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Extended abstract
Background and Objectives

Heavy metal pollution is one of the most important environmental problems worldwide and measuring their
concentration in the soil is the first step in providing a solution to reduce their risks. However, conventional
methods for estimating the amount of heavy metals in the soil are time-consuming and costly. Imagery and
remote sensing techniques have shown good potential to be an alternative to the routine approaches for moni-
toring heavy metal pollution in soil. The aim of this study was to evaluate the efficiency of multivariate analysis
methods and remote sensing technique to quantify soil contamination with zinc and lead under different land
uses. Previous studies revealed the high concentrations of zinc and lead in Zanjan’ soils cause a serious concern
regarding the health of humans in this province.

Methodology

The study was conducted between the latitude 36° 20" 48" N to 36° 47'45" N, and longitude 48° 15' 51" E to
49° 00' 55" E in Zanjan province. The average daily temperature in the study area is 15.7°C and the mean
annual precipitation is 335 mm. Rangeland, agriculture, industrial and residential areas are the main land uses
in Zanjan. A total of 230 soil samples were collected at depths of 0—10 cm under different land uses from an
area of 3424 Km?at two grids intervals of 1.5 kilometers in industrial and residential areas, and 3 kilometers
in rangeland and agriculture. Before chemical analysis, soil samples were air-dried and sieved. Soil lead and
zinc contents were measured using an atomic absorption spectrometry (Perkin- EImer: AA 200). Radiometric
and geomatic corrections were performed on satellite images and the “special resampling” procedure was used
to resample the 20 m images to 10 m. Thirty spectral indices were determined using Sentinel 2 satellite images.
These indices were reported as practical indices for remote sensing assessment of land condition. The indices
included; NDVI, NDRE, MTVI, MCAR, MNLI, GNDVI, SAVI, LCI, MTCI, PSRI, CI-RedEdge, CI-Green,
NLI, TVI, EVI, STAVI, GRI, LSWI, MSAVI, BI, BI2, RI, Cl and seven spectral ratios. Spectral estimation
models were developed and evaluated by three methods of principal component regression (PCR), partial least
squares regression (PLSR) and support vector machine regression (SVMR). The samples were randomly di-
vided into the validation set (30%) and the calibration set (70 %). Therefore, 161 samples were used for cali-
brating and 69 samples for validating models. Levene’s test was performed to test the variance homogeneity
between calibration and validation sets. The accuracy of models was evaluated using the coefficient of deter-
mination (R?), root mean square error of prediction (RMSEP) and the ratio of predicted deviation (RPD).
Martens’ uncertainty test was used to identify important wavelengths for zinc and lead estimations.

Findings

The range of lead in the studied soils was 40 to 364 mg kg* and the range of zinc was 96 to 824 mg kg™. The
accuracy of spectral models was categorised into excellent (RPD > 2.5 and R? > 0.8), good (2 <RPD < 2.5 and
R2>0.7), moderate (1.5 < RPD < 2 and R? > 0.6) and poor accuracy (RPD < 1.5 and R? < 0.6) based on the
soil spectral accuracy classification, that is presented by Askari et al., (2015 and 2019). The highest concen-
tration of metals was observed in industrial and residential land uses. The SVMR model (RPD>2.6 and
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R2>0.84, RMSE< 40), had a better spectral estimation for both lead and zinc than the PLSR model (RPD> 1.9
and R 0.7, RMSE< 53) and the PCR model (RPD>1.3 and R> 0.45, RMSE< 75). Red-edge and infrared
range were identified as the most effective wavelength ranges for monitoring the contamination of lead and
zinc in soil. Brightness and modified triangular vegetation index were the most effective indicators for spectral
estimation of lead and zinc in the studied soils. The SVMR model showed high accuracy and the PLSR model
showed acceptable accuracy for evaluating and monitoring lead and zinc contamination using Sentinel 2 im-
ages. Comparing the predicted and measured values of heavy metals with a 1:1 line showed an overestimation
for low values of lead and zinc, and an underestimation for high values of lead and zinc.

Conclusion

This study revealed that the method of multivariate analysis and remote sensing data could provide a practical
approach for rapid and quantitative assessment of soil heavy metal pollution in Zanjan province and areas with
similar soil conditions. An accurate prediction of heavy metal pollution can be acquired using freely available

Sentinel-2 multispectral imagery system.

Keywords: Heavy metals , Sentinel 2, Soil pollution , Spectral index, Spectral prediction models
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NDVI (NIR — Red) (Hollberg and Schellberg, 2017)
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NDRE (NIR — RedEdg) (Clevers and Gitelson, 2013)
(NIR + RedEdg)
SAVI (1+ L)X (NIR — Red) (Rondeaux et al., 1996)
(NIR + Red) + L
MTVI 1.2[1.2(NIR — Green) — 2.5(Red — Green)] (Haboudane et al., 2004)
MCAR ((RedEdg — Red) — 0.2) x (RedEdg (Daughtry et al., 2000)
— Green) X (RedEdg/Red)
LClI (NIR — RedEdg) (Hollberg and Schellberg, 2017)
(NIR — Red)
MTCI (NIR — RedEdg) (Dash and Curran, 2004)
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RedEdg etal., 2003)
Cl-Green NIR (Clevers and Gitelson, 2013; Gitelson
Green - etal., 2003)
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NLI (NIR? — Red) (Goel and Qin, 1994)
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SR3 Red (Sims and Gamon, 2002)
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13.
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23.

Non Linear Index

. Transformed Vegetation Index
Enhanced Vegetation Index

Soil Adjusted Total Vegetation Index
Green-Red Vegetation Index

Land Surface Water Index

Modified Soil Adjusted Vegetation Index
. Brightness Index

. The Second Brightness Index

. Redness Index

Colour Index
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. Normalized Difference Vegetation Index

. Normalized Difference Red-Edge

. Modified triangular vegetation index

. modified chlorophyll absorption ratio index

. Modified Nitrogen Reflectance index

. Green Normalized Difference Vegetation Index
. Soil Adjusted Vegetation Index

. Leaf Chlorophyll Index

9.

MERIS Terrestrial Chlorophyll Index

10 . Plant Senescence Reflectance Index
11 . Red-edge Chlorophyll Index
12 . Green Chlorophyll Index
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(Lu etal., 2014)

(De Sousa et al., 2017)

Nellis and Briggs (1992)

Huete et al. (2002)

pSWIR2 Marsett et al. (2006)

Tucker (1979)
Xiao et al. (2004)

Askari et al. (2019)

Bl J(pRed X pRed) + (pGreen X pGreen) Askari et al. (2019)
2
BI2 J(pRed x pRed) + (pGreen x pGreen) + (pNIR Askarietal. (2019)
2

RI pRed — pGreen Pouget et al. (1990)
pRed + pGreen

Cl pNIR Pouget et al. (1990)
pRed

ol e s ¢ S5 Sl oole PLSR (s,
Sl 850800 iy lad s S5 ) (pals S8 S5a
S50 U0 el @le o S (YA GLKen 5 S)
5 Sor) ol S gla S35 Gaadl cuga suliil
Toles 0aiSB Ve S iy Gl 5a (YWY oIS
cds L85 4 Wl sad soliiel sledas sl (51
Slass Glsie 4 50 9 cow S gl LB sl
5 Lul OBl @y ad plebd cwbs Jole
aiole coakd ase g3l Ghys 3 aee slageala
S ol & seen S5 e SVMR bg s i suliiol
358l e 9 saal sladle (b S el pluisy
GBS L8 saliiil vy S (S5 85 sla S5
(Y10 SolSan 5 le) ol

Lo Jao (333

3 - Latent Factors

ouldicl v,y 90 slaJus
L SVMR 5 PLSR PCR ¢ saes S, slaus 3
Lole oga Y-daiw sylgale suslad  slasaly
@l et sl e 5 5o ol @SB Sall
il s (sl L ool wamyu Vo 3 I3l 5 alS a
(€508 ) i Hliel gl e, ¥ 5 (G0 V1Y)
23 B0 5w saolEe 9yl sl 4wk suliil
ol 58 PCR i, 5 salitied) b iubey] oy g0 dilaie
s3I PCR (slgdas (518 Jlal dal e Vo Sl Tl (o,
o 51 glos S5 4 il e i 5 il Bles 5 ead
o ad (plelid ulin <dl 3o slass (lsie 4 55
cuald aue G 9e3] 5 age slagadls 5 Lasl il

s saldind Tyl

1 - Components
2- Martens’ Uncertainty Test



Ad

D)AMADJJW9AJ).>U)‘DJLMILdb).)u)msdg)ul)bg«f.))?if

M3 8 wom ol glel slus gl cu

dadllos vy 90 sla sSA
Joia 53 o 5 650 0K Sl g bl olis gad
lie (Sl oly las @l o) sud LA Y
oalos i Gtale 3T 3 50 dilaie SIA o (595 5
—uhe o Vo i) ol Gl Gl b ste Hlate
S S 5 55al€ 5 VoA S5 sal) (a 0SS 0 8 S

La suls i3 Guge Jles (b sladas olaol 51 Jus
slasals Gubioly ol 288 L8 Gale)l w)se
3" Dsenl O suliiad b i sliiel 5 il
L 5 PCR, PLSR, SVMR (i), 4w b 595 5 w0
A m.:'l:u K) J_)JT_):' Y‘).‘:\.A‘_)&.LJT _)‘_)5‘{.\_)3 :)‘ saldi
Win (R?) s oy 3 soliil U laJue o Slac

i b, (RPD?) 5yl

Cay g alis
OllKan 5 wlld ) sl o 3158 5a SE Lo @il ol
(Y-\V
sl 3T 0, 90 dilaie SIA o G pes 9 S5, @I (5 bl Blis gl —Y J gua
(Pb) s (Zn) 530 sobel sxal,l
(mg kg) (mg kg)
AAAA \Ve/ay oSole
YY/Vo AYY/Vo G
‘- a1/Ye LS
04/Y\ WY/ A Sl l,asl
Vo 0- (Pla) S Lo b i clile

o) LAY Wb oy HLas G 5 4 bgs ye il
9 VYo VWY s b ocdba ) A wb
L s haie 9ysT s Lo 1y 53l fusian (Foly/T
s @le VY sl AY sl .ssls PCR i,
Sfle Garn S5 s LA 8L 5 e s S,
sl gy sbageals Gl o o
L wSa) MTVE geals 5 Bl BI2 glageals
5580 Gt (FY AN S HVYA/YT V[0 oy
BB G 955 59 Lpadls ple € e |

:):"BLSJJ:)B‘L:‘LJ:‘J"‘LSL“"J‘Ag;"““)).‘@m'(\ds‘j‘)

3. Ratio of Predicted Deviation

S Sogllaggl oy Ldub slacals osbwlid
(S &l 518 s

stk slbagaals 5 Ll HLoo) Hskie 4
lrs S 58 555 5w (Sl asslnos S35
B (oo 9550 PLSR 5 PCR (hg, 50 (Ssaw S,
s
PCR a9,

YV 5 Sl WY 4 by Gae S5 culas
5 soliieal b sad 5,50 i (sladue sl eals

w‘)_):s@l:\:i@m‘émﬁl‘)‘\‘j\ﬁ)JPCR&JJ

1. Levene’s test
2. Unscambler software (version X10.4.1; CAMO soft-
ware, Woodbridge, NJ, USA)



VY Jlo /Y opled YY als / S 5 ST il 4 i

cee 9 L;)S;Ms ‘Jb L;zﬁq A

dibie SK cud « suls olas (Y- ) olLKaa
o bl U S Kol 486 cas dallls 5,50
Sl pead ddots S oS GhalS 5 @S 1
coad LS, 50 SE a5 ST sobe aslie b saiT
SB ik glasals 5 1S 536 age sla S35 o) &S
2 SE Jale 530 G e L sisd oo opmns
slasals 53l S o i Sl paad 5 (5,10
S 138 05515 5 5e08 Gaule sugane 5o Ak
i b b LU 5o aliiee 5ue jsbas WIS e

il S JTsule

09 S 5 oy

(e Ooaen S5 ula L) VY 5 1Y (slawils uls olis
ot (Sle Ga S5 cala L) € A slasil
56 lagaila Gu 5ol 58 ool assT5 5ol 58k
9 (e G X5 o s L) Bl BI2 glageals
oty (& GaSH urd L) MTVE aals
S0 PCR e 5 soliiel b g5, 95T s 1 580
MTVI 5 BI2 .« Bl glagmals aadm Lo (YJS)
99 58 Sl 55T Lo slageals (p 535 olseds
soliiul b dallas 5 g0 dilaie Ho SIA (555 9 0w 8
S gaaa sladlas .o S oLl PCR 3, 5l

o g o g oo o o o
& S [ D=2 =2

IAON
FHOAN
IAOND
N
1NN
IAYS
UYOW
101N

o ya ylasaas sla g ge Jgbo ouian GLis iy o G g

101
10
UsIO-1)

14Sd
INLN
A3
IAYLS
ISW
9
1MS1
INVSW
19
ug
1y

10

S S = o

o 5 61 53 PCR Jus (gaua 8 5 oo o - Jsid

P <0.05 JLaial

" IIII' I

09 S 5 oy

-800

1000

-1200

-1400

-1600

PR I L ——————_ -,,. —— JzL,uA,,I D m——— - —_— ,[/21,,—,,. KA - - I I Zn —

T g g o oo oo o oo o o

JYON
INOND
N
IINW
IAYS
HYOW
101N

o yo ylasane sla g ge Jgbo ouian GLis K5y o (g .

107
3410
UsaI9-|)

14Sd
INLW
(N 1S
24
£4S
S
[
RS
18
A3
I\VLS
IS
149
IMS1
INYSI
18

28

14

10

90 3 611 PCR Jao (gae 8 5 i pud —Y sl

P <0.05 JLaial

PLSR iy,



AY

D)MAQJA.lm?A.‘)DU)‘b.}l.m.wlbg{b)buwsdg)ul)‘bg@f.))aif

Ose S5l na b))V 1 slasl (el s S,
‘/\(5‘.&-\3‘.:5 -ABJ‘J&#JMJJ‘J‘):;E Oﬁ#‘.}:’(g}“
S 0053 Sa0 35 5058 Ggale oo Job s gane Hu € 5T
O &5 pans 51 5o S c0d (2alK L (Y- VA
Seoe oDl (AlS slaghd g (BAK B o

2500

2000
1500
1000
500
o|m i -
. | ] .

- . .-

| =

09 S 5y

€5 YUSa HaPLSR (gladas (ysan S5 s

58 6K 4 wau e SLis colas ol ol sud 1)
setd Supanl 9 W5l QIS S 0130 (1ad3 59 st
el aas ge lsd Jue 5ol T 580 e 5 La ate
lre b)) £ 5T lawl cooe 5B gl sl plas
OS5l L)V 5N slasly o (oo () saes S5
Olss 59 aiBly PLSR Jus 5o 1, 550 G i (A
555 MTVI 5 BI2BI 50 sadk aalllas slaadli
el (VUS) wiis oo 318 05505 5o lagadla

e L) £ g A slawls uls Glas 50 555 S8 ey

- - - - - -

———Iw

1q

4]

€q

¥q

9q

99

29

8q

69
019
Lq
z
€gq
INON
AN
INOND
N
IINW
INVS
HYOW
101N

101
10
U8RI+

1¥Sd
IALI
(N Lys
s
€S
vHS
SuS
S
18
IAL
IA3
IAVLS
IS
149
IMS1
INYSW
18
u8

¥

19

Ghud.\dl%_'u.o6La534Jﬁo&aam&d‘fiop.gﬂyﬁglﬁPLSR Jue () 9aeu S 5 pud Y s
P <0.05 JLaial

3500

3000
2500
2000
1500
1000
500 I
0|l -

-500
1000
1500
2000

C)?:*")f) o o

2500
3000
3500
-4000
-4500
-5000
-5500

1q
«

£q

¥

5q

9

9

99

69
019
1
79
egq
IAGN
ENTY
IAGNO
N
IINW
IAVS
UYOW
10LW

101
10
usIO-)

14sd
IALN

9
IMST
18
u8
1]
10

ISW
INVSW

S RL®a& &S

IAVLS

o yu plasane sla g 9o Jabo ouian Gl K (T (g 59y 3B 139 PLSR Jus () g S 5 o o —¥ Jsuds
P <0.05 Jlaial

O aad e Sl t G aesl 5 sl el el

CSJ‘JL;.AM s..@)t\.&‘ LF;L'“‘J K @MJL\:\.{‘.‘ LSLAGJ‘J

S 53595 9 o (Sl 9,918 sladse anwilis



VoY Jlo /Y oplas ¥V als [ S g O sl 4yt

359153 aRPD aulie .ol oo YA/AN 5 YY/VE (s
I3 PLSR Jus 58 5 V/40 535 PCR Juo sl oy
Jae 4 Gl ws 50 YU PLSR Juso o 5 cal ¥/
595 95153 JaRPD uulis fyiinas .ol jidas PCR
/4% )53 PLSR Jas slys 5 V/¥¢ )5 PCR Jas (sl
PCR Jue & e dus 0 Y+ PLSR Juo Lo S ol
&lss 595 9551 SO RPD Luulie o) 4i8l il 33l
Sl E/VY sl G gl 5 Y/04 l s SVMR Jus
13 5 3o 53 YOPLSR Juo 4 cuds (555, 5B gl 0 &S
RPD ,lafe .cuwl a38ls (i0)38) sum 50 Y0/0 G e 18
§APCR Jus & cud (555 5B 513 SVMR Jue L

.Qua‘):ﬁnts.\a.a)do\’/o E;JA.H\}EG‘#JMJJ

glp Loss  Solas olaml 5 oyls ssag
mienl s @l el s aladl ey & ek il
23 B0 9 oo B 99 gl ladae ads el
Jas aw (K sbas ol sud ada & 5 Y Jolaa
Ol 51 (S gliie glacsy dalllas ol Hu suldinil o) 50
als S S s e s s ol obile
9 o sl aiwly R? 50l PCR (ag, 5o
R PLSR Gligs 5o e e 5+ /0N s sl s
AR 5 /A 3l SVMR igs o s +/AY 5 +/Vo
9 oo ¢ sl sldas Jo RMSE uolis .ol
OB90 o8 VVEY 5€4/V0 S 3 LPCR (g, 59 s

& SVMR s, 59 5 £3/Y0 5 YA/NN iS55 4 PLSR

OBy e 3 Saldiend s s you (513 (oo Lol g (oaieul g Jas ) ok ) 9] s sLadse gulil - gua
PCR, PLSR, SVMR

Method RPD Model R? RMSE
Calibration - 10N FAUY0
PCR /20
Validation A OF/VE
Calibration -IYO YA P
PLSR X/-#
Validation Nia! YAIY'S
Calibration <IAA YYNE
SVMR \7AN
Validation <IN YOIYO

gy 4w ) ouldient b (595 813 (siew jlaiel g oaiuulg Juo ) ouckiaygl 3 sladse alis —FJ gan
PCR, PLSR, SVMR

Method RPD Model R? RMSE
Calibration N YV/SY
PCR \ai
Validation < 1OA YE/AA
Calibration <JAY £/Y0
PLSR V/a¥
Validation “IYA OV/FY
Calibration < JAQ Ya/A5
SVMR Y/04
Validation <IAA £./9-

o bgye 595 5 oo S 58 58 6l osls e i
s 4as .ol PLSR Juo uses s SVMR Jas

(5'3‘)\9—");‘)34&"‘g;"“,)).‘b“’“ia‘-“"‘t.‘@&u“l-‘-“‘):’
(V50 lad<a) Vi) LA b ol aawlis 5 gloalin



A

o)‘\xm.loJJ?u54))?0)‘o.)l.nuvlLﬁdb).)uwﬁda)u‘)b@g.})aif

il b aalllas ol b LA st (5 S50l
(Y.\O)O‘J&Adéd‘}g"‘sd(\‘.\-\) leSAAJou.\JLo
S sla S35 Al 35503 53 SYMR Jue (55553 &S

RO K| FEUV. PRVR R PRI K AR B

PCR
400
300
ﬁ; 200
%
iy
X 100
9
0 ¢ 1
0 100 200 300 400
‘_g| sanliv ﬁblﬁ.ﬂ
400
300
_:;’];
%200
A
2 100
0
0 100

VYo mgkg™ 31 i) oS uolie sl 3557 Gl sl
3551 5 (G50 &l Yor mIkg™ 5l e 5 G sen (sl
o0 18 50 A (gl aiieaa YL sulEe (¢l s ua 31 JieS

ealie b (5518 IR st 0 5T s 53ul8e SVMR Jus

PLSR

400

0 100 200

&l osalin polis

300 400

SVMR

200
sl osmlin polie

300 400

Olad) dilaie o S o es lalis uy 97 4o SVMR 9 PCR PLSR (sladus Juliia b, -0 s

PCR PLSR
1000
1000
800
800 Ei
ke)
3% 600
1§' 600 =
n 400 X 400
= )
a 200 200
9 , 0
0 200 400 600 800 1000 0 500 1000
ol ounlie uolie sl osalie olie
SVMR
1000
800
3 600
2
5 400
2200
9
0
0 200 400 600 800 1000
&l oamline polas

Olady dilaie s (ZN) S (59, 4lude 3,908 s SVMR gPCR PLSR (slajus Jaliie bl —# Jsib



VoY Jlo /Y oplas ¥V als [ S g O sl 4yt

9‘5);\“&‘.)‘)@‘590 .

YAY L:Vi') JAJ; 4.3-4'4‘.; 84 gdo &Y ‘_J.x_._fﬂ.a.u bJ‘JALo
St (Glaslb AYY) o5 Gssle 5 (sl
o I8 505 58 s Job sugune 353535
MTVI 5 BI2 Bl lageals s ud olulis o) s
ol (Sosll 5 ool cya Lagadls optuel K
—dae o S el dadlbe o) 50 slASIA o S0
LY Jutiw sylsale 4 by b slasuls g5l
Obel 4 Shu3s bl sl 4uia oS 5 slaiel Ll

ol S Saaais
Jualaom@mumjjgdlql&lgd.;\,:g
5 oo 3B gs 58 sl s b 3ssT SVMR
o) o9 .endls PCR Jus s PLSR Juo 4 e (55
B8 =88 gSVMR g, 5l suliied b (oYL sy LS )
456_15)4 i Jo PLSR (3, 5l salanal b J 58
3 oo Sl 550 sl ulie SLISPCR (i,
Slas HLEas Y i saiadis slasals S solail U s 9,
e gans 0 b g yo G gan S5 culps bl gl 2
xﬁugbﬁf&ku@;m\‘\ J&LASL; VY

S pal5h lie bl U bl 5 olas ol

ouldicyl vy g0 c_.\LL.o

Abdollahi S, Delavar MA and Shekari P, 2012. Spatial distribution mapping of Pb, Zn and Cd and soil pollution
assessment in Anguran area of Zanjan Province. Journal of Water and Soil 26(6):1410-1420. (In Persian
with English abstract)

Ali I, Greifeneder F, Stamenkovic J, Neumann M and No-tarnicola C, 2015. Review of machine learning
approaches forbiomass and soil moisture retrievals from remote sensing data. Remote Sensing 7(12): 221
236.

Askari MS, McCarthy T, Magee A and Murphy DJ, 2019. Evaluation of grass quality under different soil
management scenarios using remote sensing techniques. Remote Sensing 11(15), 1835.

Bolyn C, Michez A, Gaucher P, Lejeune Ph and Bonnet S, 2018. Forest mapping and species composition
using supervised per pixel classification of Sentinel-2 imagery. Biotechnology, Agronomy, Society and
Environment 22(3): 172-187.

Choe E, Kim KW, Bang S, Yoon IH and Lee KY, 2009. Qualitative analysis and mapping of heavy metals in
an abandoned Au-Ag mine area using NIR spectroscopy. Environmental Geology 58(3): 477—482.

Clevers JGPW and Gitelson A, 2013. Remote estimation of crop and grass chlorophyll and nitrogen content
using red-edge bands on Sentinel-2 and -3. International Journal of Applied Earth Observation and
Geoformation 23(1):344-351.

Dash Jand Curran PJ, 2004. The MERIS terrestrial chlorophyll index. International Journal of Remote Sensing
25(23): 5403-5413.

Daughtry CST, Walthall CL, Kim MS, Brown de Colstoun EC and McMurtrey JE, 2000. Estimating corn leaf
chlorophyll concentration from leaf and canopy reflectance. Remote Sensing of Environment 74(2): 229-
239.

De Sousa C, Hilker T, Waring R, De Moura Y and Lyapustin A, 2017. Progress in remote sensing of photo-
synthetic activity over the Amazon Basin. Remote Sensing 9(1): 48-60.

Fard RS and Matinfar HR, 2016. Capability of vis-nir spectroscopy and landsat 8 spectral data to predict soil
heavy metals in polluted agricultural land (Iran). Arabian Journal of Geosciences 9(20):1-14.

Fu XL and Wang QJ, 2017. Inversion analysis of heavy metal pollution in soil in mining disturbed areas based
on remote sensing data: A case study of lanping Zn. Journal of Residuals Science and Technology 14(3):
85-93.

Gilmour J and Kittrick J, 1979. Solubility and equilibria of Zinc in a flooded soil. Soil Science Society of
America Journal 43(5): 890-892.

Gitelson AA, Gritz Y and Merzlyak MN, 2003. Relationships between leaf chlorophyll content and spectral
reflectance and algorithms for non-destructive chlorophyll assessment in higher plant leaves. Journal of
Plant Physiology 160(3): 271-282.


https://www.sciencedirect.com/science/journal/01761617
https://www.sciencedirect.com/science/journal/01761617

) D)AMADJJW9AJ).>U)‘DJLMILdb).)u).wsdg)ul)bgofl)ﬁf

Goel NS and Qin W, 1994. Influences of canopy architecture on relationships between various vegetation
indices and LAI and Fpar: A computer simulation. Remote Sensing 10(4): 309-347.

Gholizadeh A, Boruvka L, Vasat R and Saberioon MM, 2015. Comparing different data preprocessing methods
for monitoring soil heavy metals based on soil spectral features. Soil Water Research 10 (4): 218-227.
(In Persian with English abstract)

Haboudane D, Miller JR, Patery E, Zarco-Tejada PJ and Strachan IB, 2004. Hyperspectral vegetation indices
and novel algorithms for predicting green LAI of crop canopies: Modeling and validation in the context
of precision agriculture. Remote Sensing of Environment 90: 337 — 352.

Hamidi Nehrani S, Askari MS, Saadat S, Delavar MA, Taheri M and Holden NM, 2020. Quantification of soil
quality under semi-arid agriculture in the northwest of Iran. Ecological Indicators. 108:105770-105780.

Hill MJ, 2013. Vegetation index suites as indicators of vegetation state in grassland and savanna: An analysis
with simulated SENTINEL 2 data for a North American transect. Remote Sensing of Environment 137:
94-111.

Hollberg JL and Schellberg J, 2017. Distinguishing Intensity Levels of Grassland Fertilization Using Vegeta-
tion Indices. Remote Sensing 9(1): 81-94.

Huete AR, Didan K, Miura, T, Rodriguez EP, Gao X and Ferreira LG, 2002. Overview of the radiometric and
biophysical performance of the MODIS vegetation indices. Remote Sensing of Environment 83: 195—
213.

Kaya Z, 2006. Pollution. Pp. 1343-1346. In: Lal R, (Ed.). Encyclopedia of Soil Science, Second Edition 2 .
Volume Set. Taylor & Francis Group. New York, USA.

Khalid S, Shahid M, Niazi NK, Murtaza B, Bibi I and Dumat C, 2017. A comparison of technologies for
remediation of heavy metal contaminated soils. Journal of Geochemical Exploration 182: 247—-268.

Lu P, Bai S and Casagli N, 2014. Investigating spatial patterns of persistent scatterer interferometry point
targets and landslide occurrences in the Arno river basin. Remote Sensing 6(8):6817-6843.

Malley DF and Williams PC, 1997. Use of near-infrared reflectance spectroscopy in prediction of heavy metals
in freshwater sediment by their association with organic matter. Environmental Science and Technology
31(12): 3461-3467.

Marsett RC, Qi J, Heilman P, Biedenbender SH, Watson MC, Amer S, Weltz M, Goodrich D and Marsett R,
2006. Remote sensing for grassland management in the arid Southwest. Rangeland Ecology and Manage-
ment 59: 530-540.

Navarro-Pedrefio J, Gdmez |, Almendro-Candel M and Meléndez-Pastor |, 2008. Heavy metals in Mediterra-
nean soils. Pp. 161-176. In: Dominguez J, (Ed.). Soil Contamination Research Trends. New York, USA:
Nova Science Publishers, Inc.

Nellis MD and Briggs JM, 1992. Transformed vegetation index for measuring spatial variation in drought
impacted biomass on Konza Prairie, Kansas. Transactions of the Kansas. Academy of Sciences 1903 (95):
93-99.

Pouget M, Madeira J, Le Floch E and Kamal S, 1990. Spectral characteristics of sandy surfaces in the north-
western coast region of Egypt: Application to SPOT satellite data. In: International Conference of Char-
acterization and Monitoring of Terrestrial Environments in Arid and Tropical Regions. 4-6 December.
ORSTOM, Colloquiums and Seminars Collection, Paris, France.

Pinheiro E, Ceddia M, Clingensmith C, Grunwald S and Vasques G, 2017. Prediction of soil physical and
chemical properties by visible and near-infrared diffuse reflectance spectroscopy in the central amazon.
Remote Sensing 9(4): 293-301.

Ramoelo A, Skidmore AK, Azongcho M, Schlerf M, Mathieu R and Heitkonig I, 2012. Regional estimation
of savanna grass nitrogen using the red-edge band of the spaceborne RapidEye sensor. International Jour-
nal of Applied Earth Observation and Geoinformation 19(1):151-162.

Rondeaux G, Steven M and Baret F, 1996. Optimization of soil-adjusted vegetation indices. Remote Sensing
of Environment 55(2): 95-107.

Sims D and Gamon JA, 2002. Relationships between leaf pigment content and spectral reflectance across a
wide range of species, leaf structures and developmental stages. Remote Sensing of Environment 81: 337-
354.

Smith MO, Ustin SL, Adams JB and Gillespie AR, 1990. Vegetation in deserts: I. Regional measure of abun-
dance from multispectral images. Remote Sensing of Environment 31: 1-26.

Sposito G, 2008. The Chemistry of Soils. 2" Ed. New York. Oxford University Press. 344 p.


https://www.sciencedirect.com/science/journal/00344257
https://www.sciencedirect.com/science/journal/00344257

VoY Jlo /Y oplas ¥V als [ S g O sl 4yt ey 6ySme ol uiso ay

Tucker CJ, 1979. Red and photographic infrared linear combinations for monitoring vegetation. Remote Sens-
ing of Environment 8: 127-150.

Yang K, Pinker RT, Koike YMT, Wonsick MM, Cox SJ, Zhang YC and Stackhouse P, 2008. Evaluation of
satellite estimates of downward shortwave radiation over the Tibetan Plateau. Journal of Geophysical
Research: Atmospheres 113:207-2109.

Yari Y, Momtaz HR and Taheri M, 2016. Spatial distribution of some heavy metals in soils of Zanjan industrial
region. Water and Soil Science 26(4.1): 223-236. (In Persian with English abstract)

Wang F, Gao J and Zha Y, 2018. Hyperspectral sensing of heavy metals in soil and vegetation: Feasibility and
challenges. Journal of Photogrammetry and Remote Sensing 136: 73-84.

Westerman REL, 1990. Soil Testing and Plant Analysis, SSSA, Madison, Wisconsin, USA.

Xiao X, Zhang Q, Braswell B, Urbanski S, Boles S, Wofsy SC, Moore B and Ojima D, 2004. Modeling gross
primary production of a deciduous broadleaf forestusing satellite images and climate data. Remote Sens-
ing of Environment 91: 256-270.



