG 15.59 0.0968 ZTDR1 20.66 0.1900 MOR 21.68 0.2346
43 TCI 22.07 0.2767 CRSR1 15.60 0.0957 CRSR1 20.71 0.1860 WLREIP 21.70 0.2330
44 BD 22.15 0.2719 AIVI 15.60 0.0956 TCI 20.73 0.1847 BD 21.78 0.2273
45 ZTSR1 22.19 0.2687 WUMOR 15.60 0.0955 AIVI 20.79 0.1799 ZTSR1 21.82 0.2246
46 WUTOR 22.24 0.2660 ZTDR1 15.60 0.0951 ZTDP22 20.81 0.1786 ZTSRb5 21.83 0.2235
47 TOR 22.28 0.2631 ZTSR1 15.61 0.0939 CARI 20.82 0.1775 CARI 21.88 0.2199
48 ZTSR5 22.29 0.2627 BGI1 15.63 0.0926 MCARI 20.82 0.1775 MCARI 21.88 0.2199
49 TCARI 22.40 0.2551 VDR 15.63 0.0918 ZTSR6 20.87 0.1736 CAINT 21.88 0.2198
50 ZTDPR2 22.45 0.2521 WLREIPE 15.64 0.0911 ZTDPR1 20.92 0.1693 ZTDP22 21.97 0.2134
51 WUMOR 22.46 0.2514 CAR 15.64 0.0908 BD 20.95 0.1672 ZTDPR1 21.98 0.2131
52 DREIP 22.59 0.2428 BD 15.67 0.0878 DDRI1 20.98 0.1651 WUMOR 22.10 0.2043
53 CRSR1 22.64 0.2390 WLREIPG 15.67 0.0872 ESUM2 21.06 0.1580 ESUM2 22.18 0.1988
54 DDR2 22.66 0.2380 DNDR 15.68 0.0868 WUMOR 21.07 0.1575 DDR2 22.37 0.1850
55 CRSR5 22.75 0.2315 DD 15.68 0.0864 CAI 21.11 0.1546 BMSR 22.37 0.1845
56 ZTDP21 22.86 0.2242 TCARI 15.68 0.0864 BMSR 21.28 0.1411 ZTSR6 22.39 0.1831
57 AIVI 22.86 0.2240 MND3 15.68 0.0863 ZTDPR2 21.32 0.1372 DND 22.46 0.1779
58 CAI 23.13 0.2058 MND1 15.69 0.0854 DND 21.36 0.1339 BRI1 22.53 0.1731
59 ZTSR6 23.16 0.2036 TSAVI 15.69 0.0847 CRSR5 21.39 0.1316 CRSR5 22.54 0.1725
60 CAINT 23.22 0.1996 PSNDA 15.69 0.0847 DDR2 21.41 0.1303 CAI 22.55 0.1712
61 DND 23.65 0.1695 NDVI 15.69 0.0846 GNDVI 21.42 0.1292 TGI 22.57 0.1703
62 BMSR 23.67 0.1680 NPCI 15.70 0.0837 ZTDP21 21.44 0.1281 GNDVI 22.60 0.1680
63 CPSR1 23.71 0.1658 SRPI 15.70 0.0834 TGI 21.47 0.1254 BRI2 22.62 0.1662
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
64 BDR 23.73 0.1642 WDRVI2 15.70 0.0834 MND4 21.47 0.1250 ZTDPR2 22.63 0.1658
65 TGI 23.82 0.1574 WDRVI 15.71 0.0829 MND2 21.56 0.1177 ZTDP21 22.63 0.1657
66 GNDVI 23.86 0.1546 DDN 15.71 0.0829 DSRI1 21.62 0.1130 MND4 22.65 0.1642
67 MND4 23.87 0.1545 MND4 15.71 0.0826 BDR 21.66 0.1097 MND2 22.75 0.1566
68 MND2 23.95 0.1487 DDRI1 15.71 0.0824 BMDVI 21.67 0.1090 BMDVI 22.86 0.1488
69 MCARI1 24.06 0.1405 WLREIP2 15.72 0.0811 BMLSR 21.67 0.1085 DSR1 22.93 0.1438
70 MTVI1 24.06 0.1405 MSR 15.73 0.0807 DREIP 21.68 0.1080 DREIP 22.95 0.1423
71 DSR1 24.11 0.1374 SAVI2 15.73 0.0801 GRRREM 21.70 0.1065 BMLSR 22.99 0.1387
72 TVI 24.13 0.1356 DND 15.73 0.0799 WUTCARI 21.75 0.1024 BDR 23.03 0.1356
73 BMLSR 24.16 0.1336 PSSRA 15.74 0.0790 BRI1 21.75 0.1020 CPSR1 23.05 0.1342
74 PSRI 24.17 0.1326 OSAVI 15.75 0.0782 CPSR1 21.77 0.1004 WUTCARI 23.19 0.1237
75 CPSR3 24.26 0.1264 NLI 15.76 0.0773 GI 21.99 0.0825 MCARI1 23.41 0.1076
76 BMDVI 24.29 0.1241 TSAVI2 15.76 0.0765 MCARI1 22.00 0.0812 MTVI1 23.41 0.1076
s GI 24.38 0.1174 JSR 15.78 0.0752 MTVI1 22.00 0.0812 GI 23.47 0.1028
78 WUTCARI 24.42 0.1145 NDPI 15.78 0.0741 BRI2 22.01 0.0805 TVI 23.50 0.1005
79 GRRREM 24.52 0.1076 MND2 15.79 0.0732 GRRGM 22.04 0.0779 GRRREM 23.57 0.0952
80 MCARI2 24.54 0.1058 DSR1 15.80 0.0725 GTSR1 22.07 0.0756 GRRGM 23.58 0.0943
81 MTVI2 24.54 0.1058 ZTSR6 15.82 0.0704 EGFN 22.08 0.0750 EGFN 23.58 0.0941
82 GRRGM 24.57 0.1041 CVI 15.84 0.0673 TVI 22.09 0.0744 GTSR1 23.62 0.0910
83 PSSRC 24.57 0.1040 PSR 15.87 0.0636 CPSR3 22.14 0.0699 BGI2 23.64 0.0897
84 GTSR1 24.59 0.1024 WI 15.88 0.0632 BGI2 22.18 0.0661 BGI1 23.72 0.0836
85 PSNDC 24.67 0.0967 MSAVI1 15.88 0.0623 BGI1 22.20 0.0648 NDVI2 23.77 0.0791
86 NDVI2 24.73 0.0918 ESUM2 15.89 0.0621 NDVI2 22.21 0.0639 CPSR3 23.78 0.0787
87 EGFN 24.75 0.0907 ZTSR5 15.89 0.0621 PRI 22.22 0.0632 MCARI2 23.82 0.0759
88 GSUM2 24.78 0.0882 TCI 15.89 0.0612 GSUM2 22.26 0.0596 MTVI2 23.82 0.0759
89 BGI2 24.83 0.0848 MCARI1 15.90 0.0605 MCARI2 22.26 0.0595 GSUM2 23.90 0.0691
90 VARI 24.84 0.0840 MTVI1 15.90 0.0605 MTVI2 22.26 0.0595 NDPI 23.90 0.0691
91 DSR2 24.85 0.0833 ZTSR4 15.90 0.0600 DSR2 22.30 0.0564 DSR2 23.92 0.0679
92 GMSR 24.87 0.0820 MSAVI2 15.90 0.0600 GMSR 22.31 0.0553 GMSR 23.94 0.0665
93 BGI1 24.92 0.0782 ZTDP22 15.92 0.0586 VARI 22.33 0.0534 SPVI 23.97 0.0643
94 CVI 24.94 0.0766 ZTDPR1 15.92 0.0581 PSRI 22.34 0.0534 PSRI 23.99 0.0625
95 ESUM1 24.94 0.0763 MMR 15.92 0.0579 CVI 22.37 0.0504 VARI 24.00 0.0618
96 BRI1 25.00 0.0720 ZTSR3 15.93 0.0566 SPVI 22.37 0.0502 CVI 24.06 0.0566
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
97 PRI 25.01 0.0712 GRRREM 15.94 0.0563 PSSRC 22.42 0.0465 PRI 24.10 0.0538
98 CRI700 25.13 0.0622 CI 15.94 0.0562 PSNDC 22.49 0.0402 SRPI 24.14 0.0506
99 RGI 25.15 0.0607 PRI 15.94 0.0561 PRI3 22.52 0.0377 NPCI 24.15 0.0499
100 BRI2 25.18 0.0585 MOR 15.94 0.0560 RGI 22.56 0.0345 ESUM1 24.18 0.0473
101  NDNI 25.24 0.0544 BRSR 15.95 0.0545 NLI 22.56 0.0338 PSSRC 24.28 0.0399
102 SPVI 25.38 0.0439 TVI 15.96 0.0530 NDPI 22.59 0.0319 NDWI 24.28 0.0398
103 ARI 25.41 0.0419 NDWI 15.99 0.0496 TSAVI2 22.60 0.0312 SRWI 24.28 0.0398
104 EVI 25.41 0.0417 SRWI 16.00 0.0491 OSAVI 22.60 0.0310 PRI3 24.30 0.0379
105 MSR 25.54 0.0320 CARI 16.00 0.0488 SAVI2 22.61 0.0302 RGI 24.33 0.0357
106 WNR 25.55 0.0312 MCARI 16.00 0.0488 MSAVI1 22.62 0.0290 NLI 24.34 0.0350
107  WDRVI 25.56 0.0306 BMDVI 16.00 0.0487 MSAVI2 22.63 0.0286 MSI 24.35 0.0343
108 WDRVI2 25.56 0.0302 ZTDPR2 16.02 0.0457 NDWI 22.64 0.0277 SAVI2 24.35 0.0343
109 MSI 25.57 0.0296 SAVI 16.03 0.0449 SRWI 22.64 0.0276 PSNDC 24.36 0.0334
110 TSAVI 25.58 0.0286 BGI2 16.05 0.0429 ESUMI1 22.64 0.0271 WNR 24.36 0.0333
111 NDVI 25.58 0.0285 RVIOPT 16.07 0.0408 WNR 22.65 0.0268 OSAVI 24.37 0.0321
112  SAVI2 25.59 0.0278 CPSR3 16.07 0.0402 MSR 22.65 0.0267 TSAVI2 24.38 0.0321
113 NLI 25.60 0.0273 PSRI 16.08 0.0396 WDRVI 22.65 0.0261 MSR 24.38 0.0319
114 SRWI 25.61 0.0266 RDVI 16.09 0.0383 TSAVI 22.66 0.0260 MSAVI1 24.39 0.0308
115 NDWI 25.61 0.0263 EVI2 16.09 0.0382 WDRVI2 22.66 0.0259 PSR 24.39 0.0305
116 JSR 25.62 0.0255 DREIP 16.11 0.0359 NDVI 22.67 0.0251 WDRVI 24.40 0.0304
117 PSSRA 25.64 0.0242 PD 16.12 0.0341 RVIOPT 22.67 0.0250 WI 24.40 0.0304
118 OSAVI 25.66 0.0230 CRSR5 16.16 0.0294 SAVI 22.68 0.0236 WDRVI2 24.40 0.0299
119 TSAVI2 25.67 0.0220 PSNDC 16.17 0.0287 MSI 22.69 0.0228 PSSRA 24.41 0.0295
120 PSNDA 25.68 0.0213 CAI 16.18 0.0272 RDVI 22.70 0.0224 MSAVI2 24.41 0.0294
121 NDPI 25.74 0.0162 PSSRC 16.19 0.0259 NDNI 22.70 0.0224 TSAVI 24.42 0.0289
122 WI 25.76 0.0149 CPSR1 16.19 0.0255 PSSRA 22.70 0.0221 NDVI 24.42 0.0282
123 PSR 25.76 0.0149 EVI 16.20 0.0243 JSR 22.71 0.0216 JSR 24.43 0.0275
124 MSAVI1 25.77 0.0145 ESUM1 16.23 0.0209 EVI2 22.71 0.0211 PSNDA 24.46 0.0257
125 BRSR 25.77 0.0144 NPQI 16.26 0.0173 PSNDA 22.71 0.0210 RVIOPT 24.46 0.0254
126 MSAVI2 25.78 0.0135 NDNI 16.26 0.0170 NPQI 22.76 0.0166 SAVI 24.48 0.0238
127  NPQI 25.79 0.0129 MSI 16.27 0.0159 ARI 22.80 0.0135 RDVI 24.50 0.0225
128 LCA 25.81 0.0113 GEMI 16.28 0.0151 CRI700 22.80 0.0132 NPQI 24.50 0.0221
129  SIPI 25.82 0.0101 SPVI 16.28 0.0149 PSR 22.82 0.0116 EVI2 24.51 0.0214
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
130 RVIOPT 25.84 0.0085 DPI 16.29 0.0135 WI 22.82 0.0115 SIPI 24.52 0.0207
131  SAVI 25.86 0.0072 LCA 16.29 0.0133 BRSR 22.83 0.0110 NDNI 24.54 0.0189
132 PRI2 25.87 0.0067 GI 16.30 0.0127 GEMI 22.85 0.0092 CRI700 24.60 0.0143
133  WLPD 25.87 0.0067 DSR2 16.31 0.0114 SRPI 22.86 0.0086 BRSR 24.60 0.0138
134 RDVI 25.87 0.0062 GMSR 16.31 0.0110 NPCI 22.86 0.0082 ARI 24.65 0.0099
135 DPI 25.88 0.0058 NDVI2 16.31 0.0108 PVI 22.90 0.0051 GEMI 24.67 0.0088
136 ZTSUM 25.88 0.0057 NDLI 16.35 0.0066 WDVI 22.90 0.0051 PVI 24.72 0.0043
137 EVI2 25.89 0.0060 MCARI2 16.37 0.0037 NDLI 2291 0.0037 WDVI 24.72 0.0043
138 PRI3 25.90 0.0043 MTVI2 16.37 0.0037 DVI 22.92 0.0035 PRI2 24.73 0.0040
139 FSUM 25.92 0.0025 RGI 16.38 0.0034 WLPD 22.92 0.0032 DVI 24.74 0.0026
140 CRI500 25.94 0.0012 VARI 16.38 0.0028 FSUM 22.93 0.0022 PD 24.75 0.0018
141 DVI 25.94 0.0011 CRI500 16.39 0.0022 PRI2 22.94 0.0014 FSUM 24.76 0.0016
142 PVI 25.95 0.0004 PVI 16.39 0.0022 SIPI 22.94 0.0010 NDLI 24.76 0.0012
143 WDVI 25.95 0.0004 WDVI 16.39 0.0022 LCA 22.95 0.0010 EVI 24.77 0.0006
144  SRPI 25.95 0.0002 CRI700 16.40 0.0005 CRI500 22.95 0.0010 DPI 24.77 0.0005
145 NPCI 25.95 0.0002 DVI 16.40 0.0005 ZTSUM 22.95 0.00056 WLPD 24.77 0.0004
146 PD 25.95 0.0001 FSUM 16.40 0.0002 DPI 22.95 0.0005 LCA 24.77 0.0003
147 NDLI 25.95 0.0000 ZTSUM 16.40 0.0001 EVI 22.96 0.0000 CRI500 24.77 0.0001
148 GEMI 25.95 0.0000  WLPD 16.40 0.0000 PD 22.96 0.0000 ZTSUM 24.77 0.0001
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Table S.8: Simple linear regression statistics, including root mean squared errors (RMSE, %) and coefficients of determination (r?), for 148 spectral
vegetation indices to estimate mass-basis cotton leaf chlorophyll b (Chl b; mg g~!) for data sets collected during field studies at Maricopa, Arizona,
USA. Definitions and formulas for each spectral index are given in Table S.1.

2019-2020 data 2021-2022 data All data, 80% random split All data, 20% random split
Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r2
1 CAR 22.65 0.4392 PRI2 21.30 0.4113 CAI 31.59 0.3454 DCNI 28.76 0.4391
2 CPSR2 23.03 0.4199 PRI3 22.64 0.3352 DCNI 32.48 0.3081 GTSR2 28.83 0.4364
3 TCI 23.28 0.4073 NDWI 22.86 0.3218 CPSR2 32.51 0.3069 MSR2 28.95 0.4317
4 ZTSR3 23.31 0.4059 SRWI 22.87 0.3215 CRSR1 32.64 0.3011 GSUM1 29.11 0.4255
5 MOR 23.36 0.4032 MSI 23.46 0.2859 GTSR2 32.89 0.2903 CPSR2 29.13 0.4246
6 Z'TSR4 23.57 0.3924 CAI 23.49 0.2841 MSR2 32.90 0.2900 CRSRI1 29.18 0.4228
7 CARI 23.60 0.3911 PSNDB 23.54 0.2813 ZTDP21 32.91 0.2897 WUMCARI 29.18 0.4225
8 MCARI 23.60 0.3909 NDNI 23.66 0.2736 BDR 33.04 0.2838 WUMSR 29.42 0.4131
9 TCARI 23.61 0.3906 PSSRB 23.68 0.2727 GSUM1 33.06 0.2829 WLCWMRG 29.44 0.4123
10 WLREIP2 23.62 0.3900 ZTSR1 23.73 0.2698 WLCWMRG 33.09 0.2818 ZTSR2 29.60 0.4061
11 TOR 23.62 0.3898 CRSR2 23.93 0.2568 WUMCARI 33.15 0.2794 CAI 29.71 0.4016
12 DCNI 23.69 0.3866 CAINT 24.25 0.2371 WLREIP 33.25 0.2748 SMNDVI 29.74 0.4001
13 Z'TSR5 23.81 0.3804 PD 24.42 0.2263 WUMSR 33.26 0.2745 MTCI 29.77 0.3992
14 AIVI 23.85 0.3779 WI 24.81 0.2015 MTCI 33.28 0.2737 WUOSAVI 29.82 0.3971
15  WLREIPG 23.88 0.3768 PSR 24.81 0.2014 ZTSR3 33.36 0.2701 WLREIP 29.90 0.3937
16 WUTOR 23.93 0.3739 LCA 24.90 0.1956 ZTSR2 33.40 0.2682 ZTDP21 29.91 0.3936
17 MMR 23.93 0.3739 CPSR2 24.92 0.1943 SMNDVI 33.41 0.2677 NDVI3 29.91 0.3932
18  DDRI1 24.03 0.3689 CRSR3 25.03 0.1875 WUOSAVI 33.47 0.2651 WUMOR 30.00 0.3896
19 DNDR 24.05 0.3675 ARI 25.34 0.1669 NDVI3 33.53 0.2627 DDRI1 30.18 0.3825
20  MND3 24.11 0.3644 ZTSR6 25.41 0.1625 DDRI1 33.56 0.2613 VSR 30.27 0.3787
21 MND1 24.12 0.3641 BRIl 25.41 0.1623 WUMOR 33.69 0.2555 BDR 30.46 0.3710
22 CRSR4 24.16 0.3618 WUTOR 25.60 0.1498 ZTSR1 33.73 0.2538 CRSR4 30.48 0.3700
23 WUMSR 24.19 0.3602 GTSR2 25.61 0.1489 ZTSR4 33.79 0.2512 WLREIPG 30.50 0.3694
24 ZTSR1 24.19 0.3600 GSUM2 25.68 0.1443 WLREIPG 33.79 0.2510 DD 30.68 0.3618
25 CRSR2 24.20 0.3599 WUTCARI 25.79 0.1374 VSR 33.83 0.2493 MND3 30.78 0.3577
26  NDVI3 24.21 0.3593 GSUM1 25.88 0.1311 DD 33.85 0.2483 ZTSR3 30.89 0.3531
27 DD 24.22 0.3587 WNR 25.90 0.1296 CRSR4 33.91 0.2459 MND1 30.89 0.3529
28 WLCWMRG 24.25 0.3573 GTSR1 25.96 0.1258 MND3 33.93 0.2447 DNDR 30.91 0.3521
29 Z'TSR2 24.25 0.3571 GRRGM 26.03 0.1212 CI 33.93 0.2447 BRI2 30.96 0.3501
30 MTCI 24.26 0.3568 BMLSR 26.03 0.1209 WLREIP2 33.98 0.2426 DDN 31.00 0.3485
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Table S.8 — Continued from previous page

2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
31 GSUM1 24.31 0.3538 GNDVI 26.05 0.1197 MND1 34.06 0.2391 WLREIPE 31.12 0.3432
32 WUOSAVI 24.36 0.3514 WUMSR 26.06 0.1193 ZTSR5 34.11 0.2368 WLREIP2 31.17 0.3411
33 SMNDVI 24.37 0.3505 BMSR 26.08 0.1176 DNDR 34.11 0.2367 BRI1 31.34 0.3342
34 GTSR2 24.41 0.3486 NDVI3 26.11 0.1155 DDN 34.16 0.2347 CRSR3 31.40 0.3317
35 CRSR1 24.44 0.3472 DCNI 26.15 0.1129 WLREIPE 34.21 0.2325 CI 31.45 0.3293
36 VSR 24.44 0.3469 ZTSR5 26.17 0.1113 BRI1 34.22 0.2319 ZTSR4 31.54 0.3256
37 MSR2 24.47 0.3456 WUOSAVI 26.24 0.1068 CRSR3 34.30 0.2284 VDR 31.62 0.3219
38 DDN 24.49 0.3442 ZTSR2 26.27 0.1048 CAR 34.50 0.2193 ZTDRI1 31.73 0.3173
39 ZTSR6 24.57 0.3403 ZTSR4 26.29 0.1037 VDR 34.59 0.2152 CAR 31.98 0.3067
40 CI 24.58 0.3395 PRI 26.29 0.1032 ZTDRI1 34.64 0.2131 ZTSR5 31.99 0.3060
41 WLREIPE 24.93 0.3207 MSR2 26.31 0.1018 GRRREM 34.67 0.2114 AIVI 32.04 0.3038
42 DND 25.02 0.3159 TOR 26.38 0.0974 CPSR1 34.78 0.2068 CRSR2 32.36 0.2899
43 WLREIP 25.09 0.3121 WUMCARI 26.38 0.0973 CRSR2 34.85 0.2033 ZTSR1 32.59 0.2799
44 TGI 25.11 0.3109 CRSR4 26.40 0.0956 AIVI 34.92 0.2001 PSSRB 32.60 0.2792
45 ESUM2 25.14 0.3091 ZTDP21 26.42 0.0944 MMR 35.01 0.1962 CPSRI1 32.64 0.2778
46 VDR 25.18 0.3066 NDLI 26.42 0.0941 PSSRB 35.15 0.1895 MMR 32.67 0.2761
47 MND4 25.23 0.3040 SMNDVI 26.43 0.0941 BRI2 35.17 0.1888 GRRREM 32.89 0.2664
48 BMSR 25.25 0.3029 BDR 26.44 0.0930 ZTSR6 35.25 0.1848 PSNDB 32.92 0.2651
49 ZTDR1 25.32 0.2992 WLREIP 26.44 0.0929 PSNDB 35.28 0.1837 WUTOR 32.96 0.2636
50 MND2 25.36 0.2971 ZTSR3 26.45 0.0924 DDR2 35.39 0.1784 CRSR5 33.12 0.2565
51 ZTDP22 25.43 0.2929 WDRVI 26.45 0.0924 CRSR5 35.40 0.1781 TOR 33.13 0.2557
52 DSR1 25.48 0.2904 WDRVI2 26.45 0.0922 MOR 35.41 0.1774 DDR2 33.28 0.2488
53 GNDVI 25.52 0.2881 MSR 26.46 0.0920 WUTOR 35.45 0.1755 MOR 33.36 0.2452
54 BD 25.58 0.2847 TSAVI 26.47 0.0911 TOR 35.50 0.1735 TCARI 33.54 0.2373
55 MCARI1 25.58 0.2844 NDVI 26.47 0.0909 MCARI 35.67 0.1652 TCI 33.70 0.2298
56 MTVI1 25.58 0.2844 VSR 26.48 0.0901 CARI 35.68 0.1652 ZTSR6 33.71 0.2297
57 CRSR5 25.76 0.2747 SAVI2 26.48 0.0901 TCARI 35.70 0.1638 MCARI 33.76 0.2273
58 TVI 25.81 0.2720 WLCWMRG 26.49 0.0898 TCI 35.74 0.1622 CARI 33.76 0.2273
59 PSSRB 25.81 0.2716 MTCI 26.54 0.0859 BD 36.35 0.1335 BMDVI 34.30 0.2022
60 GI 25.84 0.2699 NLI 26.57 0.0842 BMDVI 36.64 0.1194 CAINT 34.50 0.1929
61 MCARI2 25.87 0.2683 OSAVI 26.59 0.0831 CAINT 36.65 0.1187 SPVI 34.59 0.1889
62 MTVI2 25.87 0.2683 BRI2 26.59 0.0829 ZTDP22 36.83 0.1103 BD 34.61 0.1879
63 CRSR3 25.91 0.2662 JSR 26.59 0.0826 PRI3 36.93 0.1055 ZTDP22 35.19 0.1603

Continued on next page

60



Table S.8 — Continued from previous page

2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
64 WUMCARI 25.95 0.2637 CAR 26.60 0.0818 SPVI 36.98 0.1029 DND 35.42 0.1493
65 BMLSR 25.97 0.2629 TSAVI2 26.61 0.0813 MSI 36.99 0.1024 BMSR 35.61 0.1401
66 PSNDB 26.09 0.2559 PSSRA 26.61 0.0812 DND 37.11 0.0969 SRPI 35.63 0.1392
67 CAI 26.12 0.2543 WUMOR 26.62 0.0810 MND4 37.20 0.0924 MND4 35.65 0.1384
68 ZTDP21 26.15 0.2525 PSNDA 26.63 0.0797 BMSR 37.25 0.0898 ZTDPR1 35.67 0.1374
69 DREIP 26.25 0.2469 TCARI 26.69 0.0762 DSRI1 37.26 0.0895 MSI 35.68 0.1370
70 WUTCARI 26.32 0.2426 MND3 26.69 0.0761 NPQI 37.29 0.0881 NDPI 35.69 0.1363
71 EGFN 26.37 0.2399 CRSRI1 26.70 0.0752 TGI 37.33 0.0860 NPCI 35.69 0.1361
72 NDVI2 26.41 0.2372 EGFN 26.70 0.0750 NDWI 37.35 0.0850 PRI3 35.80 0.1310
73 ZTDPR1 26.45 0.2352 TGI 26.72 0.0737 SRWI 37.36 0.0845 TGI 35.83 0.1293
74 BGI2 26.45 0.2350 CI 26.73 0.0733 MND2 37.37 0.0838 NDWI 35.85 0.1287
75 BMDVI 26.46 0.2343 AIVI 26.73 0.0730 NDPI 37.38 0.0837 SRWI 35.86 0.1283
76 BGI1 26.48 0.2336 WLREIPG 26.74 0.0722 ZTDPR1 37.46 0.0796 MND2 35.87 0.1277
s DSR2 26.65 0.2233 DD 26.74 0.0721 GNDVI 37.47 0.0791 GNDVI 35.99 0.1220
78 GRRGM 26.66 0.2228 MND1 26.75 0.0714 GI 37.62 0.0717 DSRI1 36.05 0.1187
79 CPSR1 26.68 0.2217 BGI1 26.76 0.0710 PRI 37.69 0.0680 GEMI 36.52 0.0955
80 GMSR 26.68 0.2217 DNDR 26.76 0.0710 BMLSR 37.85 0.0605 GI 36.56 0.0937
81 VARI 26.69 0.2211 MND4 26.76 0.0707 WUTCARI 37.85 0.0603 EVI 36.59 0.0925
82 GTSR1 26.72 0.2195 WLREIPE 26.77 0.0701 BGI1 37.86 0.0596 BMLSR 36.63 0.0902
83 PSRI 27.00 0.2028 WLREIP2 26.78 0.0697 BGI2 37.88 0.0589 PVI 36.64 0.0899
84 GSUM2 27.01 0.2023 CPSR3 26.79 0.0691 SRPI 37.93 0.0562 WDVI 36.64 0.0899
85 PRI 27.07 0.1988 MSAVI1 26.79 0.0687 EGFN 37.94 0.0557 NPQI 36.66 0.0885
86 CVI 27.12 0.1957 MSAVI2 26.84 0.0652 NPCI 37.97 0.0545 EVI2 36.72 0.0856
87 BDR 27.24 0.1890 BRSR 26.85 0.0648 NDVI2 38.06 0.0499 DVI 36.73 0.0854
88 RGI 27.26 0.1879 DDN 26.86 0.0638 GEMI 38.11 0.0473 RDVI 36.75 0.0842
89 ZTDPR2 27.29 0.1857 VDR 26.87 0.0632 ESUM2 38.13 0.0465 RVIOPT 36.79 0.0823
90 DDR2 27.38 0.1802 ZTDR1 26.93 0.0591 PVI 38.14 0.0460 FSUM 36.84 0.0796
91 BRI1 27.71 0.1604 DDRI1 26.94 0.0586 WDVI 38.14 0.0460 BGI2 36.84 0.0795
92 NPQI 27.83 0.1531 DSR1 26.96 0.0572 DVI 38.17 0.0444 SAVI 36.86 0.0787
93 WUMOR 27.83 0.1531 MND2 26.96 0.0571 EVI 38.20 0.0430 EGFN 36.90 0.0768
94 GRRREM 27.91 0.1487 SIPI 26.96 0.0569 FSUM 38.23 0.0415 BGI1 36.98 0.0730
95 ARI 28.03 0.1413 NDPI 26.97 0.0563 MCARI2 38.23 0.0414 ESUM2 36.98 0.0729
96 CPSR3 28.48 0.1132 PSSRC 26.98 0.0555 MTVI2 38.23 0.0414 WUTCARI 37.03 0.0704
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
97 ESUM1 28.60 0.1055 PSNDC 27.02 0.0532 EVI2 38.24 0.0410 ZTDPR2 37.08 0.0677
98 CAINT 28.72 0.0983 GRRREM 27.03 0.0520 ZTDPR2 38.25 0.0405 SIPI 37.11 0.0662
99 CRI700 28.74 0.0973 DND 27.05 0.0511 RDVI 38.25 0.0403 NDVI2 37.16 0.0637
100 SPVI 29.08 0.0753 BD 27.06 0.0501 DSR2 38.27 0.0394 PRI 37.20 0.0614
101  EVI 29.14 0.0718 CVI 27.08 0.0485 RVIOPT 38.27 0.0392 MSAVI2 37.21 0.0613
102 CRI500 29.17 0.0698 MCARI1 27.09 0.0479 GMSR 38.28 0.0387 MSAVI1 37.24 0.0599
103 PRI2 29.18 0.0688 MTVI1 27.09 0.0479 SAVI 38.31 0.0373 ZTSUM 37.25 0.0590
104 PSSRC 29.22 0.0664 SAVI 27.11 0.0465 GRRGM 38.34 0.0360 DSR2 37.46 0.0485
105 MSI 29.38 0.0563 TCI 27.13 0.0452 VARI 38.36 0.0346 GRRGM 37.47 0.0482
106 PSNDC 29.39 0.0555 NPCI 27.15 0.0440 GTSR1 38.39 0.0334 GMSR 37.48 0.0474
107 NDPI 29.40 0.0553 SRPI 27.16 0.0428 NDLI 38.41 0.0325 PSR 37.51 0.0462
108 SRWI 29.58 0.0434 MMR 27.17 0.0424 ZTSUM 38.44 0.0308 MCARI2 37.51 0.0460
109 NDWI 29.59 0.0431 DDR2 27.18 0.0418 LCA 38.50 0.0278 MTVI2 37.51 0.0460
110 BRI2 29.61 0.0414 NPQI 27.18 0.0416 MSAVI2 38.51 0.0273 WI 37.51 0.0459
111 WI 29.72 0.0344 RVIOPT 27.20 0.0399 MSAVI1 38.53 0.0261 GTSR1 37.54 0.0444
112 PSR 29.72 0.0343 EVI2 27.21 0.0392 MCARI1 38.58 0.0237 LCA 37.56 0.0437
113 NDNI 29.95 0.0194 TVI 27.22 0.0391 MTVI1 38.58 0.0237 PRI2 37.59 0.0420
114  SIPI 29.96 0.0189 RDVI 27.22 0.0390 CVI 38.60 0.0228 NDLI 37.64 0.0394
115  ZTSUM 30.00 0.0161 MOR 27.24 0.0377 GSUM2 38.61 0.0220 VARI 37.64 0.0393
116 FSUM 30.12 0.0083 BMDVI 27.24 0.0377 PRI2 38.62 0.0215 TSAVI2 37.80 0.0314
117  WNR 30.12 0.0080 ESUM2 27.28 0.0349 TVI 38.66 0.0197 OSAVI 37.86 0.0279
118 NDLI 30.16 0.0058 ESUM1 27.30 0.0333 RGI 38.73 0.0162 MCARI1 37.87 0.0278
119 MSR 30.17 0.00561 CARI 27.35 0.0298 PSRI 38.73 0.0160 MTVI1 37.87 0.0278
120 DVI 30.17 0.0048 MCARI 27.35 0.0298 CRI500 38.74 0.0158 NLI 37.87 0.0275
121  WDRVI 30.17 0.0046 BGI2 27.39 0.0264 SIPI 38.76 0.0146 GSUM2 37.88 0.0273
122  WDRVI2 30.18 0.0045 ZTDP22 27.40 0.0262 PSR 38.77 0.0141 CVI 37.91 0.0254
123 PVI 30.18 0.0043 CPSR1 27.40 0.0261 WI 38.77 0.0140 TVI 37.98 0.0220
124 WDVI 30.18 0.0043 ZTDPR1 27.48 0.0201 TSAVI2 38.81 0.0118 PSRI 38.05 0.0184
125 NDVI 30.18 0.0040 CRSR5 27.50 0.0192 OSAVI 38.85 0.0100 DREIP 38.05 0.0184
126  TSAVI 30.19 0.0038 GEMI 27.55 0.0153 NLI 38.85 0.0097 SAVI2 38.05 0.0183
127 DPI 30.19 0.0038 SPVI 27.61 0.0110 DREIP 38.88 0.0085 RGI 38.12 0.0148
128 GEMI 30.19 0.0033 EVI 27.61 0.0108 DPI 38.91 0.0070 CPSR3 38.16 0.0126
129 SAVI2 30.20 0.0030 CRI500 27.65 0.0080 CPSR3 38.92 0.0063 WNR 38.23 0.0089
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2019-2020 data

2021-2022 data

All data, 80% random split

All data, 20% random split

Rank Index %RMSE r? Index %RMSE r? Index %RMSE r? Index %RMSE r?
130 JSR 30.20 0.0027 DSR2 27.67 0.0071 CRI700 38.93 0.0059 CRI700 38.26 0.0074
131 PD 30.20 0.0027 ZTDPR2 27.67 0.0069 SAVI2 38.94 0.0052 CRI500 38.28 0.0066
132 PRI3 30.20 0.0027 GMSR 27.68 0.0063 BRSR 39.02 0.0013 PSSRA 38.30 0.0053
133 PSSRA 30.21 0.0024 DREIP 27.68 0.0063 WNR 39.02 0.0012 MSR 38.31 0.0051
134 SRPI 30.21 0.0021 PSRI 27.68 0.0058 WLPD 39.02 0.0012 TSAVI 38.31 0.0051
135 NPCI 30.21 0.0021 NDVI2 27.69 0.0050 NDNI 39.03 0.0006 WLPD 38.31 0.0047
136 NLI 30.22 0.0017 GI 27.70 0.0046 TSAVI 39.03 0.0005 WDRVI 38.31 0.0046
137 PSNDA 30.22 0.0017 VARI 27.74 0.0018 MSR 39.04 0.00056 WDRVI2 38.32 0.0045
138  OSAVI 30.22 0.0013 WLPD 27.74 0.0018 WDRVI 39.04 0.0004 NDVI 38.33 0.0040
139 TSAVI2 30.23 0.0010 PVI 27.74 0.0017 WDRVI2 39.04 0.0004 PSNDA 38.33 0.0039
140 LCA 30.23 0.0009 WDVI 27.74 0.0017 PD 39.04 0.0003 PD 38.33 0.0036
141  WLPD 30.23 0.0008 RGI 27.76 0.0006 NDVI 39.04 0.0003 JSR 38.34 0.0034
142 EVI2 30.24 0.0006 MCARI2 27.76 0.0006 ESUM1 39.04 0.0003 DPI 38.36 0.0020
143 RDVI 30.24 0.0006 MTVI2 27.76 0.0006 PSSRA 39.04 0.0003 ARI 38.39 0.0006
144  SAVI 30.24 0.0003 DVI 27.76 0.0002 PSSRC 39.04 0.0002 PSSRC 38.40 0.0001
145 RVIOPT 30.24 0.0002 ZTSUM 27.76 0.0001 ARI 39.04 0.0002 ESUM1 38.40 0.0001
146 MSAVI1 30.24 0.0001 DPI 27.76 0.0001 PSNDA 39.04 0.0001 NDNI 38.40 0.0000
147 BRSR 30.24 0.0000 CRI700 27.76 0.0000 JSR 39.04 0.0001 BRSR 38.40 0.0000
148 MSAVI2 30.24 0.0000 FSUM 27.76 0.0000 PSNDC 39.04 0.0000 PSNDC 38.40 0.0000
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Table S.9: Optimized machine learning hyperparameters for estimating area-basis cotton leaf chlorophyll a+b (Chl a+b, ug cm=2) with
spectral reflectance data sets from field trials at Maricopa, Arizona, USA. Twelve machine learning models from Python’s “scikit-learn”
package were optimized, while two other methods (BayesianRidge and GaussianProcessRegressor) were also tested but required no
hyperparameter optimization. Eight spectral data sets were tested, including spectral reflectance (p); the first and second derivatives of
reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;,p~!) and its first and second derivatives

[(logyo p~ 1) and (logyo p~t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1.

Method! Parameter p 0 o’ log,, p* (logyo p™t)  (logyo p~t)” PCR Indices
Training data from 2019-2020 experiment
Ridge alpha 2.1233e +1 1.0216e+3 3.7536e+3 3.527le+1 9.6066e +2 3.1864e +3  4.7402e + 2 2.5682
Lasso alpha 1.2788e —3 9.3515e —3 2.2428e —2 1.074le —3 9.7062e —3 2.3613e—2 6.1786e —3 3.2759e — 5
LL alpha 1.0676e —3  9.3227e —3 2.2427e —2 1.0337e —3 9.6425e —3 2.3639%¢ —2 6.1993e —3 2.6476e — 5
KR alpha 2.485le+1 1.0243e+3 3.7505e+3 1.3818¢+1 9.610le+2 3.1847¢e+3 4.8013e+2 1.3287e —2
SVR C 8.9281 2.0270 1.4075 8.3574 2.0515 1.2452 2.9361 1.6430
KNR n_neighbors 7 6 10 9 6 10 9 19
PLSR n_components 12 9 4 16 8 5 10 43
DTR max_depth 23 3 3 20 7 20 3 4
min_samples_split 15 95 56 9 96 88 80 15
min_samples_leaf 18 13 69 81 24 29 42 37
GBR learning_rate 8.3962e —2 1.5042e —1 5.7794e —2 5.9188e—2 1.215le—1 6.1419¢e—2 1.516le—1 9.7607e — 2
max_depth 4 2 4 4 3 4 2 3
RFR n_estimators 148 152 156 178 149 179 145 157
min_samples_split 2 4 6 4 4 12 6 13
min_samples_leaf 4 4 2 1 2 5 4 6
ABR n_estimators 120 199 190 145 185 198 178 167
learning_rate 2.8835 2.9885 3.0770 3.0906 2.8976 3.0788 2.6411 2.8735
MLPR  hidden_layer_sizes 16 200 117 21 158 64 197 113
alpha 2.8441e+1 9.2163e+1 1.6468¢+2 2.9438¢+1 8.7139e+1 1.6479%¢+2 8.0923e+1 1.3636e+ 1
Training data from 80% random split off all data from 2019-2020 and 2021-2022 experiments
Ridge alpha 1.0058¢ +1 7.3014e4+2 1.2680e + 3 4.4239 7.5889¢ +2 1.3042e+3  7.2081e + 2 3.2763
Lasso alpha 1.0025e —3 1.2567¢ —2 8.8014e —3 1.0613e —3 1.3877e—2 7.9739¢e—3 1.9930e —2 8.2580e — 5
LL alpha 2.8277e —4  1.2592e —2 8.7822¢ —3 8.0236e — 5 1.3886e —2  7.9466e —3 2.0087e —2 2.9333e — 5
KR alpha 1.1944 7.2350e +2 1.2309e+3 5.4315e —1 7.4673e+2 1.2762e+3 7.1582e+2 4.3558e — 3
SVR C 1.2964e + 1 2.7439 2.2587 5.7037 2.9720 2.1605 4.8950 2.6507
KNR n_neighbors 8 13 7 8 6 4 6 5
PLSR n_components 24 8 6 31 8 7 9 50
DTR max_depth 13 15 4 19 17 27 20 10
min_samples_split 50 5 69 51 93 91 71 22
min_samples_leaf 14 39 13 14 25 17 41 17
GBR learning_rate 5.3776e —2 7.5217e —2 7.7772¢ —2 4.3479%¢ —2 1.1472¢e —1 9.8624e —2 8.8367¢ —2 6.6244e — 2
max_depth 4 3 4 4 3 3 4 5
RFR n_estimators 121 154 200 194 145 103 185 199
min_samples_split 4 2 10 5 9 8 2 5
min_samples_leaf 1 2 5 3 2 3 2 2
ABR n_estimators 161 167 181 196 190 197 182 135
learning_rate 3.1450 2.1962 2.3175 2.8454 1.9115 2.5721 3.0486 2.9293
MLPR  hidden_layer_sizes 11 203 236 10 140 198 234 65
alpha 3.6833e+1 8.4195e+1 1.1791e+2 1.4084e+1 9.7559e+1 1.2826e+2 1.0328e+2 1.2770e+1

! AdaBoostRegressor, ABR; DecisionTreeRegressor, DTR; GradientBoostingRegressor, GBR; KernelRidge, KR; KNeighborsRegressor, KNR;
LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor, RFR; and support vector regression, SVR.
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Table S.10: Optimized machine learning hyperparameters for estimating area-basis cotton leaf chlorophyll a (Chl a, ug cm~?2) with
spectral reflectance data sets from field trials at Maricopa, Arizona, USA. Twelve machine learning models from Python’s “scikit-learn”
package were optimized, while two other methods (BayesianRidge and GaussianProcessRegressor) were also tested but required no
hyperparameter optimization. Eight spectral data sets were tested, including spectral reflectance (p); the first and second derivatives of
reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;,p~!) and its first and second derivatives

[(logyo p~ 1) and (logyo p~t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1.

/

Method! Parameter p p o’ log,, p* (logyo p™t)  (logyo p~t)” PCR Indices
Training data from 2019-2020 experiment
Ridge alpha 4.3758 7.6047¢ +2 2.8270e+3 7.5204e —1 7.2848e+2 2.455le+3 3.5428e+2 3.1491le+1
Lasso alpha 1.1717e —3 7.9082¢e —3 1.9336e —2 1.080le —3 8.1020e —3 1.711le—2 5.5708e —3 2.9155e¢ — 5
LL alpha 6.1306e —4 7.8700e —3 1.9362¢e —2 4.3280e —4 8.2228¢ —3 1.7102e —2 5.4784e —3 2.0253e — 5
KR alpha 4.1811 7.6054e +2  2.8048e + 3 2.7782 7.2358¢ +2 2.4563e+3  3.5625e +2  2.6500e — 2
SVR C 8.5499 2.4174 1.7638 8.4880 2.3668 1.5490 2.5167 2.0815
KNR n_neighbors 8 5 10 9 7 9 7 9
PLSR n_components 19 10 5 19 9 5 11 43
DTR max_depth 25 3 11 6 17 6 4 4
min_samples_split 40 95 110 40 89 7 107 24
min_samples_leaf 31 68 38 20 53 37 46 26
GBR learning_rate 6.4643e —2 7.9405e —2 1.1270e —1 7.6343e —2 1.4973e—1 9.1264e —2 1.3042¢ —1 6.3665e — 2
max_depth 4 3 3 4 3 3 3 3
RFR n_estimators 130 171 195 183 173 132 157 152
min_samples_split 2 7 4 10 3 11 3 7
min_samples_leaf 3 2 1 2 1 4 2 3
ABR n_estimators 192 160 195 193 176 195 194 153
learning_rate 3.0357 2.9059 3.1185 2.3167 2.8246 3.1147 2.9733 3.0172
MLPR  hidden_layer_sizes 57 153 70 33 145 130 245 172
alpha 3.8149¢+1 8.1006e +1 1.4281e+2 2.9250e +1 8.4347e+1 1.6326e+2 7.2452e+1 1.2053e+ 1
Training data from 80% random split off all data from 2019-2020 and 2021-2022 experiments
Ridge alpha 6.9434 7.3173e +2 1.3349e+ 3 2.0867 8.4280e +2  1.5238e +3  6.4864e + 2 1.5052
Lasso alpha 1.1099e — 3 1.1124e — 2 8.5521le—3 1.1276e —3 1.2054e —2 8.0147e—3 1.9130e—2 7.1667e —5
LL alpha 3.1953e —4 1.120le —2 8.6519e —3 9.2384e —5 1.1973e —2 8.0258¢ —3 1.877le—2 3.1019e —5
KR alpha 1.5314 7.2594e 4+ 2 1.3135e+3 8.0840e —1 8.3849e¢+2 1.5116e+3 6.4124e+2 2.1696e — 2
SVR C 6.1861 3.8943 3.2787 6.5348 2.9149 3.3243 4.5995 2.8691
KNR n_neighbors 7 13 7 8 6 7 5 6
PLSR n_components 23 8 5 31 7 5 9 50
DTR max_depth 12 21 4 11 16 27 16 11
min_samples_split 9 66 47 16 19 87 87 23
min_samples_leaf 31 20 11 31 29 35 14 24
GBR learning_rate 9.9576e —2 1.2147e —1 9.1384e —2 9.1952e —2 7.2795¢ —2 8.5930e —2 9.7176e — 2 6.4430e — 2
max_depth 4 3 4 4 4 4 3 4
RFR n_estimators 187 167 123 135 186 127 198 194
min_samples_split 7 5 10 6 5 2 4 3
min_samples_leaf 1 2 3 2 4 1 1 2
ABR n_estimators 153 186 134 169 184 184 194 193
learning_rate 2.9957 2.0234 1.4537 3.1222 2.2469 2.8122 2.8097 3.0435
MLPR  hidden_layer_sizes 17 192 217 11 217 212 209 194
alpha 2.6073e+1 7.0779e+1 7.5004e+1 3.0450e +1 8.669le+1 1.4779¢e+2 9.2568¢+1 1.6873e+ 1

! AdaBoostRegressor, ABR; DecisionTreeRegressor, DTR; GradientBoostingRegressor, GBR; KernelRidge, KR; KNeighborsRegressor, KNR;
LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor, RFR; and support vector regression, SVR.
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Table S.11: Optimized machine learning hyperparameters for estimating area-basis cotton leaf chlorophyll b (Chl b, pug cm~2) with
spectral reflectance data sets from field trials at Maricopa, Arizona, USA. Twelve machine learning models from Python’s “scikit-learn”
package were optimized, while two other methods (BayesianRidge and GaussianProcessRegressor) were also tested but required no
hyperparameter optimization. Eight spectral data sets were tested, including spectral reflectance (p); the first and second derivatives of
reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;,p~!) and its first and second derivatives

[(logyo p~ 1) and (logyo p~t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1.

Method?!

/

/!

Parameter p p p log,, p* (logyo p™t)  (logyo p~t)” PCR Indices
Training data from 2019-2020 experiment
Ridge alpha 2.1000e +1 1.0600e +3 3.1822e+3 1.8958e+1 1.1699e+3 3.0498¢ +3 5.4796e+2 2.5899%e + 1
Lasso alpha 1.8056e —3 1.4403e —2 2.7565e —2 1.8995e —3 1.4485e —2 2.6787e —2 1.0874e —2 3.4427e —4
LL alpha 1.5160e —3 1.4416e —2 2.7559e¢ —2 1.5420e —3 1.4450e —2 2.6765¢e —2 1.0835e —2 1.6982e —4
KR alpha 1.9749e +1 1.054le+3 3.1565e+3 1.6192e+1 1.1611le+3 3.0559¢ +3 5.470le+2 2.6780e — 2
SVR C 3.9538 2.8740 2.2818 4.0420 4.0385 2.0921 2.9312 2.3755
KNR n_neighbors 11 8 15 12 8 15 12 12
PLSR n_components 17 8 5 17 7 4 9 38
DTR max_depth 5 20 8 16 19 6 6 29
min_samples_split 53 114 87 58 30 33 61 52
min_samples_leaf 36 59 65 37 46 67 27 56
GBR learning_rate 1.0919¢e — 1 7.3961le —2 8.9049¢ —2 5.0590e —2 6.6735e —2 1.0507e —1 1.0317e —1 5.4121e —2
max_depth 3 3 4 4 5 3 4 4
RFR n_estimators 197 114 126 168 162 159 133 150
min_samples_split 12 12 8 11 3 9 5 9
min_samples_leaf 5 7 3 5 3 5 1 4
ABR n_estimators 147 161 174 187 185 196 157 155
learning_rate 3.1022 2.4941 2.6619 3.1360 2.0309 2.7390 3.0017 4.2698e — 2
MLPR  hidden_layer_sizes 8 228 151 8 231 206 166 215
alpha 5.2820e +1 1.1242e+2 1.4427e¢+2 3.5024e+1 9.5292e+1 1.3070e+2 8.9453e+1 2.2428e+1
Training data from 80% random split off all data from 2019-2020 and 2021-2022 experiments
Ridge alpha 5.9104 5.0946e +2 1.5135e+3 2.8684e+1 5.3362e+2 1.2811le+3  5.6996e + 2 8.1207
Lasso alpha 1.0375e —3 4.4216e —3 1.5610e —2 1.0281le —3 4.9919e —3 8.7195¢ —3 1.0324e —2 9.4485e — 5
LL alpha 2.9443e —4 4.7676e —3 1.5653e —2 1.6998¢ —4 5.0725e —3  9.066le —3 1.0307e —2 3.0182e—5
KR alpha 9.4380e — 1 5.0665e +2 1.4808¢+3 5.8498¢ —1 5.1805e+2 1.2645e+3 5.758le +2 2.1685e — 1
SVR C 7.6974 2.2163 2.1851 7.5634 2.1855 2.1316 4.4018 2.7631
KNR n_neighbors 11 11 7 9 17 10 4 6
PLSR n_components 24 11 6 30 11 7 10 41
DTR max_depth 27 12 11 8 27 8 22 23
min_samples_split 34 60 146 47 110 114 88 52
min_samples_leaf 29 20 33 28 6 3 11 39
GBR learning_rate 1.1733e —1 1.0620e —1 6.1558¢ —2 6.9144e —2 8.1892e —2 9.5978e —2 7.7113e —2 5.2769¢ — 2
max_depth 4 3 4 5 4 4 4 5
RFR n_estimators 155 184 182 198 151 200 194 199
min_samples_split 6 14 8 12 9 3 2 3
min_samples_leaf 4 5 1 4 4 1 3 4
ABR n_estimators 88 146 196 169 175 197 167 135
learning_rate 1.8095e —1 1.4877e — 1 3.1107 5.4709e —2 1.5819e — 1 2.9824 3.0269 1.0485e — 1
MLPR  hidden_layer_sizes 10 242 161 14 156 172 180 231
alpha 2.6476e +1 9.6744e+1 1.9307e +2 2.8042e+1 1.0438¢+2 1.4048e+2 1.2637e+2 1.205le+1

! AdaBoostRegressor, ABR; DecisionTreeRegressor, DTR; GradientBoostingRegressor, GBR; KernelRidge, KR; KNeighborsRegressor, KNR;
LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor, RFR; and support vector regression, SVR.
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Table S.12: Optimized machine learning hyperparameters for estimating mass-basis cotton leaf chlorophyll a+b (Chl a+b, mg g~ !) with
spectral reflectance data sets from field trials at Maricopa, Arizona, USA. Twelve machine learning models from Python’s “scikit-learn”
package were optimized, while two other methods (BayesianRidge and GaussianProcessRegressor) were also tested but required no
hyperparameter optimization. Eight spectral data sets were tested, including spectral reflectance (p); the first and second derivatives of
reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;,p~!) and its first and second derivatives

[(logyo p~ 1) and (logyo p~t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1.

Method! Parameter p 0 o’ log,, p* (logyo p™t)  (logyo p~t)” PCR Indices
Training data from 2019-2020 experiment
Ridge alpha 2.6129e +1 4.3979¢ +2 1.6125e+ 3 4.3128 5.1013e +2 1.7987e +3 1.4293e + 2 7.6813
Lasso alpha 1.1351le — 3 7.7622¢ —3 1.5344e —2 1.1479¢ —3 8.0023e —3 1.3856e —2 4.0268¢ —3 3.0989% — 5
LL alpha 1.9087¢e —4 7.7464e —3 1.5335e —2 2.9895e —4 7.936le —3 1.3814e —2 4.2427e —3 1.4819e —4
KR alpha 6.8197e — 1 4.3653e+2 1.6253e+3 8.4039¢ —1 49114e+2 1.7977e+3 1.4396e+2 6.9133e — 2
SVR C 8.8849 3.4902 4.1198e + 1 8.5284 2.6529 1.9665e + 1 4.4018 3.3968
KNR n_neighbors 11 7 10 9 8 7 9 8
PLSR n_components 22 11 6 21 11 5 12 37
DTR max_depth 4 27 22 4 22 12 6 23
min_samples_split 107 2 79 98 21 37 57 71
min_samples_leaf 2 57 33 22 35 35 18 34
GBR learning rate 1.4662¢ —1 1.1175e —1 8.6736e —2 1.3519e —1 9.4376e —2 1.2222¢e —1 9.2454e —2 1.0102e —1
max_depth 3 3 3 3 3 3 4 4
RFR n_estimators 115 175 182 117 132 149 171 198
min_samples_split 7 4 3 7 2 3 4 7
min_samples_leaf 3 3 1 2 5 5 3 1
ABR n_estimators 175 196 168 163 166 162 184 180
learning_rate 2.9440 3.2051 2.7508 3.1452 3.0695 2.9912 3.1275 2.9370
MLPR  hidden_layer_sizes 48 110 101 8 136 211 137 233
alpha 3.6983e+1 9.3092e +1 1.6500e+2 3.1073e+1 8.7836e+1 1.5384e+2 8.1955e+1 1.7580e+ 1
Training data from 80% random split off all data from 2019-2020 and 2021-2022 experiments
Ridge alpha 6.7766 8.1319¢ +2  1.4494e + 3 2.0396 8.4783e+2 1.4048¢ +3  3.7399%e + 2 1.4252
Lasso alpha 1.3701le —3 1.2750e —2 1.8399e —2 1.8995e —3 1.131le—2 1.787le—2 6.5785e —3 6.2852¢ — 6
LL alpha 5.5598e —4 1.276le —2 1.8426e —2 2.3493e —4 1.1333e—2 1.8057e —2 6.7235e —3 1.1344e —4
KR alpha 2.3473 8.0477e +2 1.4378e + 3 1.8286 8.5268¢ +2 1.3990e +3 3.6964e +2 1.7291e —1
SVR C 1.2979% + 1 2.8112 2.1457 8.8202 3.1717 2.2318 3.9550 3.1172
KNR n_neighbors 12 11 19 18 9 18 8 8
PLSR n_components 24 9 6 23 8 7 12 33
DTR max_depth 25 14 14 14 21 5 21 21
min_samples_split 95 97 116 21 96 108 90 24
min_samples_leaf 68 66 17 48 34 41 62 44
GBR learning rate 1.1924e —1 7.3169e —2 7.7613e —2 8.3652e —2 9.7670e —2 9.1053e —2 6.5196e —2 7.2181e —2
max_depth 4 4 4 5 3 4 4 4
RFR n_estimators 196 188 179 153 115 166 112 113
min_samples_split 14 2 2 6 10 3 3 2
min_samples_leaf 1 1 5 3 4 2 1 2
ABR n_estimators 196 171 199 188 165 184 198 196
learning rate 3.2213 3.1982 2.5561 2.9736 2.5508 1.5234 3.0150 3.1093
MLPR  hidden_layer_sizes 51 214 184 16 202 147 151 221
alpha 4.6644e +1 1.5093e +2 2.0849¢+2 4.259le+1 1.3682e+2 2.2152¢+2 9.5274e+1 2.1356e + 1

! AdaBoostRegressor, ABR; DecisionTreeRegressor, DTR; GradientBoostingRegressor, GBR; KernelRidge, KR; KNeighborsRegressor, KNR;
LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor, RFR; and support vector regression, SVR.

67



Table S.13: Optimized machine learning hyperparameters for estimating mass-basis cotton leaf chlorophyll a (Chl a, mg g=!) with
spectral reflectance data sets from field trials at Maricopa, Arizona, USA. Twelve machine learning models from Python’s “scikit-learn”
package were optimized, while two other methods (BayesianRidge and GaussianProcessRegressor) were also tested but required no
hyperparameter optimization. Eight spectral data sets were tested, including spectral reflectance (p); the first and second derivatives of
reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;,p~!) and its first and second derivatives

[(logyo p~ 1) and (logyo p~t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1.

Method! Parameter p 0 o’ log,, p* (logyo p™t)  (logyo p~t)” PCR Indices
Training data from 2019-2020 experiment
Ridge alpha 1.1260e +1 3.3964e+2 1.2518e+3 1.3474e —1 3.9476e+2 1.4489e+3 8.4244e+1 3.1247e+1
Lasso alpha 1.2233e —3 6.9750e —3 1.3931le—2 1.2115e —3 6.6075e —3 1.3243e —2 4.1425e —3 7.6826e — 5
LL alpha 1.6655e —4  6.8952¢e —3 1.3895e —2 2.5767e —4 6.5750e —3 1.3133e —2 4.1169e —3 3.5077e — 5
KR alpha 3.6560e — 1 3.4710e+2 1.2548¢+3 4.9950e —1 3.9510e +2 1.4465¢+3 8.5069¢ +1 1.8500e — 2
SVR C 1.2643e + 1 3.7824 3.9257e+1 1.1883e+1 2.4085 9.3746e + 1 3.9439 3.5025
KNR n_neighbors 13 6 10 13 7 7 8 6
PLSR n_components 29 11 6 21 10 6 12 37
DTR max_depth 25 20 26 19 7 24 25 23
min_samples_split 97 79 21 144 70 16 83 51
min_samples_leaf 88 30 31 88 35 40 17 23
GBR learning_rate 1.4911le—1 1.1156e —1 9.6497e —2 1.4617e —1 1.3842e —1 9.6663e —2 8.8162¢ —2 9.4260e — 2
max_depth 3 3 3 3 3 3 4 4
RFR n_estimators 144 184 193 162 198 175 195 190
min_samples_split 7 4 9 4 10 12 6 4
min_samples_leaf 3 1 3 2 3 6 3 3
ABR n_estimators 187 187 181 199 196 191 198 174
learning_rate 2.9465 2.8500 3.0868 3.1813 2.8368 3.0287 3.1210 3.0574
MLPR  hidden_layer_sizes 6 145 221 6 237 162 85 217
alpha 2.6457e +1 7.8411le+1 1.5446e +2 2.4704e+1 8.1916e+1 1.5750e+2 7.4018e+1 1.7152e+ 1
Training data from 80% random split off all data from 2019-2020 and 2021-2022 experiments
Ridge alpha 6.9719 7.4751e4+2 1.5188e+3 1.4612¢4+1 8.0264de+2 1.550le+3  3.4253e+ 2 8.4517
Lasso alpha 1.4564e —3 1.2180e —2 1.6591e —2 1.640le —3 1.1726e—2 1.9916e —2 7.4246e —3 5.7278e¢ —5
LL alpha 3.6613e —4 1.2211le—2 1.6598¢e —2 2.6352e —4 1.1688¢ —2 2.0004e —2 7.2085¢ —3 5.9673e — 5
KR alpha 2.2449 7.3053e +2 1.4939% + 3 1.8227 7.935le+2 1.5446e+3 3.4917e+2 1.7609e — 1
SVR C 9.7411 3.3488 2.5432 8.5889 3.2820 2.3579 3.7928 3.5626
KNR n_neighbors 15 11 18 18 9 13 7 8
PLSR n_components 24 10 6 22 9 7 12 33
DTR max_depth 10 24 19 22 9 8 10 25
min_samples_split 141 31 9 88 96 18 69 20
min_samples_leaf 99 63 51 100 35 51 46 29
GBR learning_rate 7.8052¢e —2 1.1019e —1 8.5373e —2 1.470le—1 5.250le —2 8.2877e —2 8.0359¢ —2 6.1827e — 2
max_depth 5 3 4 4 4 3 4 5
RFR n_estimators 169 167 153 133 95 145 194 198
min_samples_split 11 9 3 8 6 2 4 3
min_samples_leaf 2 3 2 2 5 5 5 2
ABR n_estimators 194 191 195 179 184 190 183 168
learning_rate 2.7530 3.0000 2.5993 3.0479 2.7329 2.5803 2.7827 3.1507
MLPR  hidden_layer_sizes 27 230 191 12 236 109 94 94
alpha 4.0155e +1 1.5392e +2 2.3210e+2 5.2987e+1 1.6992e+2 2.3008e +2 9.3366e+1 1.7640e + 1

! AdaBoostRegressor, ABR; DecisionTreeRegressor, DTR; GradientBoostingRegressor, GBR; KernelRidge, KR; KNeighborsRegressor, KNR;
LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor, RFR; and support vector regression, SVR.
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Table S.14: Optimized machine learning hyperparameters for estimating mass-basis cotton leaf chlorophyll b (Chl b, mg g=!) with
spectral reflectance data sets from field trials at Maricopa, Arizona, USA. Twelve machine learning models from Python’s “scikit-learn”
package were optimized, while two other methods (BayesianRidge and GaussianProcessRegressor) were also tested but required no
hyperparameter optimization. Eight spectral data sets were tested, including spectral reflectance (p); the first and second derivatives of
reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;,p~!) and its first and second derivatives

[(logyo p~ 1) and (logyo p~t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1.

Method! Parameter p 0 o’ log,, p* (logyo p™t)  (logyo p~t)” PCR Indices
Training data from 2019-2020 experiment
Ridge alpha 2.3671le+1 1.1463e +3 3.9293e+3 1.1867e+1 1.3110e+3 3.7199e¢+3 5.8067e +2 1.4865e + 1
Lasso alpha 1.4807e —3 1.1173e —2 3.0667e —2 1.4743e —3 1.5368e —2 2.8467e —2 8.8840e —3 1.3931le —3
LL alpha 8.4717e —4 1.1196e —2 3.0644e —2 7.8102¢ —4 1.538le —2 2.8456e —2 9.0877e —3 3.0715e —4
KR alpha 1.3976e+1 1.1373e+3 3.9242e+3 1.2382e+1 1.3047e+3 3.7154e+3 5.766le+2 2.1995¢ — 1
SVR C 4.5823 3.2409 2.7727e 4+ 1 4.1724 4.4293 4.5985e + 1 6.6085 2.3404
KNR n_neighbors 15 13 16 15 8 16 15 15
PLSR n_components 13 8 4 21 6 4 9 34
DTR max_depth 5 22 18 28 4 15 9 12
min_samples_split 107 75 75 99 6 115 72 49
min_samples_leaf 41 45 71 40 33 35 44 31
GBR learning_rate 1.1400e — 1 9.497le — 2 6.7435e —2 1.4792e —1 1.0260e —1 9.8423e —2 1.3833e —1 4.8788e —2
max_depth 3 3 4 3 4 3 3 4
RFR n_estimators 199 142 159 177 123 136 190 110
min_samples_split 3 3 3 3 5 10 3 12
min_samples_leaf 6 3 1 2 2 7 7 3
ABR n_estimators 149 147 199 163 189 194 179 146
learning_rate 3.1429 3.0624 2.8891 3.1647 2.8853 2.8924 2.6621 2.9741
MLPR  hidden_layer_sizes 11 169 100 4 244 142 147 239
alpha 3.6332e +1 1.1946e +2 2.0202¢ +2 2.9950e +1 9.6175e+1 1.9712e+2 9.2657e+1 2.2360e + 1
Training data from 80% random split off all data from 2019-2020 and 2021-2022 experiments
Ridge alpha 4.5884 8.3607e +2 1.6742e + 3 3.8493 8.2044e +2 1.3825e +3  4.6445e +2 1.3736e — 1
Lasso alpha 1.4760e —3 9.1928e —3 1.5619e —2 2.1849¢ —3 9.9070e —3 1.2516e —2 9.7035e — 3  1.4450e — 4
LL alpha 4.7921e —4  9.2035¢ —3 1.5600e —2 2.7687e¢ —4 9.9180e —3 1.2732¢e —2 9.7582¢ —3 1.2097e — 4
KR alpha 2.7646 8.3278¢ +2  1.6555e + 3 1.7423 8.1474e +2 1.377le+3 4.6630e +2 1.6070e — 1
SVR C 1.2359% + 1 3.3789 2.4352 1.0020e + 1 2.7695 1.4231e + 1 3.6037 3.2888
KNR n_neighbors 11 17 23 13 19 27 8 7
PLSR n_components 24 8 5 24 8 6 10 35
DTR max_depth 8 14 7 18 19 19 28 9
min_samples_split 49 61 149 51 84 69 49 61
min_samples_leaf 37 17 6 29 8 50 36 24
GBR learning_rate 8.8682¢ —2 6.9291e —2 5.4730e —2 1.562le—1 1.1233e—1 1.0882¢e—1 9.1702¢e —2 6.1642¢ — 2
max_depth 5 3 4 4 2 3 3 4
RFR n_estimators 159 111 170 108 155 121 200 196
min_samples_split 11 2 3 2 11 4 8 14
min_samples_leaf 2 3 1 1 2 3 4 2
ABR n_estimators 167 174 193 179 159 184 181 159
learning_rate 3.1855 2.8480 3.0627 3.1661 3.1124 3.1076 2.8220 3.0519
MLPR  hidden_layer_sizes 11 182 231 11 217 238 142 221
alpha 3.1257e+1 1.2600e +2 1.6015e +2 4.2054e+1 1.0121le+2 1.3643e+2 9.2929e+1 1.9572e+ 1

! AdaBoostRegressor, ABR; DecisionTreeRegressor, DTR; GradientBoostingRegressor, GBR; KernelRidge, KR; KNeighborsRegressor, KNR;
LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor, RFR; and support vector regression, SVR.
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Table S.15: Goodness-of-fit statistics, including root mean squared errors (ARMSE) and coefficients of determination (r?) between measured and
modeled area-basis cotton leaf chlorophyll a + b (Chl a + b, ug cm~2) for training and testing of 14 machine learning methods from Python’s
“scikit-learn” package with 8 input data sets derived from leaf spectral reflectance (p). The 8 input data sets included spectral reflectance (p); the
first and second derivatives of reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;, p~!) and its first and
second derivatives [(logyo p~!)" and (log;, p~1)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table
S.1. Models were trained and tested by experiment using data from the 2019-2020 and 2021-2022 cotton field studies at Maricopa, Arizona, USA,
respectively. Models were also trained and tested using an 80% and 20% random split of all from both experiments. Results are ranked according to
the %RMSE of model testing.

Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method! Input data %RMSE  %RMSE r? r? Method! Input data %RMSE  %RMSE r? r?

1 MLPR /o 3.90 23.69 0.9414 0.4649 RFR [log,o(p~ 1)) 5.47 10.47 0.9653 0.8762
2 MLPR  [log;o(p™ 1)) 3.75 24.44 0.9460 0.4613 MLPR 148 indices 9.46 10.55 0.8829 0.8682
3 PLSR [log,o(p™ 1)) 6.67 24.54 0.8207 0.5067 GBR [log,o(p~ 1))’ 4.45 10.63 0.9750 0.8661
4 PLSR I’ 6.57 24.55 0.8260 0.4680 GBR 0 5.72 10.92 0.9592 0.8575
5 Lasso [log1o(p~1)]" 6.80 24.83 0.8159 0.4966 RFR 0 4.93 10.94 0.9717 0.8594
6 LL [log1o(p~1)]" 6.80 24.83 0.8158 0.4967 GBR o 2.92 11.01 0.9895 0.8571
7 BR o 6.08 24.95 0.8521 0.4863 ABR [logyo(p~ 1)) 9.42 11.01 0.8889 0.8655
8 Ridge I’ 6.23 25.03 0.8449 0.4887 RFR [log,o(p~ 1)) 5.55 11.04 0.9650 0.8617
9 KR g 6.23 25.03 0.8448 0.4887 RFR P’ 6.20 11.14 0.9546 0.8569
10 LL o’ 6.77 25.10 0.8174 0.4750 MLPR p 10.26 11.15 0.8621 0.8579
11 BR [log1o(p~ 1)) 6.02 25.11 0.8554 0.5067 GBR [logyo(p~1)])" 4.65 11.17 0.9730 0.8530
12 Lasso o 6.77 25.12 0.8174 0.4747 SVR 148 indices 9.55 11.28 0.8816 0.8543
13 BR [log1o(p~1))" 5.97 25.13 0.8581 0.4789 SVR 0 3.23 11.41 0.9875 0.8498
14 Ridge [log1o(p~ 1)) 6.15 25.18 0.8489 0.5110 SVR llog,o(p~ 1)) 3.09 11.51 0.9885 0.8518
15 KR [log1o(p~ 1)) 6.15 25.18 0.8488 0.5110 SVR p 8.20 11.57 0.9138 0.8458
16 BR o 6.05 25.21 0.8540 0.4679 ABR 0 8.90 11.57 0.9045 0.8482
17 Lasso I’ 6.34 25.23 0.8391 0.4957 ABR [logyo(p~1)])" 9.65 11.59 0.8898 0.8577
18 LL o 6.34 25.24 0.8392 0.4959 SVR PCR 4.61 11.67 0.9736 0.8400
19 PLSR [logio(p~H)]” 6.74 25.29 0.8171 0.4946 ABR o’ 9.37 12.00 0.8938 0.8384
20 MLPR  p” 4.16 25.32 0.9341 0.4737 KR 148 indices 11.19 12.03 0.8351 0.8279
21 MLPR  [log;o(p~1)]” 4.10 25.36 0.9363 0.4969 LL 148 indices 11.24 12.04 0.8336 0.8280
22 KR [log1o(p~1))" 6.31 25.42 0.8425 0.4817 MLPR  [log;o(p~1)])” 4.94 12.06 0.9699 0.8270
23 Ridge [log1o(p~1))" 6.31 25.42 0.8425 0.4817 MLPR  [logo(p~ 1)) 5.35 12.09 0.9643 0.8252
24 KR o 6.39 25.51 0.8379 04713 MLPR p/ 4.96 12.13 0.9694 0.8240

Continued on next page
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Table S.15 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

25 Ridge o 6.39 25.51 0.8379 0.4713 SVR log,o(p™1) 9.99 12.16 0.8718 0.8365
26 LL [log1o(p~ 1)) 6.35 25.67 0.8389 0.5169 RFR 148 indices 5.56 12.22 0.9623 0.8249
27 Lasso [log1o(p~ 1)) 6.35 25.68 0.8386 0.5170 PLSR 0 11.25 12.34 0.8333 0.8197
28 PLSR o 7.04 25.86 0.8005 0.4744 GBR PCR 3.67 12.37 0.9836 0.8221
29 MLPR 148 indices 5.90 26.50 0.8605 0.4766 MLPR  log;o(p™1) 9.51 12.45 0.8813 0.8151
30 BR 148 indices 7.63 26.86 0.7656 0.5126 RFR PCR 5.49 12.53 0.9667 0.8229
31 MLPR p 5.95 26.95 0.8585 0.4977 KNR 148 indices 10.73 12.58 0.8486 0.8110
32 KR log;o(p™1) 6.73 26.97 0.8175 0.5073 MLPR  p” 4.70 12.59 0.9728 0.8104
33 Lasso logyo(p~1) 6.90 27.29 0.8086 0.5132 BR 148 indices 12.39 12.62 0.7979 0.8130
34 PLSR logyo(p~1) 6.86 27.32 0.8103 0.4949 RFR p 5.67 12.76 0.9626 0.8075
35 Ridge logyo(p~1) 6.90 27.37 0.8085 0.5130 PLSR [log,o(p~ 1)) 11.55 12.77 0.8242 0.8066
36 LL log,o(p~ 1) 6.89 27.40 0.8091 0.5105 Lasso 148 indices 12.49 12.79 0.7946 0.8073
37 Ridge p 6.85 27.48 0.8112 0.4875 GBR p 7.31 12.83 0.9353 0.8061
38 BR log;o(p™1) 6.98 27.52 0.8038 0.5171 BR p 10.01 12.85 0.8687 0.8046
39 KR p 6.87 27.55 0.8098 0.4879 LL 0 10.91 12.87 0.8459 0.8062
40 LL p 6.92 27.56 0.8073 0.4883 ABR PCR 10.69 12.87 0.8621 0.8202
41 Lasso p 6.98 27.67 0.8039 0.4842 RFR log,o(p™1) 6.77 12.88 0.9457 0.8046
42 MLPR  log;o(p™") 5.90 27.72 0.8604 0.4976 GBR log;o(p~1) 7.91 12.88 0.9255 0.8062
43 BR p 7.01 27.84 0.8026 0.4925 Lasso o 10.90 12.88 0.8460 0.8059
44 Ridge 148 indices 7.36 27.89 0.7819 0.5010 KR P 9.69 12.89 0.8769 0.8024
45 Lasso PCR 6.57 27.95 0.8270 0.4684 Ridge [log,o(p~ 1)) 9.37 12.95 0.8866 0.8006
46 LL PCR 6.57 27.97 0.8269 0.4696 Ridge 148 indices 12.86 12.95 0.7825 0.8032
47 BR PCR 6.35 27.97 0.8386 0.5131 PLSR 148 indices 11.45 12.95 0.8272 0.7994
48 Ridge PCR 6.37 28.00 0.8373 0.5108 KR [logyo(p~ 1)) 9.35 12.96 0.8871 0.8003
49 KR PCR 6.38 28.01 0.8371 0.5104 ABR 148 indices 11.03 12.96 0.8414 0.8009
50 PLSR p 7.14 28.25 0.7948 0.4775  Lasso [log1o(p~ 1)) 11.22 13.05 0.8368 0.8027
51 MLPR  pcr 4.67 28.35 0.9148 0.3912 LL [log1o(p~ 1)) 11.22 13.05 0.8367 0.8027
52 Lasso 148 indices 7.21 28.36 0.7908 0.4857 ABR log,o(p™1) 12.59 13.06 0.8153 0.8207
53 LL 148 indices 6.63 28.53 0.8229 0.4685 Ridge o 9.21 13.07 0.8905 0.7966
54 KR 148 indices 6.71 28.87 0.8187 0.4472 KR 0 9.20 13.07 0.8908 0.7964
55 PLSR 148 indices 6.80 29.05 0.8138 0.4197 GBR 148 indices 3.92 13.12 0.9809 0.7980
56 GBR [log1o(p~ 1)) 3.09 29.12 0.9641 0.4803 Ridge [log1o(p~1)])" 8.94 13.13 0.8975 0.7946
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Table S.15 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

57 DTR [logyo(p~1))" 7.03 29.20 0.8012 0.4386 KR [log1o(p~1)])" 8.91 13.14 0.8981 0.7944
58 DTR L oglo( “hy 7.12 29.24 0.7958 0.4527 SVR o’ 2.75 13.16 0.9913 0.8181
59 RFR ,0 3.60 29.24 0.9523 0.4355 Ridge p 11.47 13.21 0.8277 0.7968
60 DTR ,0 7.97 29.40 0.7438 0.4273 PLSR P 10.81 13.28 0.8460 0.7920
61 RFR o 3.22 29.47 0.9636 0.4414 ABR p 12.66 13.31 0.8166 0.8157
62 GBR I’ 4.34 29.50 0.9269 0.4643 DTR [log,o(p~ 1)) 11.54 13.32 0.8246 0.7882
63 GBR 148 indices 4.81 29.53 0.9091 0.4456 BR [log,o(p~1))" 7.74 13.35 0.9226 0.7869
64 RFR 148 indices 4.81 29.54 0.9103 0.4338 SVR [log1o(p~1)])" 2.81 13.41 0.9909 0.8103
65 GBR o 2.7 29.57 0.9736 0.4664 LL P 10.04 13.54 0.8678 0.7829
66 DTR PCR 8.38 29.73 0.7175 0.4511 Lasso [log1o(p~1)])" 8.85 13.62 0.8990 0.7781
67 RFR [logyo(p~1))" 3.83 29.74 0.9470 0.4570 BR [logyo(p~ 1)) 8.07 13.63 0.9155 0.7780
68 ABR o 6.06 29.79 0.8585 0.4602 LL [log,o(p~ 1)) 8.84 13.63 0.8992 0.7780
69 DTR 148 indices 7.73 29.79 0.7595 0.4196 Ridge o’ 8.81 13.73 0.9004 0.7745
70 RFR [log1o(p~ 1)) 3.10 29.98 0.9663 0.4549 KR P’ 8.77 13.73 0.9013 0.7744
71 RFR PCR 3.80 30.09 0.9474 0.4311 BR 0 7.82 13.92 0.9208 0.7690
72 GBR PCR 4.78 30.12 0.9118 0.4938 BR o’ 7.55 13.93 0.9262 0.7687
73 ABR o 5.90 30.39 0.8666 0.4474 PLSR [logyo(p~1)])" 10.22 13.99 0.8623 0.7664
74 ABR 148 indices 6.76 30.57 0.8176 0.4167 DTR o’ 12.24 14.01 0.8027 0.7663
75 GBR [log1o(p~1))" 2.58 30.59 0.9765 0.4504  Lasso PCR 13.49 14.08 0.7627 0.7726
76 PLSR PCR 6.62 30.64 0.8236 0.2909 LL PCR 13.50 14.10 0.7624 0.7718
7 ABR [log1o(p~1)])" 5.92 30.69 0.8684 0.4429  Lasso o 8.99 14.12 0.8957 0.7620
78 DTR o 8.05 30.73 0.7389 0.4068 LL o’ 8.98 14.13 0.8958 0.7619
79 ABR [log,o(p~ 1)) 6.14 30.75 0.8550 0.4643 Lasso p 12.44 14.14 0.7966 0.7668
80 ABR PCR 6.48 30.87 0.8375 0.4498 PLSR P’ 10.65 14.25 0.8507 0.7574
81 KNR 148 indices 7.96 30.99 0.7506 0.4603 Lasso log1o(p™1) 12.64 14.28 0.7901 0.7616
82 SVR 148 indices 6.30 31.01 0.8416 0.3742 DTR [logyo(p~1)])" 12.53 14.34 0.7932 0.7544
83 SVR logyo(p™1) 5.43 31.23 0.8829 0.4745 KNR p 14.05 14.55 0.7480 0.7772
84 SVR p 5.39 31.45 0.8845 0.4720 BR PCR 10.69 14.79 0.8506 0.7393
85 GBR log;o(p™1) 4.23 31.56 0.9355 0.5033 DTR logo(p™1) 12.06 14.85 0.8083 0.7369
86 KNR g 7.53 31.59 0.7840 0.3632 KNR log0(p™ 1) 14.23 14.99 0.7425 0.7615
87 RFR p 4.29 31.59 0.9345 0.5317 DTR PCR 13.99 15.06 0.7423 0.7302
88 RFR logyo(p~1) 3.33 31.63 0.9624 0.5206 DTR p 12.03 15.22 0.8094 0.7237
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Table S.15 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

89 DTR log,o(p™1) 7.37 31.68 0.7814 0.5197 DTR 0 12.59 15.37 0.7911 0.7210
90 DTR p 7.37 31.69 0.7814 0.5224 DTR 148 indices 11.19 15.63 0.8350 0.7097
91 GBR p 3.43 31.73 0.9576 0.5085 KR PCR 12.00 15.94 0.8124 0.6974
92 KNR [log1o(p~ 1)) 7.75 32.00 0.7694 0.4231 Ridge PCR 12.00 15.94 0.8122 0.6972
93 ABR logyo(p~1) 7.38 32.01 0.7947 0.5169 MLPR  pcr 8.07 16.25 0.9177 0.6955
94 KNR o 8.23 32.10 0.7539 0.4129 KNR PCR 13.37 17.59 0.7873 0.6780
95 KNR [log1o(p~1))" 8.48 32.33 0.7366 0.4486 Ridge log,o(p™1) 10.87 18.31 0.8453 0.6352
96 ABR p 7.56 32.35 0.7822 0.5114 KNR [logyo(p~ 1)) 14.79 19.23 0.7522 0.6102
97 KNR PCR 8.70 34.06 0.7188 0.4814 KNR 0 16.30 19.56 0.6583 0.5564
98 SVR [log1o(p~ 1)) 3.03 34.28 0.9649 0.5647 PLSR PCR 13.13 21.77 0.7730 0.5224
99 SVR PCR 3.59 34.61 0.9500 0.4326 BR log,o(p™1) 9.84 23.44 0.8732 0.5157
100  SVR o 3.04 34.84 0.9646 0.5143 KNR o’ 20.07 24.99 0.6754 0.4469
101 KNR p 9.12 35.80 0.6844 0.4433 KNR [log1o(p~1)])" 17.81 25.30 0.7602 0.4031
102 KNR logo(p™1) 9.60 35.96 0.6606 0.4339 LL log1,(p™1) 7.96 25.85 0.9171 0.4694
103 SVR o 2.52 38.54 0.9765 0.4513 KR log1o(p™1) 8.98 26.23 0.8944 0.4627
104 SVR [log1o(p~1))" 2.80 39.03 0.9710 0.4618 GPR 148 indices 0.00 28.75 1.0000 0.1493
105 GPR 148 indices 0.00 39.56 1.0000 0.0000 GPR p 0.00 28.93 1.0000 0.0002
106 GPR p 0.00 39.56 1.0000 0.0000  GPR o 0.00 28.93 1.0000 0.0000
107  GPR I’ 0.00 39.56 1.0000 0.0000 GPR o’ 0.00 28.93 1.0000 0.0000
108 GPR o 0.00 39.56 1.0000 0.0000 GPR logyo(p~! 0.00 28.93 1.0000 0.0002
109 GPR logyo(p~t 0.00 39.56 1.0000 0.0000 GPR [logyo(p~ 1)) 0.00 28.93 1.0000 0.0000
110 GPR [log1o(p~ 1)) 0.00 39.56 1.0000 0.0000 GPR [logyo(p~1)])" 0.00 28.93 1.0000 0.0000
111 GPR [log,o(p~1))" 0.00 39.56 1.0000 0.0000  GPR PCR 0.00 28.93 1.0000 0.0000
112 GPR PCR 0.00 39.56 1.0000 0.0000 PLSR log,o(p™1) 10.04 36.07 0.8673 0.3240

I AdaBoostRegressor, ABR; BayesianRidge, BR; DecisionTreeRegressor, DTR; GaussianProcessRegressor, GPR; GradientBoostingRegressor,
GBR; KernelRidge, KR; KNeighborsRegressor, KNR; LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor,
RFR; and support vector regression, SVR.

73



Table S.16: Goodness-of-fit statistics, including root mean squared errors (ARMSE) and coefficients of determination (r?) between measured and
modeled area-basis cotton leaf chlorophyll a (Chl a, ug cm~2) for training and testing of 14 machine learning methods from Python’s “scikit-learn”
package with 8 input data sets derived from leaf spectral reflectance (p). The 8 input data sets included spectral reflectance (p); the first and second
derivatives of reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;, p~!) and its first and second derivatives
[(logyo p~ 1) and (logyq p~1)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1. Models were
trained and tested by experiment using data from the 2019-2020 and 2021-2022 cotton field studies at Maricopa, Arizona, USA, respectively. Models
were also trained and tested using an 80% and 20% random split of all from both experiments. Results are ranked according to the %YRMSE of model
testing.

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method! Input data %RMSE  %RMSE r? r? Method! Input data %RMSE  %RMSE r? r?

1 LL [log1o(p _1)}” 6.12 21.55 0.8436 0.5089 MLPR 148 indices 9.34 10.62 0.8623 0.8397
2 Lasso [loglo( by 6.12 21.55 0.8436 0.5089 GBR [logyo(p~1)])" 2.54 10.71 0.9906 0.8392
3 MLPR 3.45 21.55 0.9523 0.4521 GBR o’ 2.40 11.00 0.9915 0.8286
4 PLSR [log1o(p~ 1)) 6.12 21.93 0.8416 0.4820 RFR [log,o(p~ 1)) 5.47 11.03 0.9584 0.8304
5 MLPR  [log;o(p~ 1)) 3.49 22.10 0.9513 0.4543 GBR [logyo(p~ 1)) 3.49 11.06 0.9821 0.8258
6 BR [log1o(p~1)])" 5.54 22.11 0.8722 0.4815 SVR 148 indices 9.17 11.17 0.8678 0.8267
7 Lasso o 6.36 22.25 0.8309 0.4698 RFR [logyo(p~1)])" 4.62 11.19 0.9721 0.8260
8 LL o’ 6.37 22.25 0.8309 0.4698 MLPR  log,,(p™ 1) 9.67 11.23 0.8522 0.8224
9 BR o 5.64 22.26 0.8672 0.4640 MLPR »p 9.06 11.25 0.8706 0.8209
10 LL o 5.85 22.26 0.8569 0.4696 ABR llogyo(p~ 1)) 9.16 11.31 0.8753 0.8278
11 Lasso I’ 5.85 22.27 0.8567 0.4694 SVR llog,o(p~ 1)) 2.84 11.32 0.9885 0.8254
12 MLPR  p” 3.62 22.28 0.9480 0.4667 SVR 0 2.50 11.32 0.9910 0.8202
13 MLPR  [log;o(p™1)]” 3.87 22.29 0.9406 0.4944 SVR PCR 4.55 11.52 0.9691 0.8113
14 Ridge [log1o(p~1))" 5.82 22.30 0.8596 0.4840 RFR o 4.89 11.58 0.9669 0.8094
15 KR [log1o(p~1))" 5.82 22.30 0.8596 0.4840 RFR o’ 5.67 11.64 0.9550 0.8115
16 BR [log1o(p~ 1)) 5.54 22.40 0.8718 0.4778 GBR 0 4.03 11.66 0.9755 0.8045
17 KR [log1o(p~ 1)) 5.66 22.41 0.8663 0.4821 SVR p 9.19 11.78 0.8679 0.8081
18 Ridge [log,o(p™ 1)) 5.66 22.41 0.8661 0.4823 RFR 148 indices 5.18 11.81 0.9617 0.8028
19 BR I’ 5.62 22.43 0.8679 0.4539 GBR log;o(p~1) 5.32 11.85 0.9585 0.8008
20 Ridge I’ 5.76 22.46 0.8615 0.4558 SVR log;o(p™1) 9.23 11.88 0.8665 0.8050
21 KR o 5.76 22.46 0.8615 0.4558 LL 148 indices 10.88 11.89 0.8120 0.7975
22 KR o’ 5.93 22.48 0.8540 0.4649 GBR PCR 5.86 11.99 0.9489 0.7948
23 Ridge o 5.93 22.48 0.8538 0.4649 KR 148 indices 11.08 12.01 0.8051 0.7940
24 Lasso [log1o(p™ 1)) 5.83 22.49 0.8576 0.4939 MLPR  [log;o(p~1)]” 4.94 12.05 0.9639 0.7919
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Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

25 LL [log,o(p~ 1)) 5.85 22.50 0.8570 0.4944 ABR 0 9.22 12.06 0.8779 0.8025
26 PLSR [logyo(p~1))" 6.42 22.61 0.8262 0.4918 GBR p 5.05 12.08 0.9629 0.7927
27 MLPR 148 indices 5.53 22.75 0.8719 0.4974 RFR PCR 4.91 12.11 0.9680 0.7952
28 PLSR I’ 6.13 22.83 0.8414 0.4430 KNR 148 indices 10.60 12.14 0.8222 0.7889
29 PLSR o 6.34 22.92 0.8301 0.4544 RFR log,,(p™1) 6.15 12.20 0.9470 0.7899
30 BR 148 indices 7.40 23.40 0.7686 0.5112 GBR 148 indices 5.69 12.21 0.9513 0.7869
31 Ridge 148 indices 7.39 23.44 0.7695 0.5108 MLPR  [log;o(p~1)] 4.55 12.33 0.9691 0.7812
32 KR logo(p™1) 6.06 23.72 0.8453 0.4564 MLPR  p/ 4.17 12.35 0.9739 0.7809
33 KR p 6.23 23.90 0.8362 0.4638 PLSR 0 10.58 12.35 0.8221 0.7807
34 Ridge p 6.24 23.93 0.8356 0.4636 RFR p 6.06 12.37 0.9482 0.7826
35 Ridge logyo(p~1) 5.66 24.08 0.8652 0.3886 ABR [logyo(p~1)])" 9.55 12.37 0.8761 0.8098
36 LL log,o(p~ 1) 6.22 24.21 0.8368 0.4703 PLSR [log,o(p~ 1))’ 11.25 12.39 0.7987 0.7821
37 PLSR log;o(p™1) 6.41 24.36 0.8265 0.4519 ABR PCR 10.01 12.43 0.8540 0.7931
38 PLSR p 6.46 24.43 0.8236 0.4366 BR 148 indices 12.00 12.45 0.7714 0.7810
39 Lasso 148 indices 6.98 24.68 0.7946 0.4960 Ridge 148 indices 12.02 12.47 0.7705 0.7806
40 Lasso logyo(p~1) 6.65 24.77 0.8132 0.4939 Lasso 148 indices 11.90 12.50 0.7752 0.7781
41 LL p 6.46 24.84 0.8241 0.4599 ABR o’ 9.37 12.59 0.8791 0.7930
42 BR log,o(p~ 1) 6.65 24.89 0.8136 0.4825 ABR 148 indices 10.63 12.60 0.8260 0.7799
43 LL 148 indices 6.38 2491 0.8281 0.4473 ABR p 11.31 12.61 0.8080 0.7892
44 Lasso p 6.72 25.23 0.8098 0.4726 PLSR 148 indices 11.04 12.68 0.8064 0.7687
45 BR p 6.71 25.27 0.8103 0.4640 MLPR pcr 7.21 12.73 0.9206 0.7667
46 MLPR p 6.17 25.38 0.8399 0.4854 MLPR ! 3.15 12.82 0.9854 0.7636
47 MLPR  log;y(p1) 5.62 25.43 0.8676 0.4543 BR p 9.74 12.83 0.8501 0.7645
48 PLSR PCR 6.36 25.54 0.8294 0.5170  Lasso [log1o(p™H)] 10.02 12.84 0.8431 0.7658
49 DTR 148 indices 7.41 25.62 0.7679 0.4199 LL [log1o(p™ D)) 10.00 12.84 0.8438 0.7656
50 GBR o 2.67 25.63 0.9722 0.4556  Ridge p 10.51 12.85 0.8253 0.7656
51 KR 148 indices 6.52 25.68 0.8206 0.4358 PLSR p 10.33 12.89 0.8303 0.7630
52 PLSR 148 indices 6.54 25.69 0.8193 0.4107 BR PCR 9.96 12.90 0.8435 0.7620
53 RFR o’ 2.89 25.81 0.9701 0.4299 KR P 9.40 12.91 0.8602 0.7609
54 BR PCR 6.09 25.83 0.8442 0.4686 Ridge [logya(p~ 1)) 8.52 12.94 0.8879 0.7598
55 KR PCR 6.09 25.83 0.8444 0.4681 KR [logyo(p~1)]" 8.51 12.94 0.8882 0.7597
56 Ridge PCR 6.09 25.84 0.8445 0.4678 SVR o’ 2.32 12.97 0.9926 0.7860
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Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

57 DTR o 7.40 25.90 0.7688 0.4146 Ridge [log,o(p~ 1)) 8.90 13.02 0.8765 0.7566
58 GBR 148 indices 0.41 25.97 0.8804 0.4490 KR [logio(p~ 1)) 8.90 13.02 0.8767 0.7564
59 RFR [log1o(p~1))" 3.54 26.07 0.9533 0.4386 ABR log1,(p™1) 11.53 13.05 0.8095 0.7837
60 RFR I’ 3.18 26.09 0.9629 0.4199 LL 0 9.82 13.15 0.8497 0.7523
61 DTR [logyo(p~1)])" 7.20 26.09 0.7810 0.4166  Lasso 0 9.80 13.16 0.8500 0.7517
62 Lasso PCR 6.33 26.09 0.8315 0.4143 KR PCR 11.04 13.18 0.8083 0.7526
63 LL PCR 6.32 26.13 0.8320 0.4123 Ridge PCR 11.05 13.19 0.8079 0.7525
64 GBR g 3.90 26.19 0.9396 0.4285 SVR [log1o(p~1)])" 2.32 13.23 0.9926 0.7761
65 RFR 148 indices 3.63 26.19 0.9490 0.4206 PLSR [logyo(p~1)]" 10.74 13.27 0.8167 0.7472
66 GBR [logyo(p~1))" 3.31 26.21 0.9578 0.4224  Ridge 0 8.64 13.30 0.8839 0.7453
67 KNR 148 indices 7.25 26.38 0.7820 0.4557 KR 0 8.63 13.31 0.8842 0.7450
68 ABR 148 indices 6.56 26.57 0.8205 0.4323 BR [log,o(p~ 1)) 7.25 13.32 0.9180 0.7452
69 ABR g 6.07 26.59 0.8479 0.4328 Lasso [logyo(p~1)])" 8.14 13.33 0.8968 0.7444
70 GBR [log1o(p~ 1)) 2.36 26.60 0.9780 0.4301 LL [log1o(p~1)])" 8.15 13.33 0.8967 0.7443
71 RFR [log1o(p~ 1)) 2.93 26.79 0.9692 0.4489  Lasso PCR 12.45 13.42 0.7559 0.7480
72 ABR o 5.64 26.88 0.8729 0.4277 LL PCR 12.43 13.45 0.7568 0.7464
73 DTR PCR 8.08 26.95 0.7243 0.4329 LL p 9.64 13.49 0.8529 0.7387
74 ABR [log,o(p~1))" 5.70 26.97 0.8716 0.4287 Ridge o’ 8.28 13.59 0.8940 0.7344
75 GBR PCR 3.19 26.98 0.9603 0.4356 KR P’ 8.26 13.59 0.8945 0.7343
76 DTR I’ 8.06 27.04 0.7259 0.4057 DTR o’ 11.65 13.59 0.7843 0.7352
7 ABR PCR 6.42 27.07 0.8330 0.4454 PLSR o 10.64 13.61 0.8202 0.7340
78 RFR PCR 3.16 27.12 0.9631 0.4179  Lasso p 11.68 13.62 0.7838 0.7367
79 ABR [log,o(p™ 1)) 6.05 27.29 0.8508 0.4488 DTR p 12.76 13.80 0.7414 0.7267
80 MLPR  pcr 4.39 27.43 0.9211 0.3084 KNR p 12.94 13.81 0.7420 0.7471
81 SVR 148 indices 5.89 27.85 0.8545 0.3409 Lasso log1o(p™1) 11.74 13.81 0.7813 0.7277
82 RFR p 3.81 27.92 0.9462 0.4933 DTR log,o(p™1) 12.76 13.83 0.7414 0.7253
83 RFR logyo(p~1) 4.13 28.01 0.9367 0.4900 DTR 148 indices 11.00 13.90 0.8078 0.7232
84 KNR o 7.06 28.02 0.8005 0.3482 LL o’ 8.21 13.92 0.8951 0.7222
85 DTR [log1o(p~ 1)) 7.65 28.19 0.7530 0.4128 Lasso P’ 8.19 13.93 0.8957 0.7220
86 GBR p 4.15 28.28 0.9350 0.4824 BR P’ 7.02 13.97 0.9232 0.7215
87 GBR logyo(p~1) 3.73 28.29 0.9474 0.4768 BR llogyo(p~ 1)) 7.56 14.04 0.9106 0.7173
88 KNR o 8.14 28.43 0.7521 0.4027 KNR log,,(p™1) 13.29 14.21 0.7302 0.7364
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Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

89 KNR [log,o(p~ 1)) 7.79 28.44 0.7606 0.4193 BR 0 7.27 14.43 0.9173 0.7033
90 KNR [logyo(p~1)])" 8.19 28.52 0.7442 0.4571 DTR [logio(p~ 1)) 10.46 14.43 0.8262 0.7009
91 SVR log;o(p™1) 5.20 28.53 0.8871 0.4585 DTR PCR 11.43 14.80 0.7923 0.6865
92 ABR logyo(p~1) 7.38 28.57 0.7865 0.5085 DTR [logyo(p~1)])" 11.42 14.91 0.7925 0.6834
93 ABR p 7.27 28.57 0.7919 0.5040 DTR 0 11.13 15.26 0.8032 0.6805
94 SVR p 5.23 28.76 0.8860 0.4575 KNR PCR 11.71 16.22 0.7990 0.6512
95 DTR log,o(p~ 1Y) 7.40 29.46 0.7687 0.4330 KNR [logio(p~ 1))’ 13.00 17.22 0.7685 0.6126
96 KNR PCR 8.27 29.68 0.7351 0.4804 PLSR PCR 12.17 17.50 0.7648 0.5918
97 DTR p 7.83 30.00 0.7414 0.4299 KNR 0 14.93 17.85 0.6523 0.5471
98 SVR [log1o(p~ 1)) 2.44 31.27 0.9763 0.5624 KNR o 17.35 21.59 0.6825 0.4697
99 SVR PCR 3.66 31.56 0.9457 0.4231 KNR [logyo(p~1)])" 17.46 21.80 0.6762 0.4524
100  SVR I’ 2.39 31.65 0.9772 0.5135 BR log,o(p™1) 9.66 21.95 0.8524 0.4769
101 KNR p 9.22 32.64 0.6652 0.3697  Ridge log,o(p™1) 9.64 22.10 0.8532 0.4735
102 KNR log1o(p™1) 9.50 32.72 0.6517 0.3699 LL log,o(p™1) 7.73 25.60 0.9056 0.3990
103 SVR o 1.77 35.21 0.9882 0.4488 KR log0(p™ 1) 8.89 25.88 0.8751 0.3967
104 SVR [log1o(p~1))" 1.97 35.66 0.9854 0.4606 GPR 148 indices 0.00 26.21 1.0000 0.1291
105 GPR 148 indices 0.00 36.00 1.0000 0.0005 GPR p 0.00 26.36 1.0000 0.0007
106 GPR p 0.00 36.00 1.0000 0.0000  GPR o 0.00 26.36 1.0000 0.0000
107  GPR I’ 0.00 36.00 1.0000 0.0000 GPR o’ 0.00 26.36 1.0000 0.0000
108 GPR o 0.00 36.00 1.0000 0.0000 GPR log1,(p™1) 0.00 26.36 1.0000 0.0007
109 GPR logyo(p~1) 0.00 36.00 1.0000 0.0000 GPR [logyo(p~ 1)] 0.00 26.36 1.0000 0.0000
110 GPR [logyo(p 1)} 0.00 36.00 1.0000 0.0000 GPR [log1o(p~1)])" 0.00 26.36 1.0000 0.0000
111  GPR [log,o(p~1)])" 0.00 36.00 1.0000 0.0000 GPR PCR 0.00 26.36 1.0000 0.0000
112 GPR PCR 0.00 36.00 1.0000 0.0000 PLSR log;,(p™1) 9.53 37.22 0.8557 0.2464

I AdaBoostRegressor, ABR; BayesianRidge, BR; DecisionTreeRegressor, DTR; GaussianProcessRegressor, GPR; GradientBoostingRegressor,
GBR; KernelRidge, KR; KNeighborsRegressor, KNR; LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor,
RFR; and support vector regression, SVR.
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Table S.17: Goodness-of-fit statistics, including root mean squared errors (ARMSE) and coefficients of determination (r?) between measured and
modeled area-basis cotton leaf chlorophyll b (Chl b, ug cm~2) for training and testing of 14 machine learning methods from Python’s “scikit-learn”
package with 8 input data sets derived from leaf spectral reflectance (p). The 8 input data sets included spectral reflectance (p); the first and second
derivatives of reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;, p~!) and its first and second derivatives
[(logyo p~ 1) and (log;q p~1)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1. Models were
trained and tested by experiment using data from the 2019-2020 and 2021-2022 cotton field studies at Maricopa, Arizona, USA, respectively. Models
were also trained and tested using an 80% and 20% random split of all from both experiments. Results are ranked according to the %YRMSE of model
testing.

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method! Input data %RMSE  %RMSE r? r? Method! Input data %RMSE  %RMSE r? r?

1 MLPR  [log;o(p~ 1)) 7.07 41.35 0.9295 0.3138 GBR [1og10( “hy 5.17 18.55 0.9885 0.8633
2 MLPR  log;o(p~t) 13.02 41.55 0.7364 0.3023 RFR p 9.60 18.94 0.9636 0.8603
3 MLPR o 8.01 42.27 0.9085 0.3413 GBR o’ 6.55 19.16 0.9820 0.8512
4 Lasso p 14.99 42.68 0.6493 0.3377 RFR [logyo(p~ 1)) 9.84 19.26 0.9610 0.8607
5 Lasso logyo(p~1) 15.16 42.98 0.6412 0.3499 MLPR 148 indices 16.63 19.40 0.8742 0.8491
6 PLSR [log1o(p~1)])" 15.10 43.32 0.6435 0.3824 RFR [logyo(p~1)])" 8.30 19.67 0.9750 0.8542
7 MLPR  p” 6.49 43.42 0.9430 0.2997 GBR [logyo(p~1)])" 4.13 19.71 0.9926 0.8442
8 LL p 14.87 43.46 0.6546 0.3347  MLPR p 17.41 19.85 0.8618 0.8506
9 MLPR  [log;o(p~1)]” 5.91 43.64 0.9532 0.2798 SVR 148 indices 17.62 19.98 0.8595 0.8467
10 LL logyo(p™1) 15.03 43.77 0.6473 0.3474 GBR 0 7.99 20.19 0.9720 0.8354
11 MLPR p 13.74 43.91 0.7067 0.3386 RFR 0 11.22 20.52 0.9465 0.8311
12 PLSR o 14.49 44.23 0.6719 0.3891 MLPR  log;o(p™1) 17.52 20.54 0.8603 0.8348
13 KR p 14.68 44.56 0.6636 0.3082 GBR 148 indices 8.35 20.60 0.9705 0.8282
14 Ridge p 14.70 44.57 0.6627 0.3089 MLPR  [log;o(p~ 1)) 9.99 20.73 0.9567 0.8261
15 KR logyo(p™1) 14.72 44.60 0.6617 0.3088 ABR 0 17.72 20.82 0.8835 0.8451
16 Ridge logyo(p~1) 14.77 44.65 0.6594 0.3109 SVR 0 7.14 20.88 0.9783 0.8294
17 PLSR [log1o(p~ 1)) 14.73 44.68 0.6608 0.3928 SVR [log1o(p~ 1)) 7.19 20.93 0.9782 0.8342
18 PLSR o 14.49 44.71 0.6715 0.3647 ABR [log,o(p~ 1)) 17.91 20.95 0.8860 0.8596
19 BR p 15.12 44.73 0.6431 0.3308 GBR p 7.66 20.99 0.9756 0.8340
20 KR s 13.41 44.77 0.7223 0.3859 MLPR p 9.64 21.04 0.9598 0.8201
21 Ridge o 13.41 44.77 0.7221 0.3861 PLSR 148 indices 21.16 21.16 0.7947 0.8217
22 BR o 13.58 44.83 0.7149 0.3906 LL 148 indices 20.44 21.20 0.8085 0.8204
23 Lasso [log1o(p~ 1)) 14.29 44.88 0.6825 0.4008 RFR 148 indices 12.73 21.37 0.9312 0.8187
24 LL [log,o(p™ 1)) 14.29 44.89 0.6828 0.4003 RFR PCR 10.53 21.51 0.9587 0.8350
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Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

25 BR log,o(p™1) 15.28 44.91 0.6359 0.3456  MLPR  [log;o(p~1)])” 9.30 21.60 0.9631 0.8137
26 PLSR p 14.77 44.94 0.6591 0.2813 GBR PCR 7.28 21.60 0.9778 0.8214
27 KR [log1o(p~ 1)) 13.51 44.98 0.7179 0.3760 SVR PCR 9.28 21.67 0.9620 0.8160
28 Ridge [loglo(p by 13.52 44.99 0.7175 0.3762 KR 148 indices 21.71 21.69 0.7840 0.8130
29 LL I’ 14.33 44.99 0.6812 0.4125 SVR p 17.43 21.91 0.8645 0.8224
30 Lasso I’ 14.33 44.99 0.6812 0.4126 KR p 17.36 22.09 0.8625 0.8037
31 BR [log,o(p~ 1)) 13.69 45.06 0.7099 0.3814 SVR log,o(p™1) 17.60 22.14 0.8623 0.8205
32 PLSR log;o(p™1) 14.83 45.20 0.6560 0.2824 BR 148 indices 22.30 22.21 0.7721 0.8033
33 BR [logio(p~ 1)] 13.08 45.47 0.7380 0.3003 Ridge 0 16.16 22.39 0.8831 0.8014
34 Ridge [logyo(p~1))" 13.34 45.49 0.7278 0.3086 KR 0 16.14 22.39 0.8833 0.8013
35 KR [loglo(p by 13.34 45.49 0.7277 0.3086 ABR o’ 17.86 22.40 0.8878 0.8222
36 KR o 13.39 45.63 0.7254 0.3356 GBR log,o(p™1) 7.10 22.41 0.9796 0.8027
37 Ridge o’ 13.40 45.63 0.7250 0.3359 BR p 18.57 22.42 0.8427 0.8004
38 BR o’ 13.11 45.63 0.7367 0.3255 Lasso 148 indices 22.53 22.49 0.7672 0.7979
39 GBR I’ 7.81 45.68 0.9146 0.3269 KNR 148 indices 20.53 22.52 0.8072 0.7979
40 Lasso [log1o(p~1))" 14.19 46.42 0.6904 0.3106 MLPR  p” 11.37 22.68 0.9446 0.7915
41 LL [log1o(p~1))" 14.19 46.42 0.6905 0.3106 Ridge [log,o(p~ 1)) 16.43 22.72 0.8792 0.7950
42 GBR [loglo( by 2.50 46.56 0.9922 0.2892 KR [logio(p~ 1))’ 16.36 22.73 0.8801 0.7946
43 LL 14.33 46.62 0.6843 0.3411 RFR p 13.64 22.79 0.9248 0.8009
44 Lasso p” 14.33 46.62 0.6842 0.3412 BR 0 14.56 22.83 0.9046 0.7900
45 BR 148 indices 15.86 47.21 0.6072 0.3573 RFR log,o(p™1) 14.78 22.84 0.9102 0.7985
46 Ridge 148 indices 15.90 47.27 0.6051 0.3563 ABR [1og10( —byy 17.74 22.86 0.8889 0.8173
47 Lasso 148 indices 15.40 47.36 0.6294 0.3176 SVR o’ 5.05 22.88 0.9895 0.8050
48 MLPR 148 indices 13.35 47.87 0.7240 0.2945 BR [log1o(p~ 1)) 14.97 23.14 0.8991 0.7843
49 GBR [log1o(p~1))" 5.89 48.06 0.9535 0.2934 Ridge p 19.93 23.15 0.8189 0.7897
50 SVR logyo(p~1) 13.43 48.26 0.7211 0.3121 PLSR p 19.65 23.26 0.8229 0.7850
51 RFR [log1o(p~ 1)) 6.67 48.28 0.9455 0.3495 PLSR 0 17.88 23.38 0.8534 0.7817
52 GBR o 3.30 48.42 0.9860 0.3455 SVR [logio(p~1)]" 5.05 23.44 0.9895 0.7964
53 SVR p 13.36 48.48 0.7242 0.2898 LL p 18.31 23.47 0.8470 0.7794
54 MLPR  pcr 9.14 48.55 0.8759 0.0847 ABR PCR 20.35 23.50 0.8561 0.8113
55 ABR [log1o(p~ 1)) 11.87 48.74 0.8175 0.3373  Ridge 148 indices 23.73 23.50 0.7422 0.7795
56 LL 148 indices 14.95 48.76 0.6507 0.2376 LL 0 15.73 23.70 0.8885 0.7762

Continued on next page

79



Table S.17 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

57 ABR I’ 11.93 48.77 0.8253 0.3651 PLSR [log,o(p~ 1)) 18.20 23.74 0.8480 0.7737
58 RFR o 9.02 48.77 0.8886 0.3499  Lasso o 15.45 23.76 0.8924 0.7745
59 RFR o’ 7.23 49.07 0.9383 0.3811 KR [logyo(p~1)])" 16.83 23.81 0.8742 0.7750
60 GBR 148 indices 8.95 49.15 0.8873 0.2911 Ridge [logyo(p~1)])" 16.86 23.82 0.8738 0.7750
61 RFR 148 indices 8.94 49.68 0.8933 0.3505 BR [logyo(p~1)])" 14.95 23.83 0.8999 0.7710
62 RFR [log1o(p~1)])" 8.01 49.79 0.9209 0.3210 BR o’ 14.92 23.98 0.9001 0.7669
63 GBR PCR 3.90 49.92 0.9796 0.3333 KR o’ 17.15 24.07 0.8693 0.7683
64 KR 148 indices 14.61 50.18 0.6662 0.1967 Ridge P’ 17.20 24.08 0.8684 0.7682
65 GBR p 8.40 50.34 0.9028 0.2783 LL [log1o(p™H)] 16.17 24.24 0.8822 0.7631
66 ABR logyo(p~1) 14.66 50.43 0.7368 0.3518 Lasso [logo(p~H)] 16.11 24.25 0.8829 0.7628
67 ABR o 11.96 50.47 0.8280 0.3772 DTR o 22.67 24.28 0.7644 0.7580
68 ABR p 14.68 50.54 0.7284 0.3414 ABR 148 indices 22.16 24.49 0.8019 0.7742
69 RFR PCR 6.46 50.71 0.9517 0.3411  Lasso [log1o(p~1)])" 16.60 24.65 0.8767 0.7561
70 DTR g 16.03 50.84 0.5984 0.3081 LL [log1o(p~1)])" 16.76 24.67 0.8745 0.7559
71 ABR [log1o(p~1))" 12.21 50.89 0.8154 0.3096 ABR log1o(p™1) 25.49 24.80 0.7303 0.7848
72 SVR [log1o(p~ 1)) 5.80 51.08 0.9499 0.3464 DTR 148 indices 23.75 25.11 0.7413 0.7420
73 DTR 148 indices 17.01 51.09 0.5475 0.3284 ABR p 25.37 25.21 0.7483 0.7864
74 GBR log,o(p~ 1) 8.65 01.17 0.9020 0.2581 LL o’ 19.30 25.38 0.8334 0.7441
75 PLSR 148 indices 14.79 51.29 0.6579 0.1557  Lasso P’ 19.29 25.38 0.8336 0.7440
76 DTR [log1o(p~ 1)) 15.60 51.45 0.6196 0.1886  Ridge log1o(p™1) 22.69 25.41 0.7650 0.7437
7 DTR o 16.89 51.83 0.5540 0.3015 Lasso p 22.46 25.46 0.7693 0.7453
78 RFR p 9.82 51.87 0.8711 0.3136 DTR [logo(p~H)] 21.00 25.59 0.7977 0.7342
79 ABR 148 indices 15.56 51.95 0.6431 0.3320 PLSR [logio(p~ M) 19.03 25.80 0.8339 0.7317
80 RFR log;o(p™1) 9.60 52.01 0.8764 0.3121  Lasso logo(p™") 22.79 25.82 0.7624 0.7384
81 SVR 148 indices 13.41 52.09 0.7219 0.2173 PLSR o’ 19.77 25.87 0.8208 0.7310
82 ABR PCR 12.37 52.38 0.8049 0.3285 DTR 0 19.38 26.00 0.8278 0.7237
83 SVR I’ 6.98 52.43 0.9286 0.3648 KNR log,o(p™1) 25.48 26.21 0.7099 0.7544
84 KNR o 14.83 52.47 0.6602 0.2886 KNR p 26.04 26.55 0.6988 0.7537
85 KNR [log1o(p~1))" 15.54 52.69 0.6358 0.2972 LL logo(p™") 16.89 27.15 0.8698 0.7101
86 DTR PCR 15.16 52.75 0.6406 0.2865 DTR PCR 23.23 27.17 0.7525 0.6964
87 KNR [log1o(p~ 1)) 14.54 52.78 0.6718 0.2498 DTR [logyo(p~1)])" 21.69 28.63 0.7842 0.6642
88 KNR o 15.66 52.83 0.6345 0.3442 DTR p 24.51 29.30 0.7246 0.6466
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Table S.17 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

89 LL PCR 14.46 53.09 0.6757 0.0834 DTR log,o(p™1) 24.23 29.41 0.7307 0.6450
90 BR PCR 14.28 53.10 0.6839 0.0727  BR logo(p™1) 18.32 31.38 0.8471 0.6370
91 Lasso PCR 14.48 53.19 0.6750 0.0825 KNR PCR 22.83 34.05 0.7833 0.5873
92 DTR [log1o(p~1))" 16.68 53.19 0.5651 0.2078 MLPR  pcr 15.37 34.52 0.8964 0.5596
93 SVR PCR 9.00 53.22 0.8795 0.2769  Lasso PCR 22.79 35.67 0.7645 0.5163
94 KNR 148 indices 15.94 53.39 0.6098 0.3057 LL PCR 22.79 35.68 0.7645 0.5162
95 Ridge PCR 14.06 53.64 0.6933 0.0649 KR log,o(p™1) 16.63 35.76 0.8740 0.5783
96 KR PCR 14.06 53.64 0.6934 0.0648 BR PCR 19.29 36.08 0.8309 0.5269
97 DTR p 16.70 53.68 0.5638 0.2712 KNR 0 30.20 36.97 0.6144 0.5024
98 DTR logyo(p~1) 16.61 53.87 0.5685  0.2647 KNR [log1o(p~ 1)) 32.22 38.28 0.6022  0.5417
99 KNR p 17.32 54.95 0.5550 0.3068 KR PCR 21.50 38.49 0.7911 0.4719
100 KNR log,o(p~ 1Y) 17.61 55.19 0.5385 0.3187  Ridge PCR 21.48 38.49 0.7915 0.4720
101  KNR PCR 15.98 56.61 0.6153 0.2434 KNR [logyo(p~1)])" 41.09 48.60 0.5374 0.3539
102 SVR o 4.80 57.86 0.9679 0.3312 KNR o’ 39.15 49.05 0.6130 0.3110
103 SVR [log1o(p~1))" 5.07 58.53 0.9638 0.3194 GPR 148 indices 0.00 49.13 1.0000 0.1467
104 GPR p 0.00 59.37 1.0000 0.0000 GPR p 0.00 49.45 1.0000 0.0006
105 GPR I’ 0.00 59.37 1.0000 0.0000 GPR 0 0.00 49.45 1.0000 0.0000
106 GPR o’ 0.00 59.37 1.0000 0.0000  GPR o’ 0.00 49.45 1.0000 0.0000
107 GPR log;o(p™1) 0.00 59.37 1.0000 0.0000 GPR log1o(p™1) 0.00 49.45 1.0000 0.0007
108 GPR [logio(p~ 1)] 0.00 59.37 1.0000 0.0000 GPR [logyo(p~ 1)] 0.00 49.45 1.0000 0.0000
109 GPR [logyo(p~1))" 0.00 59.37 1.0000 0.0000 GPR [logyo(p~1)])" 0.00 49.45 1.0000 0.0000
110 GPR PCR 0.00 59.37 1.0000 0.0000 GPR PCR 0.00 49.45 1.0000 0.0000
111 GPR 148 indices 0.00 59.37 1.0000 0.0001 PLSR log,o(p™1) 18.46 51.85 0.8438 0.4102
112 PLSR PCR 14.65 60.51 0.6643 0.0334 PLSR PCR 23.03 55.71 0.7567 0.2780

I AdaBoostRegressor, ABR; BayesianRidge, BR; DecisionTreeRegressor, DTR; GaussianProcessRegressor, GPR; GradientBoostingRegressor,
GBR; KernelRidge, KR; KNeighborsRegressor, KNR; LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor,
RFR; and support vector regression, SVR.
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Table S.18: Goodness-of-fit statistics, including root mean squared errors (ARMSE) and coefficients of determination (r?) between measured and
modeled mass-basis cotton leaf chlorophyll a+b (Chl a+b, mg g~!) for training and testing of 14 machine learning methods from Python’s “scikit-learn”
package with 8 input data sets derived from leaf spectral reflectance (p). The 8 input data sets included spectral reflectance (p); the first and second
derivatives of reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;, p~!) and its first and second derivatives
[(logyo p~ 1) and (logyq p~1)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1. Models were
trained and tested by experiment using data from the 2019-2020 and 2021-2022 cotton field studies at Maricopa, Arizona, USA, respectively. Models
were also trained and tested using an 80% and 20% random split of all from both experiments. Results are ranked according to the %YRMSE of model
testing.

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method! Input data %RMSE  %RMSE r? r? Method! Input data %RMSE  %RMSE r? r?

1 ABR 148 indices 12.20 16.61 0.7900 0.2277 SVR 0 4.90 12.65 0.9600 0.7525
2 RFR [log,o(p~ 1)) 6.66 17.20 0.9458 0.1613 SVR [log,o(p~ 1)) 4.22 12.70 0.9704 0.7503
3 ABR I’ 10.72 17.23 0.8483 0.1075 MLPR  [log;o(p~ 1)) 7.25 12.81 0.9138 0.7437
4 ABR [log1o(p~ 1)) 10.74 17.52 0.8443 0.1231  MLPR p’ 7.78 12.89 0.9002 0.7410
5 RFR I’ 6.02 17.62 0.9582 0.15646 SVR [logyo(p~1)])" 3.61 13.11 0.9797 0.7404
6 RFR [log1o(p~1)])" 6.47 17.64 0.9525 0.1121  MLPR p 11.25 13.20 0.7791 0.7290
7 ABR o 10.30 17.94 0.8698 0.0617 SVR o’ 3.99 13.21 0.9747 0.7368
8 GBR 148 indices 6.06 17.94 0.9481 0.1644 SVR PCR 6.81 13.25 0.9216 0.7256
9 GBR [log1o(p~ 1)) 6.43 18.12 0.9418 0.1236 MLPR 148 indices 10.95 13.36 0.7909 0.7212
10 RFR 148 indices 6.47 18.14 0.9482 0.1807 SVR 148 indices 10.62 13.38 0.8032 0.7215
11 RFR o’ 5.15 18.31 0.9710 0.0983 MLPR  [log;o(p~1)])” 7.66 13.51 0.9056 0.7158
12 GBR o 5.44 18.36 0.9588 0.1038 GBR o’ 3.76 13.72 0.9793 0.7084
13 ABR [log1o(p~1))" 10.26 18.52 0.8692 0.0403 GBR [log,o(p~ 1)) 3.29 13.77 0.9835 0.7081
14 GBR o 5.59 18.86 0.9564 0.0607 MLPR  log;o(p~ 1) 11.27 13.77 0.7780 0.7049
15 DTR I’ 15.55 18.87 0.6295 0.1401 SVR log1,(p™1) 10.04 13.80 0.8244 0.7023
16 ABR PCR 11.68 19.17 0.8132 0.1332 Ridge [log1o(p~ 1)) 11.00 13.89 0.7915 0.6991
17 SVR 148 indices 10.25 19.31 0.8406 0.1006 KR [log,o(p~ 1)) 11.01 13.90 0.7913 0.6991
18 GBR [log1o(p~1))" 4.51 19.55 0.9718 0.0441 BR [log,o(p~ 1)) 10.35 13.90 0.8150 0.6999
19 BR 148 indices 13.14 19.57 0.7357 0.1307 GBR [log,o(p~ 1))’ 6.67 13.99 0.9287 0.6978
20 Ridge 148 indices 13.20 19.59 0.7330 0.1371  SVR P 9.32 14.02 0.8487 0.6926
21 KNR [log1o(p~ 1)) 13.57 19.61 0.7265 0.1040 PLSR llogyo(p~ 1)) 12.65 14.26 0.7170 0.6840
22 KNR o 13.51 19.62 0.7302 0.0713 GBR o 4.77 14.29 0.9660 0.6845
23 MLPR 148 indices 10.28 19.63 0.8400 0.1258 MLPR  p” 7.49 14.32 0.9099 0.6831
24 Lasso 148 indices 12.72 19.73 0.7520 0.1015 PLSR 148 indices 13.18 14.33 0.6930 0.6789

Continued on next page
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Table S.18 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

25 KNR o 13.99 19.84 0.7183 0.0910 RFR o’ 6.82 14.35 0.9414 0.6911
26 KNR PCR 15.02 19.88 0.6723 0.2102 KR p 11.66 14.36 0.7609 0.6785
27 PLSR [log1o(p~ 1)) 10.47 20.09 0.8319 0.0881 KR o 11.05 14.38 0.7899 0.6788
28 Lasso [log1o(p~ 1)) 10.07 20.23 0.8469 0.1099 Ridge 0 11.06 14.38 0.7894 0.6788
29 LL [log1o(p~ 1)) 10.05 20.24 0.8473 0.1097 LL 148 indices 13.01 14.45 0.7011 0.6737
30 ABR p 12.78 20.24 0.7700 0.2102 BR 0 10.35 14.47 0.8152 0.6772
31 RFR log,o(p~ 1) 7.26 20.29 0.9367 0.2415 KR 148 indices 13.14 14.51 0.6951 0.6708
32 LL 148 indices 12.29 20.29 0.7685 0.0678  Ridge p 12.35 14.56 0.7319 0.6689
33 RFR PCR 6.49 20.29 0.9522 0.1382 GBR 148 indices 7.78 14.59 0.9020 0.6694
34 Ridge [log1o(p~ 1)) 9.64 20.36 0.8598 0.0915 PLSR 0 11.98 14.63 0.7462 0.6721
35 SVR [log,o(p~ 1)) 4.31 20.37 0.9732 0.1510 BR p 12.53 14.65 0.7239 0.6647
36 KR [log,o(p~ 1)) 9.60 20.39 0.8610 0.0913 RFR [logyo(p 71)]” 5.65 14.71 0.9608 0.6798
37 KNR [log1o(p~1))" 13.28 20.39 0.7425 0.1186 KR [logyo(p~1)])" 10.81 14.77 0.8012 0.6646
38 BR [log1o(p~ 1)) 9.48 20.48 0.8644 0.0909 Ridge [log1o(p~1)])" 10.82 14.77 0.8010 0.6646
39 ABR logyo(p~1) 13.06 20.50 0.7592 0.2177 PLSR p 12.14 14.77 0.7393 0.6629
40 DTR 148 indices 14.67 20.61 0.6701 0.1202 BR [log1o(p~1)])" 10.21 14.77 0.8218 0.6669
41 MLPR  log;o(p~t) 10.78 20.61 0.8232 0.1582 RFR 0 5.41 14.78 0.9635 0.6691
42 RFR p 7.50 20.63 0.9307 0.2334 ABR o 11.21 14.78 0.7956 0.6775
43 KR 148 indices 12.14 20.63 0.7741 0.0485 RFR [logyo(p 1)] 6.63 14.78 0.9393 0.6641
44 DTR [log1o(p~ 1)) 13.48 20.79 0.7214 0.0979  Lasso [logyo(p~ 1)) 11.64 14.87 0.7659 0.6550
45 GBR PCR 3.95 20.81 0.9793 0.1045 LL [log1o(p~ 1)) 11.64 14.87 0.7657 0.6550
46 SVR PCR 4.96 21.00 0.9648 0.1493 Lasso 148 indices 13.47 14.90 0.6793 0.6529
47 KR log,o(p~ 1) 10.23 21.06 0.8402 0.0819 RFR 148 indices 5.95 14.93 0.9512 0.6583
48 Ridge log;o(p™1) 11.19 21.30 0.8084 0.1033 LL p 12.22 14.99 0.7373 0.6504
49 PLSR 148 indices 12.19 21.36 0.7724 0.0604 Ridge 148 indices 13.58 15.01 0.6745 0.6479
50 DTR [log1o(p~1))" 13.91 21.41 0.7034 0.0569 GBR log,o(p™1) 4.55 15.10 0.9716 0.6492
51 Ridge I’ 9.60 21.49 0.8612 0.0749 ABR [logyo(p~ 1)) 10.93 15.12 0.8067 0.6537
52 KR I’ 9.59 21.50 0.8614 0.0749 ABR o’ 10.96 15.13 0.8238 0.6673
53 KNR 148 indices 14.16 21.55 0.6985 0.1216 GBR PCR 6.13 15.16 0.9459 0.6427
54 SVR g 3.72 21.55 0.9803 0.0783 BR 148 indices 13.80 15.17 0.6637 0.6403
55 Lasso I’ 10.11 21.55 0.8455 0.0942 ABR [logyo(p~1)])" 10.89 15.20 0.8259 0.6653
56 BR I’ 9.50 21.56 0.8639 0.0747 GBR p 5.47 15.21 0.9573 0.6435
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Table S.18 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

57 LL I’ 10.11 21.57 0.8458 0.0942  Lasso 0 12.01 15.25 0.7510 0.6373
58 GBR log,o(p™ 1Y) 6.99 21.63 0.9339 0.2030 LL o 12.01 15.25 0.7509 0.6372
59 GBR p 6.57 21.64 0.9413 0.1828 LL logo(p~! 11.00 15.29 0.7873 0.6396
60 PLSR I’ 10.57 21.71 0.8287 0.0625  Lasso [logyo(p~1)])" 12.24 15.33 0.7438 0.6349
61 KR p 10.19 21.71 0.8414 0.0778 LL [logyo(p~1)])" 12.26 15.34 0.7429 0.6342
62 PLSR logyo(p~1) 11.48 21.76 0.7981 0.1006 KR o’ 11.00 15.42 0.7940 0.6390
63 MLPR p 10.40 21.83 0.8358 0.1274  Ridge o’ 11.01 15.42 0.7935 0.6389
64 Ridge [log1o(p~1))" 10.06 21.86 0.8481 0.0592 BR P’ 10.33 15.43 0.8174 0.6419
65 KR [log1o(p~1)]" 10.06 21.86 0.8481 0.0592 RFR log1,(p™1) 7.35 15.49 0.9276 0.6357
66 PLSR p 11.37 21.94 0.8017 0.0847 PLSR [logyo(p~1)])" 11.89 15.50 0.7502 0.6388
67 Lasso [logyo(p~1))" 10.38 22.12 0.8377 0.0587 PLSR PCR 12.81 15.52 0.7099 0.6317
68 LL [log1o(p~1))" 10.37 22.13 0.8378 0.0587  Lasso p 13.63 15.65 0.6724 0.6186
69 SVR [log1o(p~1)])" 2.39 22.14 0.9926 0.1510 RFR p 8.81 15.66 0.8896 0.6272
70 BR [log1o(p~1))" 9.65 22.22 0.8599 0.0684 KR log1,(p™1) 11.37 15.72 0.7724 0.6238
71 LL logyo(p~1) 10.79 22.24 0.8220 0.0760  Lasso o’ 12.35 15.84 0.7384 0.6131
72 PLSR [log1o(p~1))" 11.61 22.29 0.7934 0.0385 LL o’ 12.35 15.84 0.7383 0.6130
73 SVR o 2.38 22.40 0.9927 0.0859 RFR PCR 5.81 15.93 0.9599 0.6089
74 SVR log,o(p~ 1Y) 9.74 22.60 0.8566 0.0614  Ridge log;o(p~1) 11.45 15.94 0.7695 0.6149
75 SVR p 9.73 22.67 0.8572 0.0676 KNR 148 indices 14.02 16.00 0.6550 0.6018
76 KR o 10.04 22.69 0.8488 0.05641 PLSR o’ 12.63 16.10 0.7181 0.6167
7 Ridge o 10.03 22.70 0.8491 0.0541 ABR 148 indices 12.25 16.14 0.7452 0.6083
78 BR PCR 10.57 22.73 0.8303 0.0881 ABR PCR 11.77 16.40 0.7773 0.5888
79 DTR p 16.48 22.77 0.5836 0.2089 KNR [log,o(p~ 1))’ 14.58 16.59 0.6326 0.5734
80 KR PCR 10.22 22.87 0.8413 0.0891 ABR p 13.44 16.77 0.6867 0.5632
81 Ridge PCR 10.21 22.88 0.8415 0.0891 MLPR pcr 8.23 16.77 0.8868 0.5950
82 BR logyo(p™1) 11.92 22.88 0.7828 0.1081 ABR log1o(p™1) 13.86 17.00 0.6705 0.5552
83 DTR logyo(p™) 16.55 22.88 0.5804 0.1971 KNR 0 15.03 17.01 0.6067 0.5505
84 BR o 9.72 23.01 0.8580 0.0629 KNR PCR 14.65 17.05 0.6354 0.5571
85 Lasso o’ 10.74 23.04 0.8262 0.0468 DTR P’ 14.75 17.14 0.6152 0.5437
86 LL o’ 10.74 23.04 0.8262 0.0468 DTR [log1o(p~1)])" 14.91 17.50 0.6069 0.5285
87 LL p 10.35 23.08 0.8364 0.0656 DTR 148 indices 14.91 17.55 0.6068 0.5257
88 MLPR  [log;o(p~ 1)) 6.16 23.15 0.9451 0.0494 DTR log,o(p™1) 16.21 17.69 0.5355 0.5141
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Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

89 DTR o 13.39 23.28 0.7253 0.0506  Lasso log,o(p™1) 13.73 17.74 0.6676 0.5304
90 GPR 148 indices 0.00 23.37 1.0000 0.0013 DTR [logio(p~ 1)) 14.02 17.99 0.6525 0.5096
91 GPR p 0.00 23.37 1.0000 0.0000 KNR p 16.70 18.01 0.5186 0.5091
92 GPR I’ 0.00 23.37 1.0000 0.0000 KNR o’ 16.76 18.22 0.5313 0.5005
93 GPR o 0.00 23.37 1.0000 0.0000 DTR p 17.06 18.33 0.4853 0.4802
94 GPR logyo(p~1) 0.00 23.37 1.0000 0.0000 KNR logyo(p~! 17.26 18.34 0.4932 0.5019
95 GPR [log,o(p~ 1)) 0.00 23.37 1.0000 0.0000 BR log,o(p~! 12.59 18.39 0.7213 0.5170
96 GPR [log1o(p~1))" 0.00 23.37 1.0000 0.0000 KNR [log1o(p~1)])" 17.13 18.48 0.5296 0.5167
97 GPR PCR 0.00 23.37 1.0000 0.0000 DTR 0 15.35 18.48 0.5835 0.4760
98 BR p 12.06 23.45 0.7777 0.0933 PLSR log,o(p™1) 12.21 19.42 0.7364 0.4941
99 MLPR  [log;o(p~1)]” 6.45 23.55 0.9405 0.0652 DTR PCR 16.09 19.51 0.5422 0.4204
100  Ridge p 12.16 23.55 0.7741 0.0947 BR PCR 12.00 19.54 0.7482 0.4847
101 PLSR o’ 11.32 23.61 0.8038 0.0233 KR PCR 12.32 19.63 0.7350 0.4773
102 MLPR  p” 6.82 24.17 0.9331 0.0489 Ridge PCR 12.33 19.63 0.7346 0.4771
103 MLPR  pcr 7.59 24.19 0.9153 0.0444 LL PCR 12.67 22.66 0.7199 0.3828
104 DTR PCR 14.11 24.50 0.6949 0.1149  Lasso PCR 12.64 22.85 0.7212 0.3789
105  Lasso log,o(p™1) 12.01 24.59 0.7794 0.0845 GPR 148 indices 0.00 25.09 1.0000 0.1032
106 MLPR p/ 6.49 24.64 0.9389 0.0463 GPR p 0.00 25.31 1.0000 0.0176
107  Lasso p 12.15 25.30 0.7739 0.0681 GPR log,o(p™1) 0.00 25.31 1.0000 0.0175
108 PLSR PCR 11.31 25.67 0.8041 0.0825 GPR 0 0.00 25.31 1.0000 0.0000
109 KNR p 17.35 25.71 0.5520 0.0404 GPR o’ 0.00 25.31 1.0000 0.0000
110 KNR logyo(p™1) 17.00 25.80 0.5699 0.0435 GPR [log1o(p~ 1)) 0.00 25.31 1.0000 0.0000
111  LL PCR 10.65 28.03 0.8276 0.0407 GPR [log,o(p~ 1)) 0.00 25.31 1.0000 0.0000
112 Lasso PCR 10.58 28.25 0.8297 0.0404 GPR PCR 0.00 25.31 1.0000 0.0000

I AdaBoostRegressor, ABR; BayesianRidge, BR; DecisionTreeRegressor, DTR; GaussianProcessRegressor, GPR; GradientBoostingRegressor,
GBR; KernelRidge, KR; KNeighborsRegressor, KNR; LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor,
RFR; and support vector regression, SVR.
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Table S.19: Goodness-of-fit statistics, including root mean squared errors (ARMSE) and coefficients of determination (r?) between measured and
modeled mass-basis cotton leaf chlorophyll a (Chl a, mg g~!) for training and testing of 14 machine learning methods from Python’s “scikit-learn”
package with 8 input data sets derived from leaf spectral reflectance (p). The 8 input data sets included spectral reflectance (p); the first and second
derivatives of reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;, p~!) and its first and second derivatives
[(logyo p~ 1) and (logyq p~1)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1. Models were
trained and tested by experiment using data from the 2019-2020 and 2021-2022 cotton field studies at Maricopa, Arizona, USA, respectively. Models
were also trained and tested using an 80% and 20% random split of all from both experiments. Results are ranked according to the %YRMSE of model
testing.

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method! Input data %RMSE  %RMSE r? r? Method! Input data %RMSE  %RMSE r? r?

1 RFR [log1o(p~ 1)) 6.55 16.97 0.9510 0.1135 SVR 0 4.67 12.75 0.9614 0.7414
2 SVR [log1o(p~ 1)) 4.67 17.40 0.9698 0.1231 SVR [log,o(p~ 1)) 4.39 12.98 0.9660 0.7306
3 KNR [log,o(p~1))" 13.40 17.55 0.7451 0.1307  MLPR  [log;o(p~ 1)) 8.05 13.10 0.8864 0.7234
4 ABR [log1o(p~ 1)) 10.71 17.74 0.8514 0.0792 SVR [log1o(p~1)])" 3.62 13.17 0.9782 0.7306
5 ABR o 11.01 17.75 0.8531 0.0618 MLPR p 7.78 13.24 0.8945 0.7173
6 SVR [log1o(p~1)])" 2.43 17.79 0.9926 0.1232 SVR o’ 3.72 13.26 0.9765 0.7275
7 RFR [log1o(p~1))" 6.91 17.80 0.9485 0.0734 MLPR 148 indices 10.63 13.50 0.7891 0.7059
8 KNR [log,o(p™ 1)) 13.49 17.88 0.7362 0.1119  MLPR  [log;o(p~1)]” 7.77 13.74 0.8970 0.6970
9 ABR PCR 11.70 17.92 0.8218 0.0859 MLPR  pcr 8.02 13.78 0.8856 0.6928
10 SVR o 2.42 18.09 0.9927 0.0698 SVR 148 indices 10.69 13.80 0.7859 0.6933
11 SVR PCR 5.34 18.18 0.9604 0.1064 SVR PCR 7.10 13.80 0.9094 0.6916
12 ABR P 13.32 18.19 0.7654 0.1449 MLPR p 10.85 13.84 0.7794 0.6895
13 KNR PCR 15.08 18.28 0.6787 0.1304 GBR [log,o(p~ 1)) 6.92 14.07 0.9215 0.6921
14 GBR g 5.60 18.46 0.9578 0.0692 SVR log,o(p™1) 10.25 14.27 0.8042 0.6692
15 KNR o 14.28 18.56 0.7159 0.0708 SVR p 10.09 14.33 0.8102 0.6658
16 ABR [log1o(p~1))" 10.11 18.56 0.8782 0.0354 GBR o’ 3.56 14.35 0.9804 0.6729
17 SVR I’ 3.52 18.56 0.9830 0.0616 BR [log,o(p~ 1)) 10.43 14.42 0.7988 0.6647
18 ABR o 10.20 18.66 0.8750 0.0341 MLPR p” 7.91 14.43 0.8932 0.6658
19 GPR 148 indices 0.00 18.70 1.0000 0.0002 KR [log,o(p~ 1))’ 11.02 14.44 0.7764 0.6632
20 GPR p 0.00 18.70 1.0000 0.0000 Ridge llogyo(p~ 1)) 11.03 14.45 0.7758 0.6631
21 GPR I’ 0.00 18.70 1.0000 0.0000 GBR 0 6.54 14.59 0.9297 0.6591
22 GPR o 0.00 18.70 1.0000 0.0000 GBR [logyo(p~ 1)) 6.55 14.61 0.9324 0.6607
23 GPR logyo(p™1) 0.00 18.70 1.0000 0.0000 PLSR [log1o(p~ 1)) 11.98 14.78 0.7277 0.6485
24 GPR [log,o(p™ 1)) 0.00 18.70 1.0000 0.0000 MLPR  log,o(p™ 1) 11.96 14.99 0.7318 0.6351
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Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

25 GPR [logyo(p~1))" 0.00 18.70 1.0000 0.0000 KR p 11.73 15.00 0.7403 0.6348
26 GPR PCR 0.00 18.70 1.0000 0.0000 LL 148 indices 13.15 15.01 0.6718 0.6348
27 ABR logyo(p™1) 13.04 18.71 0.7701 0.1273 KR 0 11.07 15.02 0.7750 0.6368
28 ABR 148 indices 12.37 18.79 0.7863 0.1235 Ridge 0 11.10 15.02 0.7738 0.6366
29 GBR [log1o(p~ 1)) 4.92 18.83 0.9670 0.0719 PLSR 148 indices 13.56 15.06 0.6511 0.6330
30 RFR I’ 5.77 18.93 0.9644 0.0896 BR 0 10.42 15.06 0.7999 0.6366
31 RFR PCR 6.60 19.10 0.9531 0.0895 ABR [log,o(p~ 1)) 10.65 15.07 0.8216 0.6678
32 SVR 148 indices 10.39 19.10 0.8415 0.0626 RFR P’ 5.75 15.10 0.9589 0.6492
33 RFR o 6.15 19.23 0.9585 0.0554 RFR llogyo(p~ 1)) 6.85 15.13 0.9330 0.6402
34 RFR logyo(p~1) 6.79 19.36 0.9482 0.1515 GBR 148 indices 6.13 15.14 0.9401 0.6316
35 GBR 148 indices 6.15 19.46 0.9491 0.1025 LL [logyo(p~ 1)) 11.72 15.17 0.7460 0.6268
36 RFR p 7.78 19.55 0.9277 0.1539  Lasso [log,o(p~ 1))’ 11.73 15.17 0.7457 0.6265
37 RFR 148 indices 6.99 19.55 0.9413 0.1178 Ridge p 12.45 15.19 0.7074 0.6248
38 GBR [log1o(p~1))" 5.35 19.63 0.9615 0.0488 ABR [logyo(p~ 1)) 10.95 15.21 0.7940 0.6386
39 GBR logyo(p~1) 6.87 19.76 0.9391 0.1414 KR 148 indices 13.51 15.25 0.6541 0.6237
40 KNR I’ 13.36 19.78 0.7446 0.0575 ABR 0 11.18 15.29 0.7952 0.6533
41 GBR p 6.80 19.91 0.9393 0.1364 PLSR 0 11.87 15.32 0.7326 0.6274
42 DTR 148 indices 14.89 20.01 0.6707 0.0925 PLSR p 12.25 15.34 0.7151 0.6201
43 GBR PCR 4.27 20.39 0.9769 0.0693 BR [log1o(p~1)])" 10.54 15.34 0.7969 0.6271
44 MLPR  log;o(p~1) 10.91 20.55 0.8244 0.0685 BR p 12.79 15.36 0.6913 0.6162
45 GBR o 5.17 20.60 0.9639 0.0315 KR [logyo(p~1)])" 11.17 15.38 0.7736 0.6231
46 DTR p 17.65 20.64 0.5374 0.1287  Ridge [logyo(p~1)])" 11.17 15.38 0.7734 0.6231
47 DTR log,o(p~ 1Y) 17.65 20.64 0.5374 0.1287 KR log,,(p™1) 11.45 15.42 0.7525 0.6159
48 KNR 148 indices 14.09 21.08 0.7103 0.0927 RFR o 6.61 15.45 0.9430 0.6330
49 Lasso 148 indices 13.03 21.27 0.7482 0.0743 LL log1o(p™1) 11.21 15.46 0.7627 0.6135
50 BR 148 indices 13.40 21.34 0.7336 0.0958 RFR [logyo(p~1)])" 6.74 15.47 0.9396 0.6347
51 MLPR p 10.65 21.43 0.8327 0.0606 RFR 148 indices 6.07 15.50 0.9503 0.6212
52 SVR p 9.27 21.65 0.8749 0.0207 LL p 11.75 15.50 0.7393 0.6111
53 SVR log,o(p™1) 9.32 21.67 0.8733 0.0231 GBR p 4.88 15.56 0.9661 0.6158
54 MLPR 148 indices 10.41 21.79 0.8414 0.0730 GBR PCR 5.30 15.63 0.9575 0.6080
55 DTR [log1o(p~ 1)) 14.07 21.97 0.7063 0.0673  Lasso 148 indices 13.83 15.63 0.6373 0.6038
56 Lasso [log1o(p~ 1)) 9.74 22.08 0.8614 0.0794 GBR log,y(p™1) 4.60 15.67 0.9678 0.6102
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Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

57 LL [log,o(p~ 1)) 9.73 22.11 0.8617 0.0791 LL 0 11.95 15.68 0.7368 0.6015
58 PLSR log,o(p~ 1) 11.66 22.15 0.7981 0.0526  Lasso o 11.94 15.68 0.7371 0.6015
59 Ridge 148 indices 13.90 22.18 0.7142 0.1275 ABR P’ 10.89 15.76 0.8071 0.6281
60 KR [log1o(p~ 1)) 9.34 22.44 0.8726 0.0617  Lasso [logyo(p~1)])" 12.55 15.82 0.7120 0.5977
61 Ridge [log1o(p~ 1)) 9.34 22.44 0.8726 0.0617 LL [logyo(p~1)])" 12.56 15.82 0.7115 0.5975
62 DTR [logyo(p~1))" 14.66 22.46 0.6812 0.0249 BR 148 indices 14.13 15.93 0.6213 0.5879
63 BR log,o(p~ 1) 12.07 22.46 0.7842 0.0620 BR o’ 10.63 16.02 0.7933 0.5993
64 BR [log1o(p~ 1)) 9.27 22.53 0.8745 0.0616 KR o’ 11.30 16.05 0.7679 0.5943
65 KNR log;o(p~t 18.03 22.60 0.5323 0.0114  Ridge o’ 11.33 16.06 0.7669 0.5941
66 KNR p 18.03 22.74 0.5310 0.0087  Ridge 148 indices 14.36 16.06 0.6094 0.5814
67 PLSR p 10.77 22.87 0.8278 0.0602 PLSR [logyo(p~1)])" 12.14 16.10 0.7203 0.5968
68 BR PCR 10.54 22.92 0.8369 0.0737  Lasso p 13.67 16.26 0.6466 0.5716
69 Ridge p 11.99 23.01 0.7869 0.0527 RFR log,o(p™1) 7.54 16.46 0.9206 0.5736
70 LL logo(p™1) 10.74 23.05 0.8292 0.0353 RFR PCR 7.64 16.50 0.9244 0.5697
71 KR 148 indices 12.16 23.17 0.7806 0.0027 RFR p 8.33 16.53 0.8989 0.5688
72 DTR PCR 14.56 23.19 0.6854 0.0657 LL o’ 12.15 16.53 0.7295 0.5665
73 BR p 12.23 23.21 0.7784 0.0534 Lasso o’ 12.15 16.54 0.7295 0.5664
74 DTR g 14.76 23.39 0.6766 0.0984 ABR 148 indices 12.52 16.59 0.7150 0.5715
75 KR p 9.80 23.52 0.8580 0.0449 ABR PCR 11.64 16.71 0.7676 0.5543
76 KR PCR 9.89 23.59 0.8559 0.0745 Lasso log1,(p™1) 13.54 16.73 0.6532 0.5491
7 Ridge PCR 9.88 23.60 0.8561 0.0745 KNR 148 indices 14.16 16.80 0.6227 0.5466
78 LL 148 indices 12.09 23.67 0.7832 0.0009 PLSR o’ 12.83 16.85 0.6877 0.5659
79 KR o 9.32 23.88 0.8732 0.0470 BR PCR 12.02 16.89 0.7295 0.5537
80 Ridge g 9.30 23.90 0.8739 0.0471 KNR [logyo(p~ 1)) 14.03 16.93 0.6294 0.5397
81 PLSR [log1o(p~ 1)) 10.86 23.91 0.8250 0.0337 Ridge PCR 12.36 16.96 0.7145 0.5476
82 BR I’ 9.28 23.92 0.8743 0.0471 KR PCR 12.38 16.97 0.7138 0.5473
83 PLSR 148 indices 12.43 23.93 0.7707 0.0189 KNR [log1o(p~1)])" 15.29 17.05 0.5697 0.5435
84 Lasso I’ 9.95 23.93 0.8555 0.0573 ABR p 13.94 17.54 0.6531 0.5111
85 KR logo(p™1) 9.95 23.94 0.8536 0.0359 BR logo(p™1) 12.78 17.56 0.6916 0.5196
86 LL g 9.93 23.96 0.8561 0.0575 Ridge log1,(p™1) 12.79 17.57 0.6911 0.5194
87 Lasso logyo(p~1) 12.29 24.03 0.7764 0.0503 KNR PCR 14.40 17.57 0.6132 0.4994
88 LL p 10.26 24.07 0.8443 0.0367 KNR 0 14.86 17.71 0.5899 0.5033
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Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

89 PLSR I’ 10.66 24.27 0.8313 0.0346 ABR log,o(p™1) 13.97 18.01 0.6430 0.4781
90 PLSR [logy(p~™1)])" 11.28 24.36 0.8110 0.0301 KNR P’ 15.92 18.07 0.5244 0.4735
91 PLSR PCR 11.55 24.41 0.8020 0.0861 PLSR log;o(p~! 12.37 18.31 0.7096 0.5006
92 Lasso [log1o(p~1))" 10.35 24.48 0.8440 0.0466 DTR [logyo(p~1)])" 14.81 18.48 0.5841 0.4523
93 LL [log1o(p~1))" 10.33 24.49 0.8445 0.0465 DTR [log1o(p~ 1)) 14.36 18.52 0.6089 0.4503
94 Ridge [log1o(p~1)])" 9.82 24.56 0.8599 0.0435 KNR log,o(p™1) 17.30 18.87 0.4494 0.4450
95 KR [log,o(p~1))" 9.82 24.56 0.8599 0.0435 KNR p 16.95 18.90 0.4693 0.4335
96 Lasso PCR 10.72 24.63 0.8310 0.0616 LL PCR 12.80 19.02 0.6940 0.4584
97 LL PCR 10.72 24.63 0.8312 0.0492 DTR PCR 15.34 19.22 0.5533 0.4121
98 DTR o 13.65 24.65 0.7236 0.0445 DTR o 14.74 19.32 0.5876 0.4194
99 Lasso p 12.45 24.79 0.7703 0.0409  Lasso PCR 12.86 19.35 0.6913 0.4462
100 BR [log1o(p~1))" 9.49 25.00 0.8690 0.0425 DTR 148 indices 15.01 19.45 0.5726 0.3942
101 PLSR o’ 11.47 25.07 0.8046 0.0141 DTR p 17.58 19.48 0.4135 0.3849
102 MLPR  [log;o(p~ )] 5.86 25.66 0.9522 0.0329 DTR log,,(p™1) 17.58 19.48 0.4135 0.3849
103 KR o 9.76 25.93 0.8617 0.0344 DTR 0 15.61 19.98 0.5379 0.3710
104  Ridge o 9.76 25.93 0.8618 0.0344 PLSR PCR 12.95 20.29 0.6816 0.4338
105 BR o 9.55 26.21 0.8674 0.0341 GPR 148 indices 0.00 24.62 1.0000 0.0970
106  Lasso o’ 10.62 26.52 0.8356 0.0278 GPR p 0.00 24.85 1.0000 0.0239
107 LL o 10.62 26.53 0.8358 0.0278 GPR 0 0.00 24.85 1.0000 0.0000
108  MLPR  [log;o(p~1)]” 6.62 26.89 0.9392 0.0410 GPR o’ 0.00 24.85 1.0000 0.0000
109 MLPR 5.78 27.59 0.9535 0.0217 GPR logyo(p~! 0.00 24.85 1.0000 0.0239
110  MLPR  pcr 7.13 28.03 0.9279 0.0157 GPR [log1o(p~ 1)) 0.00 24.85 1.0000 0.0000
111  MLPR p” 6.53 28.11 0.9410 0.0270 GPR [log,o(p~ 1)) 0.00 24.85 1.0000 0.0000
112 Ridge logo(p™1) 8.81 33.52 0.8855 0.0120 GPR PCR 0.00 24.85 1.0000 0.0000

I AdaBoostRegressor, ABR; BayesianRidge, BR; DecisionTreeRegressor, DTR; GaussianProcessRegressor, GPR; GradientBoostingRegressor,
GBR; KernelRidge, KR; KNeighborsRegressor, KNR; LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor,
RFR; and support vector regression, SVR.
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Table S.20: Goodness-of-fit statistics, including root mean squared errors (%RMSE) and coefficients of determination (r?) between measured and
modeled mass-basis cotton leaf chlorophyll b (Chl b, mg g~!) for training and testing of 14 machine learning methods from Python’s “scikit-learn”
package with 8 input data sets derived from leaf spectral reflectance (p). The 8 input data sets included spectral reflectance (p); the first and second
derivatives of reflectance (p’ and p”, respectively); the base-10 logarithm of the inverse of reflectance (log;, p~!) and its first and second derivatives
[(logyo p~ 1) and (logyq p~1t)”, respectively]; continuum-removed reflectance (pcr); and the set of 148 spectral indices from Table S.1. Models were
trained and tested by experiment using data from the 2019-2020 and 2021-2022 cotton field studies at Maricopa, Arizona, USA, respectively. Models
were also trained and tested using an 80% and 20% random split of all from both experiments. Results are ranked according to the %YRMSE of model

testing.
Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method! Input data %RMSE  %RMSE r? r? Method! Input data %RMSE  %RMSE r? r?

1 MLPR  [log;o(p~ 1)) 8.59 33.92 0.9264 0.0870 SVR PCR 10.19 16.87 0.9357 0.8075
2 MLPR o 10.21 34.00 0.8936 0.1016 MLPR  [log;o(p~ 1)) 9.52 16.91 0.9446 0.8070
3 MLPR  p” 10.14 34.04 0.8975 0.1045 MLPR p 16.90 17.07 0.8146 0.8028
4 MLPR  [log;o(p~1)]” 9.84 34.16 0.9045 0.1012 MLPR p 10.96 17.15 0.9259 0.8021
5 BR 148 indices 18.25 34.20 0.6362 0.2290 GBR 0 10.95 17.37 0.9262 0.7965
6 Ridge 148 indices 18.21 34.23 0.6375 0.2270  MLPR  log;o(p™?) 17.38 17.38 0.8037 0.7961
7 GBR o 7.96 34.35 0.9388 0.1456 SVR [log,o(p~ 1)) 6.68 17.51 0.9730 0.7926
8 GBR [log,o(p~1))" 7.63 34.42 0.9444 0.1568 MLPR 148 indices 16.71 17.51 0.8186 0.7925
9 PLSR I’ 16.49 34.82 0.7026 0.1258 SVR o 5.89 17.65 0.9788 0.7887
10 Lasso 148 indices 18.19 34.91 0.6384 0.2138 GBR [log1o(p~ 1)) 13.15 17.74 0.8909 0.7874
11 LL [logyo(p~1))" 16.95 35.01 0.6914 0.1014 GBR [log1o(p~1)])" 8.20 17.80 0.9587 0.7863
12 Lasso [log1o(p~1))" 16.95 35.01 0.6914 0.1014 PLSR 148 indices 19.68 17.85 0.7460 0.7854
13 GBR PCR 6.99 35.37 0.9534 0.1720 GBR o’ 8.03 17.88 0.9623 0.7846
14 PLSR [log1o(p~1))" 17.44 35.41 0.6674 0.1113 LL 148 indices 19.61 17.96 0.7479 0.7825
15 ABR I’ 14.08 35.55 0.8154 0.1639 Ridge 148 indices 19.66 17.98 0.7465 0.7822
16 GBR 148 indices 11.43 35.58 0.8717 0.2485 KR 148 indices 19.71 18.02 0.7454 0.7813
17 Lasso o 17.24 35.58 0.6804 0.1274 RFR 0 9.04 18.04 0.9561 0.7808
18 LL o 17.24 35.58 0.6804 0.1274 GBR 148 indices 11.56 18.06 0.9172 0.7789
19 KR [log,o(p~ 1)) 15.93 35.80 0.7250 0.1518 SVR log;o(p~ 1) 15.48 18.11 0.8454 0.7785
20 Ridge [log1o(p~ 1)) 15.94 35.81 0.7248 0.1519 RFR 148 indices 11.77 18.20 0.9170 0.7758
21 BR o’ 15.74 35.84 0.7336 0.1233 GBR PCR 11.14 18.23 0.9249 0.7754
22 BR [log1o(p~1))" 15.59 35.86 0.7388 0.0867 RFR o’ 8.09 18.24 0.9672 0.7768
23 KR o 16.11 35.86 0.7208 0.1296 SVR p 14.83 18.31 0.8584 0.7742
24 Ridge o 16.11 35.86 0.7208 0.1297 SVR 148 indices 16.23 18.37 0.8308 0.7722
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Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

25 KR I’ 15.78 35.86 0.7305 0.1643 MLPR  [log;o(p~1)])” 8.68 18.40 0.9552 0.7717
26 Ridge g 15.79 35.87 0.7302 0.1645 RFR [logio(p~ 1))’ 10.04 18.43 0.9449 0.7723
27 BR [log1o(p~ 1)) 16.09 35.87 0.7194 0.1535 RFR [logyo(p~1)])" 9.09 18.51 0.9573 0.7717
28 PLSR o 17.51 35.89 0.6648 0.1558 GBR p 6.18 18.68 0.9791 0.7677
29 PLSR logyo(p~1) 16.64 35.89 0.6974 0.1222  Ridge 0 17.12 18.83 0.8123 0.7606
30 KR [logyo(p 1)] 16.02 35.92 0.7247 0.0906 KR 0 17.12 18.83 0.8125 0.7606
31 Ridge [loglo( by 16.02 35.92 0.7247 0.0906 BR 148 indices 20.53 18.83 0.7238 0.7612
32 BR g 16.01 35.97 0.7224 0.1684 Lasso 148 indices 20.39 18.84 0.7274 0.7613
33 RFR I’ 8.01 36.01 0.9456 0.2077 KR p 18.48 19.02 0.7770 0.7581
34 MLPR 148 indices 15.31 36.03 0.7467 0.1421 SVR o’ 4.98 19.16 0.9857 0.7531
35 RFR 148 indices 11.04 36.08 0.8843 0.2517  MLPR  p” 9.74 19.19 0.9429 0.7549
36 RFR o 7.22 36.12 0.9602 0.1707  Ridge p 18.99 19.21 0.7645 0.7529
37 LL g 16.01 36.18 0.7222 0.1797  Ridge llogyo(p~ 1)) 17.17 19.22 0.8113 0.7506
38 Lasso s 16.00 36.18 0.7224 0.1797 KR [1 21007 ) 17.15 19.22 0.8116 0.7505
39 GBR [log1o(p~ 1)) 4.55 36.24 0.9807 0.0886 ABR 0 16.77 19.25 0.8542 0.7799
40 LL 148 indices 17.52 36.30 0.6645 0.1253 BR 0 15.66 19.25 0.8425 0.7526
41 LL [log,o(p~ 1)) 16.63 36.40 0.7000 0.1637 GBR log0(p™1) 5.87 19.30 0.9801 0.7521
42 Lasso [log,o(p~ 1)) 16.62 36.42 0.7001 0.1634 PLSR o 19.41 19.31 0.7530 0.7492
43 ABR 148 indices 17.52 36.60 0.7000 0.2243 RFR PCR 10.68 19.36 0.9417 0.7504
44 ABR [log1o(p~ 1)) 14.01 36.87 0.8228 0.1097 BR llogyo(p~ 1)) 15.90 19.60 0.8377 0.7428
45 KR 148 indices 17.37 36.96 0.6701 0.1073 BR p 19.71 19.61 0.7463 0.7421
46 RFR [log1o(p~ 1)) 7.68 36.98 0.9511 0.1310 RFR p 12.48 19.62 0.9160 0.7440
47 LL log,o(p~ 1) 16.80 37.05 0.6919 0.1326 SVR [logio(p~ M) 3.67 19.62 0.9928 0.7418
48 MLPR p 15.18 37.05 0.7504 0.1293 RFR logqo(p™") 9.33 19.66 0.9572 0.7415
49 Lasso p 17.45 37.10 0.6677 0.1584 PLSR [loglo(p by 19.83 19.71 0.7422 0.7382
50 LL p 16.90 37.29 0.6882 0.1265 Lasso 0 17.74 19.72 0.7973 0.7383
51 Ridge logyo(p~1) 16.84 37.39 0.6904 0.1408 LL 0 17.74 19.72 0.7972 0.7382
52 KR log,o(p~ 1) 16.86 37.43 0.6897 0.1415 PLSR p 19.05 19.76 0.7620 0.7431
53  Lasso log;o(p™1) 17.42 37.52 0.6688  0.1644 Lasso llog,o(p~ 1)) 18.12 19.80 0.7885  0.7357
54 DTR g 18.56 37.60 0.6235 0.1501 LL [log1o(p™H)) 18.12 19.80 0.7884 0.7357
55 ABR o’ 14.28 37.77 0.8314 0.1162 LL p 19.02 19.95 0.7637 0.7359
56 KR p 16.91 37.77 0.6879 0.1300 Ridge [log1o(p~1)])" 16.56 19.95 0.8267 0.7315
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Training on 2019-2020 data and testing on 2021-2022 data

Training and testing based on 80%-20% random split of all data

Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

57 PLSR [logio(p~ 1)) 17.53 37.84 0.6639 0.1373 KR [log,o(p~1)])" 16.55 19.95 0.8269 0.7315
58 PLSR 148 indices 17.28 37.90 0.6735 0.0522 ABR [logio(p~ 1))’ 17.05 20.03 0.8547 0.7674
59 GBR o’ 5.11 37.90 0.9769 0.1240 KNR 148 indices 20.67 20.12 0.7223 0.7267
60 Ridge p 17.13 37.96 0.6798 0.1434 Ridge o’ 17.08 20.14 0.8151 0.7281
61 PLSR p 17.74 38.03 0.6561 0.1423 KR o’ 17.05 20.14 0.8157 0.7281
62 BR p 17.47 38.26 0.6672 0.1664 BR [log1o(p~1)])" 15.27 20.15 0.8515 0.7289
63 ABR [log,o(p~ 1)] 14.40 38.26 0.8335 0.0725 ABR 148 indices 19.44 20.24 0.7793 0.7554
64 RFR [log1o(p~1))" 10.42 38.40 0.9070 0.1482 ABR PCR 18.29 20.34 0.8138 0.7423
65 BR logyo(p~1) 17.55 38.58 0.6640 0.1805 ABR o’ 17.39 20.38 0.8303 0.7402
66 ABR PCR 15.42 38.78 0.7906 0.2091 BR o’ 15.47 20.45 0.8472 0.7239
67 DTR 148 indices 18.86 38.91 0.6110 0.1428  Lasso [logyo(p~1)])" 17.36 20.51 0.8078 0.7171
68 MLPR  log;y(p™1) 16.43 38.92 0.7061 0.2004 LL [logyo(p 1)] ! 17.42 20.52 0.8065 0.7168
69 RFR PCR 11.47 39.06 0.8806 0.2522 ABR [loglo( Hyr 17.48 20.52 0.8349 0.7443
70 DTR [logio(p~ 1)) 18.82 39.17 0.6130 0.0723 LL P’ 18.25 20.98 0.7872 0.7043
71 GBR p 10.55 39.68 0.8929 0.1494 Lasso o’ 18.26 20.98 0.7871 0.7043
72 DTR PCR 19.41 39.81 0.5883 0.2126  Lasso p 21.50 21.15 0.6978 0.6995
73 ABR log,o(p™1) 17.87 39.85 0.7002 0.2204 PLSR o’ 20.14 21.43 0.7339 0.6971
74 DTR o’ 19.63 39.96 0.5789 0.1137 PLSR [log,o(p~ 1)) 18.68 21.44 0.7710 0.6984
75 SVR [log1o(p~ 1)) 59.53 40.03 0.9690 0.0920 KNR p 24.56 21.74 0.6161 0.6970
76 GBR logyo(p~1) 8.93 40.12 0.9235 0.1429 DTR 148 indices 19.69 21.97 0.7457 0.6801
7 ABR p 17.72 40.14 0.7002 0.2119 DTR p 23.68 22.21 0.6323 0.6664
78 SVR 148 indices 15.67 40.63 0.7360 0.1161 KNR log0(p™1) 24.97 22.37 0.6074 0.6830
79 KNR g 18.90 40.96 0.6178 0.1063 DTR 0 18.81 22.86 0.7678 0.6632
80 RFR log;o(p™1) 8.70 41.14 0.9385 0.1905 DTR log;o(p™1) 23.02 22.98 0.6524 0.6431
81 DTR [log1o(p~1))" 19.36 41.20 0.5902 0.1037 ABR log;o(p™1) 21.40 23.07 0.7392 0.6695
82 SVR PCR 6.80 41.31 0.9528 0.1378 DTR [logyo(p~1)])" 22.33 23.19 0.6728 0.6424
83 SVR I’ 7.02 41.68 0.9497 0.1064 ABR p 21.63 23.28 0.7162 0.6518
84 RFR p 12.47 41.77 0.8528 0.1827 LL log,o(p™1) 18.01 23.58 0.7883 0.6507
85 KNR o’ 18.60 41.93 0.6439 0.0826 DTR P’ 21.61 23.90 0.6937 0.6234
86 SVR log;o(p™1) 16.11 42.21 0.7229 0.1181 DTR [logyo(p~ 1)) 18.93 24.33 0.7649 0.6055
87 KNR [log1o(p™1)] 17.93 42.51 0.6540 0.0448 DTR PCR 22.38 24.45 0.6715 0.5992
88 SVR p 15.88 42.56 0.7317 0.1081 KR log,y(p™1) 18.01 24.77 0.7883 0.6241
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Table S.20 — Continued from previous page

Training on 2019-2020 data and testing on 2021-2022 data Training and testing based on 80%-20% random split of all data
Training  Testing Training Testing Training  Testing  Training Testing
Rank Method® Input data %RMSE  %RMSE r2 2 Method! Input data %RMSE  %RMSE r2 r?

89 KNR 148 indices 19.80 43.24 0.5775 0.1245 Lasso log,o(p™1) 22.08 24.96 0.6813 0.5961
90 KNR [logyo(p~1)])" 19.23 43.31 0.6210 0.0406 KNR PCR 24.13 25.32 0.6620 0.6220
91 KNR PCR 20.22 44.82 0.5769 0.2204 KNR 0 27.35 26.86 0.5512 0.5683
92 DTR p 20.89 45.53 0.5228 0.1034 Ridge log1,(p™1) 18.88 27.30 0.7673 0.5629
93 DTR logyo(p~1) 20.60 46.12 0.5362 0.0955 BR log,o(p™1) 19.98 27.88 0.7393 0.5422
94 SVR o 2.85 46.15 0.9928 0.0795 KNR [log,o(p~ 1)) 28.90 29.10 0.5216 0.5273
95 SVR [log,o(p~1))" 2.86 46.21 0.9929 0.1099 PLSR log,o(p™1) 19.09 31.36 0.7610 0.4892
96 KNR p 21.65 46.98 0.5103 0.2294 KNR o’ 34.93 34.90 0.3921 0.3896
97 KNR logyo(p~1) 21.70 47.14 0.5087 0.2223  Lasso PCR 20.36 35.23 0.7312 0.3995
98 GPR p 0.00 48.13 1.0000 0.0000 LL PCR 20.38 35.49 0.7307 0.3951
99 GPR I’ 0.00 48.13 1.0000 0.0000 KNR [logyo(p~1)])" 36.31 36.56 0.3441 0.3451
100  GPR o 0.00 48.13 1.0000 0.0000 GPR 148 indices 0.00 38.12 1.0000 0.1408
101  GPR logo(p~! 0.00 48.13 1.0000 0.0000 GPR p 0.00 38.41 1.0000 0.0009
102 GPR [log1o(p~ 1)) 0.00 48.13 1.0000 0.0000 GPR 0 0.00 38.41 1.0000 0.0000
103 GPR [log1o(p~1))" 0.00 48.13 1.0000 0.0000 GPR o’ 0.00 38.41 1.0000 0.0000
104 GPR PCR 0.00 48.13 1.0000 0.0000 GPR log,,(p™1) 0.00 38.41 1.0000 0.0009
105 GPR 148 indices 0.00 48.13 1.0000 0.0010 GPR [log,o(p~ 1)) 0.00 38.41 1.0000 0.0000
106 BR PCR 16.70 51.44 0.6971 0.0055 GPR [log,o(p~ 1)) 0.00 38.41 1.0000 0.0000
107  MLPR  pcr 10.78 52.77 0.8798 0.0020 GPR PCR 0.00 38.41 1.0000 0.0000
108  Ridge PCR 16.43 52.96 0.7067 0.0040 BR PCR 18.51 38.84 0.7773 0.3660
109 KR PCR 16.43 52.99 0.7069 0.0039 KR PCR 19.28 39.37 0.7589 0.3492
110 LL PCR 16.67 54.92 0.6986 0.0057  Ridge PCR 19.28 39.37 0.7591 0.3493
111 Lasso PCR 16.64 55.47 0.6996 0.0063 MLPR  pcr 12.75 42.66 0.8980 0.3416
112 PLSR PCR 17.26 67.21 0.6745 0.0000 PLSR PCR 20.65 59.82 0.7204 0.1751

I AdaBoostRegressor, ABR; BayesianRidge, BR; DecisionTreeRegressor, DTR; GaussianProcessRegressor, GPR; GradientBoostingRegressor,
GBR; KernelRidge, KR; KNeighborsRegressor, KNR; LassoLars, LL; MLPRegressor, MLPR; PLSRegression, PLSR; RandomForestRegressor,
RFR; and support vector regression, SVR.
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Table S.21: Mean permutation importances for using each of 148 spectral vegetation indices to estimate area-basis and mass-basis chlorophyll a 4+ b
(Chl a + b), chlorophyll a (Chl a), and chlorophyll b (Chl b) with random forest machine learning models. To avoid effects of multicollinearity,
indices were grouped into 10 feature sets using hierarchical clustering, and random forest models were fit with one spectral index randomly chosen
from each feature set. Iterating over 10,000 unique model fits for each chlorophyll metric ensured each spectral index was evaluated multiple times.
Permutation importances were computed as the reduction in model fit score when values of a feature input to random forest models were permuted.
The importances of spectral indices are ranked from greatest to least.

Chl a +b (ug cm™2) Chl a (pug cm™2) Chl b (ug cm™2) Chla+b (mgg™t) Chl a (mg g™ ") Chl b (mg g™ 1)
Rank Cluster:Index! Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster: Index Imp. Cluster:Index Imp.
1 G:WUMCARI  1.413 G:WUMCARI 1302 G:WUMCARI 0.991 G:CPSR2 0.603 C:CRSR3 0.502 G:WLREIP2 0.684
2 G:WUOSAVI 1.299 G:WUOSAVI 1.260 G:WLREIP2 0.961 C:CRSR3 0.526 C:PSSRB 0.443 G:WLCWMRG 0.653
3 G:WLCWMRG 1.260 G:WLCWMRG 1.179 G:WUMOR 0.961 G:GTSR2 0.401 C:PSNDB 0.442 G:WUMCARI  0.612
4 G:WLREIP2 1.233 G:NDVI3 1.171 G:ZWLCWMRG 0.921 C:PSSRB 0.367 G:CPSR2 0.381 G:MSR2 0.606
5 G:DD 1.199 G:WUMSR 1.169 G:DD 0.860 C:PSNDB 0.366 G:GTSR2 0.288 G:DD 0.594
6 G:WUMOR 1.183 G:DD 1.158 G:MSR2 0.858 G:GSUM1 0.343 B:CAI 0.252  G:WUOSAVI 0.594
7 G:MSR2 1.179 G:WLREIP2 1.156 G:SMNDVI 0.850 G:NDVI3 0.331 C:CAINT 0.249 G:DCNI 0.589
8 G:SMNDVI 1.170 G:GSUM1 1.151 H:CRSR5 0.847 B:CAI 0.321 G:ZTSR2 0.242 G:SMNDVI 0.585
9 G:GSUM1 1.157 G:MSR2 1.117 G:WUOSAVI 0.799 H:CRSR2 0.313 G:CRSR4 0.233 G:MND3 0.565
10 G:DDN 1.146 G:CRSR4 1.115 G:DCNI 0.791 G:WUMSR 0.310 G:GSUM1 0.230 G:WLREIPG 0.545
11 G:NDVI3 1.144 G:SMNDVI 1.106 G:DDN 0.790 G:ZTSR2 0.307 G:WUMSR 0.229 G:CPSR2 0.533
12 G:WUMSR 1.137 G:MND3 1.099 G:MND3 0.783 G:CRSR4 0.303 G:VSR 0.224 G:GSUM1 0.532
13 G:MND3 1.129 G:DDN 1.099 G:WLREIPG 0.751 G:WUOSAVI 0.298 G:NDVI3 0.221 H:MMR 0.520
14 G:GTSR2 1.113 G:ZTSR2 1.085 H:MMR 0.742 G:WLREIP2 0.256 H:CRSR2 0.208 G:MTCI 0.516
15 G:WLREIPG 1.082 G:GTSR2 1.084 G:MND1 0.699 G:VSR 0.251 G:WLREIPG 0.203 G:DDN 0.510
16 G:CRSR4 1.079 G:WUMOR 1.077  G:GSUM1 0.687 G:WLCWMRG 0.250 G:DD 0.201 G:WUMOR 0.510
17 G:DNDR 1.074 G:WLREIPG 1.066 G:DNDR, 0.673 G:WLREIPG 0.243 G:WUOSAVI 0.201 G:GTSR2 0.504
18 G:ZTSR2 1.069 G:DNDR 1.056 G:NDVI3 0.668 G:DD 0.237 G:MND1 0.193 G:MND1 0.503
19 G:MTCI 1.052 G:MND1 1.042 G:DDR1 0.664 G:MND1 0.237 G:MND3 0.192 G:NDVI3 0.503
20 G:MND1 1.041 G:MTCI 1.010 G:MTCI 0.662 G:DCNI 0.237 G:MTCI 0.191 G:WUMSR 0.502
21 G:DCNI 1.004 G:VSR 0.987 G:CRSRI1 0.662 G:MND3 0.229 G:WLCWMRG 0.188 G:DNDR 0.499
22 G:VSR 0.912 G:DCNI 0.915 G:WUMSR 0.649 G:MTCI 0.221 G:WLREIP2 0.185 B:CAI 0.498
23 G:DDR1 0.828 G:WLREIPE 0.851 G:ZTDP21 0.647 G:DNDR 0.217 G:DNDR 0.179 G:DDR1 0.492
24 G:WLREIPE 0.814 G:VDR 0.837 G:GTSR2 0.637 G:DDN 0.209 G:DDN 0.174 G:CRSRI1 0.488
25 G:ZTDP21 0.797 G:DDRI1 0.805 G:CRSR4 0.625 G:DDRI1 0.203 G:DDRI1 0.171 G:CRSR4 0.470
26 G:VDR 0.770 G:ZTDRI1 0.772 G:BDR 0.605 H:ZTSR3 0.198 G:DCNI 0.163 G:ZTDP21 0.467
27 G:ZTDR1 0.710 G:ZTDP21 0.685 G:ZTSR2 0.585 G:SMNDVI 0.193 G:MSR2 0.149 G:BDR 0.455
28 G:WLREIP 0.675 G:WLREIP 0.680 G:VSR 0.499 G:MSR2 0.188 G:SMNDVI 0.148 G:ZTSR2 0.443
29 G:BDR 0.645 G:BDR 0.592 G:WLREIPE 0.480 C:CAINT 0.182 G:WLREIPE 0.145 G:VSR 0.394
30 G:CRSR1 0.508 G:CPSR2 0.475 G:BRI2 0.441 H:CI 0.175 G:ZTDR1 0.145 H:ZTSR3 0.365
31 G:CPSR2 0.507 G:DDR2 0.423 G:VDR 0.406 G:WLREIPE 0.161 H:CI 0.141 H:MOR 0.358
32 H:MMR 0.485 G:CRSRI1 0.361 H:CPSR1 0.398 G:WUMCARI  0.161 H:ZTSR3 0.140 G:WLREIPE 0.354
33 H:CRSRH 0.465 H:CRSR5 0.285 G:WLREIP 0.393 H:MOR 0.160 G:VDR 0.138 G:VDR 0.340
34 G:BRI2 0.391 G:BRI2 0.285 H:CI 0.392 G:ZTDR1 0.150 IL:PRI2 0.134 H:CI 0.326
35 G:DDR2 0.345 G:GRRREM 0.273 G:CPSR2 0.358 G:VDR 0.141 G:WUMCARI  0.128 H:CRSR5 0.322
36 G:GRRREM 0.268 H:MMR 0.266 H:MOR 0.352 H:ZTSR4 0.135 H:ZTDP22 0.111 H:ZTSR1 0.306
37 H:CPSR1 0.213 H:ZTDP22 0.247 G:ZTDR1 0.342 L[:PRI2 0.133  J:ARI 0.104 H:CARI 0.303

Continued on next page
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Table S.21 — Continued from previous page

Chl a +b (ug cm™2)

Chl a (ug cm™?)

Chl b (ug cm™?)

Chla+b (mgg™t)

Chl a (mg g™ ")

Chl b (mg g™ 1)

Rank Cluster:Index! Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster: Index Imp. Cluster:Index Imp.
38 H:CI 0.199 C:CRSR3 0.197 H:CARI 0.319 H:ZTSR1 0.132 I:PSRI 0.102 H:MCARI 0.299
39 H:MOR 0.189 H:CI 0.171 H:MCARI 0.315 H:CAR 0.131 H:ZTSR4 0.102 H:ZTSR4 0.257
40 J:ARI 0.187 H:MOR 0.150 J:ARI 0.267 H:MCARI 0.129 H:ZTSR1 0.099 G:WLREIP 0.248
41 H:ZTDP22 0.187 H:CPSR1 0.149 H:ZTSR3 0.256 H:MMR 0.123 G:DDR2 0.097 G:ZTDR1 0.237
42 C:CRSR3 0.186 H:MCARI 0.145 G:GRRREM 0.205 G:DPI 0.123 G:WUMOR 0.091 G:DPI 0.215
43 H:MCARI 0.183 J:ARI 0.129 G:DDR2 0.202 H:CARI 0.121 J:EGFN 0.090 G:BRI2 0.206
44 H:CARI 0.176 H:CARI 0.126 H:ZTSR4 0.174 I:PSRI 0.111 G:DPI 0.085 H:CRSR2 0.199
45 H:ZTSR3 0.121 J:BMSR 0.101 H:AIVI 0.159 H:CRSRbH 0.110 G:CRSR1 0.085 H:ZTSR5 0.192
46 H:TCI 0.103 H:ZTDPR1 0.090 H:BMDVI 0.150 G:WUMOR 0.110 H:MMR 0.083 B:MSI 0.190
47 H:BMDVI 0.101 H:ZTSR3 0.086 B:CAI 0.150 G:CRSR1 0.104 B:NDNI 0.079 H:CAR 0.179
48 H:AIVI 0.098 H:AIVI 0.085 H:TCI 0.132 H:WUTOR 0.097 H:MCARI 0.077 G:BRI1 0.172
49 H:CAR 0.097 J:MND2 0.084 H:ZTSRbH 0.129 B:MSI 0.095 H:ZTSRbH 0.077 H:AIVI 0.157
50 H:ZTDPR1 0.092 H:TOR 0.084 H:CAR 0.120 G:ZTDP21 0.091 H:CARI 0.076 H:CPSR1 0.154
51 H:ZTSR4 0.089 H:CAR 0.078 H:DREIP 0.117 H:ZTDP22 0.087 H:MOR 0.076 B:LCA 0.154
52 H:TCARI 0.089 H:TCI 0.077 A:EVI 0.112 H:ZTSR5 0.086 H:CAR 0.074 C:PSNDB 0.135
53 H:BD 0.080 H:ZTSRb5 0.076 G:BRI1 0.102 H:CPSR1 0.083 H:WUTOR 0.071 F:NPQI 0.134
54 H:ZTDPR2 0.079 H:WUTOR 0.075 H:ZTSR1 0.102 G:DDR2 0.082 H:CRSR5 0.071 C:PSSRB 0.133
55 J:BMLSR 0.075 J:GNDVI 0.074 G:DPI 0.099 G:BDR 0.080 H:CPSR1 0.069 H:TCI 0.130
56 J:GNDVI 0.074 J:PRI 0.073 J:CVI 0.095 J:ARI 0.076 H:ZTDPRI1 0.068 B:NDWI 0.122
57 H:TOR 0.073 H:BMDVI 0.073 C:CRSR3 0.090 J:EGFN 0.075 I:PRI3 0.067 I:PSRI 0.121
58 H:DREIP 0.073 H:ZTSR4 0.072 H:TCARI 0.085 H:AIVI 0.069 B:MSI 0.066 B:SRWI 0.120
59 H:ZTSR5 0.072 J:BMLSR 0.072 H:SPVI 0.081 G:WLREIP 0.068 F:SRPI 0.061 G:GRRREM 0.120
60 A:EVI 0.069 J:GRRGM 0.069 H:ZTDPR2 0.079 B:WI 0.067 F:NDPI 0.060 I:PRI2 0.118
61 H:ZTSR6 0.067 H:ZTDPR2 0.069 B:LCA 0.078 B:PSR 0.067 J:BGI2 0.060 G:DDR2 0.107
62 G:DPI 0.066 H:ZTSR6 0.068 H:ZTDP22 0.077 B:NDWI 0.063 F:NPCI 0.060 H:TOR 0.106
63 J:BMSR 0.064 J:MND4 0.066 H:ZTSR6 0.075 B:SRWI 0.062 J:PRI 0.060 H:ZTSR6 0.100
64 J:GRRGM 0.064 J:GTSR1 0.062 J:MND2 0.073 H:TOR 0.061 H:BMDVI 0.060 J:ARI 0.100
65 J:MND4 0.063 H:TCARI 0.060 H:TOR 0.073 F:NDPI 0.056 A:EVI 0.060 H:TCARI 0.094
66 H:ZTSR1 0.060 H:BD 0.058 F:NPQI 0.072 B:NDNI 0.055 H:AIVI 0.060 C:CRSR3 0.092
67 J:PRI 0.059 J:DND 0.054 A:FSUM 0.072 H:BMDVI 0.052 H:ZTDPR2 0.058 H:DREIP 0.090
68 A:FSUM 0.059 H:ZTSR1 0.050 A:DVI 0.070 H:TCARI 0.0561 J:RGI 0.058 B:PSR 0.088
69 J:MND2 0.059 A:EVI 0.049 D:CRI700 0.070 F:NPQI 0.051 J:MND2 0.055 B:WI 0.087
70 H:WUTOR 0.058 J:CVI 0.048 J:VARI 0.068 I:PRI3 0.0561 J:CVI 0.054 F:NDPI 0.085
71 J:-DND 0.058 G:DPI 0.047 J:MND4 0.066 F:NPCI 0.051 J:DND 0.0561 H:BD 0.079
72 F:SIPI 0.057 H:DREIP 0.045 H:BD 0.066 H:TCI 0.050 F:NPQI 0.049 H:BMDVI 0.073
73 A:PVI 0.056 C:CAINT 0.043 J:DSR2 0.065 F:SRPI 0.050 J:GMSR 0.049 H:ZTDP22 0.073
74 A:GEMI 0.055 J:GSUM2 0.042 J:DSR1 0.064 J:DND 0.048 H:ZTSR6 0.048 J:BGI2 0.071
75 A:DVI 0.055 J:RGI 0.038 H:ZTDPR1 0.064 H:ZTSR6 0.048 J:MND4 0.048 J:DND 0.069
76 A:ZTSUM 0.0564 H:CRSR2 0.038 J:BGI1 0.064 J:BGI2 0.046 H:TOR 0.047 H:ZTDPR2 0.066
7 H:CRSR2 0.053 A:PVI 0.038 A:ZTSUM 0.064 H:ZTDPRI1 0.046 J:NDVI2 0.047 J:DSR1 0.064
78 A:WDVI 0.053 A:FSUM 0.038 A:PVI 0.064 J:RGI 0.044 J:GSUM2 0.047 J:BMLSR 0.062
79 J:GTSR1 0.053 F:SIPI 0.038 A:WDVI 0.064 H:ZTDPR2 0.044 H:SPVI 0.046 J:EGFN 0.061
80 H:ESUM2 0.0561 A:GEMI 0.037 H:ESUM?2 0.063 B:PD 0.042 J:DSR2 0.046 J:MND2 0.059
81 A:EVI2 0.046 A:DVI 0.037 J:GI 0.062 J:CVI 0.041 B:PSR 0.045 J:VARI 0.059
82 J:CVI 0.045 D:CRI700 0.037 J:GMSR 0.060 J:GRRGM 0.040 B:WI 0.045 J:MND4 0.059
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Table S.21 — Continued from previous page

Chl a +b (ug cm™2)

Chl a (ug cm™?)

Chl b (ug cm™?)

Chla+b (mgg™t)

Chl a (mg g™ ")

Chl b (mg g™ 1)

Rank Cluster:Index! Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster: Index Imp. Cluster:Index Imp.
83 A:MSAVI2 0.043 A:WDVI 0.036 J:NDVI2 0.059 J:BMLSR 0.040 A:FSUM 0.045 H:ZTDPRI1 0.059
84 A:RDVI 0.043 J:CRI500 0.036 J:BGI2 0.059 J:MND2 0.039 H:TCI 0.044 B:PD 0.056
85 A:RVIOPT 0.042 I:PRI3 0.036 I:PRI2 0.058 J:PRI 0.039 F:SIPI 0.043 J:CVI 0.053
86 A:SAVI 0.042 C:PSNDB 0.035 I:PSRI 0.057 J:GMSR 0.039 A:DVI 0.042 J:GRRGM 0.053
87 H:SPVI 0.042 A:EVI2 0.035 A:GEMI 0.055 J:GTSR1 0.038 J:GI 0.042 J:GI 0.052
88 A:MSAVI1 0.041 A:ZTSUM 0.034 J:DND 0.054 J:VARI 0.037 A:ESUM1 0.042 J:TGI 0.052
89 J:RGI 0.041 J:BGI2 0.034 J:GRRGM 0.052 F:SIPI 0.036 J:GNDVI 0.041 J:BGI1 0.051
90 G:BRI1 0.040 A:SAVI 0.034 A:EVI2 0.051 J:BMSR 0.036 J:BGI1 0.040 J:GNDVI 0.051
91 J:GSUM2 0.038 C:PSSRB 0.034 J:RGI 0.051 J:NDVI2 0.035 A:ZTSUM 0.040 J:GMSR 0.051
92 I:PSRI 0.037  A:MSAVI2 0.033 A:RDVI 0.048 J:GNDVI 0.035 J:GTSR1 0.040 J:DSR2 0.051
93 C:PSNDB 0.037 A:RVIOPT 0.032 B:MSI 0.047 J:DSR2 0.035 A:PVI 0.040 H:ESUM2 0.049
94 D:CRI700 0.036 J:TGI 0.032 H:CRSR2 0.046 D:CPSR3 0.035 J:BMLSR 0.040 J:NDVI2 0.048
95 C:PSSRB 0.036 A:RDVI 0.032 F:SIPI 0.046 A:EVI 0.034 A:WDVI 0.040 B:NDNI 0.045
96 C:CAINT 0.035 I:PRI2 0.031 J:BMLSR 0.046 G:BRI2 0.034 D:CPSR3 0.039 J:BMSR 0.042
97 J:VARI 0.035 J:EGFN 0.031 A:SAVI 0.045 J:GSUM2 0.034 J:VARI 0.039 J:GTSR1 0.041
98 F:NPQI 0.034 J:GMSR 0.030 J:EGFN 0.045 J:MND4 0.034 H:ESUM2 0.039 F:SRPI 0.040
99 J:GMSR 0.034 J:NDVI2 0.030 A:RVIOPT 0.044 H:SPVI 0.032 G:WLREIP 0.039 F:NPCI 0.039
100 J:TGI 0.033 A:MSAVI1 0.030 J:GNDVI 0.044 J:GI 0.031 J:GRRGM 0.039 H:WUTOR 0.038
101 A:ESUM1 0.033 J:WUTCARI 0.030 F:NDPI 0.043 H:BD 0.030 J:BMSR 0.039 J:RGI 0.038
102 J:BGI2 0.032  J:GI 0.029 A:MSAVI2 0.042 J:CRI500 0.030 D:PSNDC 0.039 J:MTVI2 0.037
103 J:DSR1 0.032 H:ESUM2 0.029 J:GTSR1 0.042 G:GRRREM 0.029 J:CRI500 0.038 J:MCARI2 0.036
104 J:GI 0.031 J:DSR2 0.028 B:NDWI 0.040 G:BRI1 0.029 B:SRWI 0.038 I:PRI3 0.036
105 J:DSR2 0.031 B:CAI 0.028 J:TGI 0.040 D:CRI700 0.028 D:CRI700 0.037 H:SPVI 0.034
106 J:NDVI2 0.031 J:DSR1 0.027 J:MCARI2 0.040 D:PSNDC 0.028 B:NDWI 0.037 D:CRI700 0.034
107 I:PRI2 0.030 H:SPVI 0.027 J:MTVI2 0.040 D:PSSRC 0.028 A:GEMI 0.037 D:CPSR3 0.034
108 J:CRI500 0.029 G:BRI1 0.027 A:ESUMI1 0.040 J:DSR1 0.026 H:BD 0.037 C:CAINT 0.032
109 B:CAI 0.029 D:PSNDA 0.026 D:NDVI 0.040 J:TGI 0.025 B:PD 0.036 A:EVI 0.029
110 J:-EGFN 0.027 D:JSR 0.025 D:BRSR 0.040 B:LCA 0.024 D:PSSRC 0.036 D:BRSR 0.029
111 J:MTVI2 0.026 I:PSRI 0.025 B:SRWI 0.039 A:ESUMI1 0.024 H:TCARI 0.035 D:PSSRC 0.029
112 J:WUTCARI 0.026 D:PSSRA 0.025 J:BMSR 0.038 A:FSUM 0.023 A:RVIOPT 0.034 D:PSNDC 0.028
113 J:MCARI1 0.026 D:CPSR3 0.025 A:MSAVI1 0.037 H:ESUM2 0.023 G:ZTDP21 0.034 D:WDRVI2 0.028
114 J:-MTVI1 0.026 B:NDLI 0.024 D:WDRVI 0.036 J:BGI1 0.023 A:EVI2 0.034 D:MSR 0.028
115 J:MCARI2 0.025 J:VARI 0.024 H:WUTOR 0.036 A:DVI 0.022 A:RDVI 0.034 F:SIPI 0.028
116 LI:PRI3 0.025 A:ESUMI1 0.023 I:PRI3 0.036 D:BRSR 0.022 G:BDR 0.033 D:JSR 0.028
117 B:NDLI 0.023 D:PSNDC 0.022 J:MCARI1 0.035 A:WDVI 0.021 J:TGI 0.033 D:WDRVI 0.028
118 D:PSNDA 0.023 D:NDVI 0.022 J:MTVI1 0.035 B:NDLI 0.021 A:SAVI 0.032  J:GSUM2 0.027
119 F:NDPI 0.022 J:MTVI2 0.022 D:TSAVI 0.035 D:MSR 0.021 G:BRI2 0.032 D:NDVI 0.026
120 D:CPSR3 0.022 D:WNR 0.022 D:JSR 0.035 A:ZTSUM 0.021 J:WUTCARI 0.029 D:TSAVI 0.024
121 D:WDRVI2 0.022 D:MSR 0.020 D:MSR 0.034 A:PVI 0.021 D:WNR 0.029 D:PSSRA 0.023
122 B:LCA 0.021 D:TSAVI 0.020 D:PSSRC 0.034 A:RVIOPT 0.021 J:DSR1 0.027 D:PSNDA 0.022
123 D:TSAVI 0.021 D:BRSR 0.020 J:CRI500 0.032 D:WNR 0.021 A:MSAVI2 0.027 J:MTVI1 0.022
124 D:JSR 0.021 D:WDRVI 0.020 D:WDRVI2 0.032 A:GEMI 0.020 G:BRI1 0.027 D:SAVI2 0.022
125 D:WDRVI 0.021 D:PSSRC 0.020 D:PSNDC 0.031 A:SAVI 0.020 D:NDVI 0.026  J:CRI500 0.022
126 D:BRSR 0.020 D:WDRVI2 0.019 D:PSNDA 0.030 D:WDRVI2 0.020 D:WDRVI2 0.026 J:MCARI1 0.021
127 D:MSR 0.020 J:MCARI2 0.019 D:CPSR3 0.030 D:NDVI 0.020 A:MSAVI1 0.026 A:FSUM 0.021

Continued on next page
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Table S.21 — Continued from previous page

Chl a +b (ug cm™2)

Chl a (ug cm™?)

Chl b (ug cm™?)

Chla+b (mgg™t)

Chl a (mg g™ ")

Chl b (mg g™ 1)

Rank Cluster:Index! Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster:Index Imp. Cluster: Index Imp. Cluster:Index Imp.
128 D:NDVI 0.020 F:NPQI 0.019 J:GSUM2 0.029 A:RDVI 0.020 D:WDRVI 0.026 B:NDLI 0.021
129 D:PSSRA 0.020 J:MCARI1 0.018 B:WI 0.028 D:JSR 0.020 D:MSR 0.025 D:OSAVI 0.021
130 D:WNR 0.019 F:NDPI 0.018 B:PSR 0.028 D:WDRVI 0.020 D:BRSR 0.025 A:DVI 0.020
131 D:PSSRC 0.018 B:NDNI 0.017 D:PSSRA 0.028 J:WUTCARI 0.020 D:JSR 0.025 D:NLI 0.019
132 J:BGI1 0.018 J:MTVI1 0.016 C:PSSRB 0.027 A:EVI2 0.020 B:NDLI 0.024 J:TVI 0.019
133 J:TVI 0.018 D:SAVI2 0.015 J:PRI 0.027 D:PSNDA 0.019 H:DREIP 0.023 D:TSAVI2 0.019
134 D:PSNDC 0.017 J:BGI1 0.014 J:TVI 0.026 D:TSAVI 0.019 D:TSAVI 0.023 A:PVI 0.019
135 F:SRPI 0.016 B:WI 0.013 D:WNR 0.026 A:MSAVI2 0.018 D:PSNDA 0.022 D:WNR 0.019
136 F:NPCI 0.016 B:LCA 0.013 J:WUTCARI 0.026 D:PSSRA 0.018 D:PSSRA 0.022 J:PRI 0.019
137 D:SAVI2 0.016 B:PSR 0.013 C:PSNDB 0.026 A:MSAVI1 0.017 G:GRRREM 0.016 A:ZTSUM 0.019
138 D:OSAVI 0.013 F:SRPI 0.013 F:SRPI 0.024 H:DREIP 0.014 B:LCA 0.015 A:WDVI 0.019
139 B:PSR 0.013 F:NPCI 0.013 F:NPCI 0.024 J:MTVI2 0.011 J:MTVI2 0.013 A:MSAVI2 0.019
140 D:TSAVI2 0.013 J:TVI 0.012 D:SAVI2 0.023 J:MCARI2 0.011 J:MCARI2 0.012  A:GEMI 0.018
141 B:WI 0.013 D:0OSAVI 0.010 C:CAINT 0.019 D:SAVI2 0.010 D:SAVI2 0.011 A:SAVI 0.018
142 D:NLI 0.012 B:MSI 0.010 D:OSAVI 0.019 J:TVI 0.007 J:MCARI1 0.011 A:ESUM1 0.017
143 B:NDNI 0.011 D:TSAVI2 0.009 D:TSAVI2 0.019 D:NLI 0.006 J:MTVI1 0.011 A:MSAVI1 0.017
144 B:MSI 0.008 D:NLI 0.009 D:NLI 0.018 J:MCARI1 0.006 J:TVI 0.011 J:WUTCARI 0.017
145 B:NDWI 0.008 B:PD 0.008 B:NDLI 0.018 J:MTVI1 0.006 D:NLI 0.007 A:EVI2 0.016
146 B:SRWI 0.008 B:NDWI 0.007 B:NDNI 0.016 D:0OSAVI 0.006 D:0OSAVI 0.006 A:RDVI 0.016
147 B:PD 0.005 B:SRWI 0.006 B:PD 0.007 D:TSAVI2 0.005 D:TSAVI2 0.006 A:RVIOPT 0.016
148 E:WLPD 0.001 E:WLPD 0.000 E:WLPD 0.000 E:WLPD -0.002 E:WLPD -0.002 E:WLPD 0.001

! See Table S.1 for definitions and formulations of spectral vegetation indices.
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Figure S.1: Comparison of cotton leaf chlorophyll a (Chl a) extractions among paired tissue samples from the same cotton leaf (n=2,916) in units
of a) pug cm™?2 for area-basis estimates and b) mg g~! for mass-basis estimates. Samples were collected during a 2019-2020 field study at Maricopa,

Arizona.
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Figure S.2: Comparison of cotton leaf chlorophyll b (Chl b) extractions among paired tissue samples from the same cotton leaf (n=2,916) in units
of a) pug cm ™2 for area-basis estimates and b) mg g~! for mass-basis estimates. Samples were collected during a 2019-2020 field study at Maricopa,

Arizona.
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Figure S.3: Goodness-of-fit statistics for partial least squares regression (PLSR) models that were fit using cotton leaf chlorophyll a (Chl a) and
spectral reflectance data at four different scales (i.e., sample, leaf, plot, and entry) and using two methods to split the data for training and testing
phases (i.e., by experiment and by using an 80% and 20% random split of combined data from both experiments). Results are shown as a) root mean

squared errors (RMSE) and b) coefficients of determination (r?) for area-basis Chl a (ug cm~2) and ¢) RMSE and d) r? for mass-basis Chl a (mg

g™ ).
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Figure S.4: Goodness-of-fit statistics for partial least squares regression (PLSR) models that were fit using cotton leaf chlorophyll b (Chl b) and
spectral reflectance data at four different scales (i.e., sample, leaf, plot, and entry) and using two methods to split the data for training and testing
phases (i.e., by experiment and by using an 80% and 20% random split of combined data from both experiments). Results are shown as a) root mean

squared errors (RMSE) and b) coefficients of determination (1?) for area-basis Chl b (ug cm—2

RMSE and d) r? for mass-basis Chl b (mg g~ 1).
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Figure S.6: Permutation importances (computed as the reduction in model fit score when values of a feature input to random forest models were
permuted) among 10 clusters of 148 spectral vegetation indices for estimation of a) area-basis chlorophyll b (g cm~2) and b) mass-basis chlorophyll
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Figure S.7: Permutation importances (computed as the reduction in model fit score when values of a feature input to random forest models were

permuted) among 14 clusters of 2151 spectral reflectance wavebands at 350-2500 nm for estimation of a) area-basis chlorophyll a (ug cm~2) and b)
mass-basis chlorophyll a (mg g~!).
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Figure S.8: Permutation importances (computed as the reduction in model fit score when values of a feature input to random forest models were

permuted) among 14 clusters of 2151 spectral reflectance wavebands at 350-2500 nm for estimation of a) area-basis chlorophyll b (ug cm~2) and b)
mass-basis chlorophyll b (mg g~ 1).
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